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Executive Summary 
The objective of this two-day Lecture Series is to present the current state-of-the-art in navigation sensors 
and system integration technology through the improved use of advanced, low-cost navigation sensor 
technologies. Lecturers will present material that provides an understanding of the issues faced by today’s 
system designers. Through this Lecture Series, the technical community will be updated on sensors and 
current integration techniques as practiced by leading experts in the field. The Lecture Series includes 
information to bring the audience up-to-date with current practices, as well as, information on sensors, 
algorithms, and applications. Technology trends and applications are described for navigating in difficult 
environments where typical GPS receivers do not function.  


The first day begins with an overview paper that focuses on accuracy and other technology trends for inertial 
sensors, Global Positioning Systems (GPS), and integrated strapdown Inertial Navigation System (INS/GPS) 
systems that will lead to better than 1-meter accuracy navigation systems of the future. The paper provides 
the rationale for the remaining papers. The second paper starts with a brief overview of inertial sensing and 
the technology trends underway. Discussions are presented on gyro and accelerometer technology 
development, with specific emphasis on designs and performance of Ring Laser Gyros, Fiber Optic Gyros, 
and MEMS sensors. The third paper discusses MEMS in depth. The specific advantage of MEMS in 
ruggedness and size is demonstrated with reference to specific applications, such as guided munitions.  
The fourth paper discusses some of the ongoing activities in the technology development of small inertial 
navigation sensors and augmentation sensors that could be used to improve performance in applications with 
little or no GPS signal. The fifth paper focuses on INS/GPS integration architectures including “loosely 
coupled”, “tightly coupled”, and “deeply integrated” configurations. The advantages and disadvantages of 
each level of integration are discussed. In the sixth and final paper of the first day, the three major INS/GPS 
systems architectures discussed in the previous paper will have their performance compared for various 
mission scenarios.  


The second day of the Lecture Series focuses on applications involving limited GPS availability. The first 
paper focuses on the latest technology trends for navigating in difficult environments where typical GPS 
receivers do not function. Alternative navigation technologies based on electro-optical techniques will be 
described. These include optically aided and ladar-aided INS. The second paper focuses on multi-sensor 
fusion for navigation in difficult environments. A generic multi-sensor fusion approach is presented and 
simulation and experimental results are presented. The third paper discusses reliable and high precision 
pedestrian positioning in GPS denied environments, as well as, presenting purely inertial-based 
Simultaneous Localization and Mapping techniques. A Round Table will conclude the Lecture Series. 
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Synthèse 
L’objectif de cette suite de conférences de deux jours était de présenter l’état de l’art en matière de capteurs 
de navigation et de technologie d’intégration des systèmes avec une meilleure utilisation de technologies 
évoluées et à bas coût de capteurs de navigation. Les conférenciers ont présenté le matériel qui permettait de 
comprendre les problèmes auxquels sont confrontés les concepteurs actuels des systèmes. A travers cette 
suite de conférences, la communauté technique a reçu une mise à jour sur les capteurs et les techniques 
d’intégration actuelles telles qu’elles sont pratiquées par les meilleurs experts du domaine. La suite de 
conférences comprenait des travaux dirigés afin que les auditeurs soient informés sur les pratiques actuelles 
mais aussi sur les capteurs et leurs applications. Des orientations technologiques ainsi que des applications 
ont été décrites pour la navigation en environnement difficile, là où les récepteurs GPS classiques ne 
fonctionnent pas. 


Le premier jour a commencé par une vue d’ensemble mettant l’accent sur la précision et les autres 
orientations technologiques pour les capteurs inertiels, le Global Positioning Systems (GPS) et les Systèmes 
de Navigation Inertiels intégrés (INS/GPS) qui porteront la précision des systèmes de navigation futurs à 
moins d’un mètre. Le document donnait son point de vue sur les documents suivants. Le second document 
commençait par une vue d’ensemble courte sur le sensing inertiel et les orientations technologiques en cours. 
Les débats sur le développement technologique des accéléromètres et des gyroscopes ont été présentés, 
l’accent étant particulièrement mis sur la conception et les performances des gyroscopes à laser 
périphériques, des gyroscopes à fibres optiques et des capteurs MEMS. Le troisième document aborde les 
MEMS en profondeur. Il démontre les avantages spécifiques de taille et de robustesse des MEMS en se 
référant à des applications spécifiques telles que les munitions guidées. Le quatrième document traite de 
quelques unes des activités en cours pour le développement technologique des petits capteurs de navigation 
inertielle et des capteurs de renforcement qui pourraient être utilisés afin d’améliorer les performances dans 
les applications avec peu ou pas de signal GPS. Le cinquième document s’intéresse aux architectures 
d’intégration INS/GPS comprenant les configurations « légèrement couplé », « fortement couplé » et 
« profondément intégré ». Les avantages et les désavantages de chaque niveau d’intégration sont examinés. 
Dans le sixième et dernier document du premier jour, les trois principales architectures des systèmes 
INS/GPS examinées dans le document précédent ont été comparées suivant leurs performances dans divers 
scénarios de missions. 


La seconde journée de cette série de conférences se concentre sur les applications mettant en jeu une 
disponibilité limitée du GPS. Le premier papier mettra l’accent sur les dernières orientations technologiques 
permettant la navigation en environnement difficile, là où les récepteurs GPS classiques ne fonctionnent pas. 
On décrira les technologies alternatives de navigation utilisant l’optronique, parmi lesquelles les INS 
hybridés avec optique et ladar. Le second exposé sera consacré à la fusion de multi-capteurs pour la 
navigation en milieux difficiles. La présentation sera faite d’une approche générique de fusion de multi-
capteurs, ainsi que sa simulation et ses résultats expérimentaux. Le troisième document traite du 
positionnement fiable et de haute précision des piétons dans des environnements inaccessibles au GPS,  
de même qu’il présente des techniques de localisation et de cartographie simultanées reposant uniquement 
sur l’inertie. Enfin une table ronde conclura cette série de conférences. 
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ABSTRACT 


This paper focuses on accuracy and other technology trends for inertial sensors, Global Positioning Systems 
(GPS), and integrated Inertial Navigation System (INS)/GPS systems, including considerations of 
interference, that will lead to better than 1 meter accuracy navigation systems of the future. For inertial 
sensors, trend-setting sensor technologies will be described. A vision of the inertial sensor instrument field 
and strapdown inertial systems for the future is given. Planned accuracy improvements for GPS are 
described. The trend towards deep integration of INS/GPS is described, and the synergistic benefits are 
explored. Some examples of the effects of interference are described, and expected technology trends to 
improve system robustness are presented. 


1.0 INTRODUCTION 


Inertial navigation systems have progressed from the crude electromechanical devices that guided the early V-
2 rockets (Figure 1a) to the current solid-state devices that are in many modern vehicles. The impetus for this 
significant progress came during the ballistic missile programs of the 1960s, in which the need for high 
accuracy at ranges of thousands of kilometers using autonomous navigation systems was apparent. By 
“autonomous” it is meant that no man-made signals from outside the vehicle are required to perform 
navigation. If no external man-made signals are required, then an enemy cannot jam them. 


 


Figure 1a: V-2 Rocket. 
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One of the early leaders in inertial navigation was the Massachusetts Institute of Technology (MIT) 
Instrumentation Laboratory (now Draper Laboratory), which was asked by the Air Force to develop inertial 
systems for the Thor and Titan missiles and by the Navy to develop an inertial system for the Polaris missile. 
This request was made after the Laboratory had demonstrated in 1953 the feasibility of autonomous all-
inertial navigation for aircraft in a series of flight tests with a system called SPIRE (Space Inertial Reference 
Equipment), Figure 1b. This system had gimbals, was 5 feet in diameter and weighed 2700 pounds. The 
notable success of those early programs led to further application in aircraft, ships, missiles, and spacecraft 
such that inertial systems are now almost standard equipment in military and civilian navigation applications. 


 


Figure 1b: SPIRE System. 


Inertial navigation systems do not indicate position perfectly because of errors in components (the gyroscopes 
and accelerometers) and errors in the model of the gravity field that the INS implements. Those errors cause 
the error in indicated position to grow with time. For vehicles with short flight times, such errors might be 
acceptable. For longer-duration missions, it is usually necessary to provide periodic updates to the navigation 
system such that the errors caused by the inertial system are reset as close to zero as possible. Because GPS 
offers world-wide, highly accurate position information at very low cost, it has rapidly become the primary 
aid to be used in updating inertial systems, at the penalty of using an aid that is vulnerable to interference. 
Clearly, the ideal situation would be low-cost but highly accurate INS that can do all, or almost all, of the 
mission without using GPS. 


The military has had access to a specified accuracy of 21 m (95-percent probability) from the GPS Precise 
Positioning Service (PPS). This capability provides impressive worldwide navigation performance, especially 
when multiple GPS measurements are combined in a Kalman filter to update an INS on a military platform or 
a weapon. The Kalman filter provides an opportunity to calibrate some of the GPS errors, such as satellite 
clock and ephemeris errors, as well as several of the inertial system errors, and when properly implemented, a 
Circular Error Probable (CEP) better than 5m has been observed. In the very near term, accuracies in the 
integrated navigation solution are predicted to improve to the 1 meter level. These accuracies will need to be 
available in the face of intentional interference of GPS, and the inertial system will provide autonomous 
navigation information during periods of GPS outage.  


The following sections describe:  
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• The expected technology trends for inertial sensors and strapdown (no gimbals) systems that can 
support autonomous operation at low cost. The hope is for strapdown INS/GPS systems that are 
smaller than 3 in3 and weigh less than a pound, and possibly cost under $1000. 


• Expected accuracy improvements and implementations for GPS. 


• Issues and benefits of INS/GPS integration, particularly in an environment with interference.  


The combination of a GPS receiver and an accurate, low-cost inertial system will provide the global precision 
navigation system of the future. Figure 2 depicts the “roadmap” to meeting this objective. 
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Figure 2: Roadmap to precision navigation for multiple applications. 


2.0 INERTIAL SENSOR TRENDS 


The major error sources in the inertial navigation system are due to gyro and accelerometer inertial sensor 
imperfections, incorrect navigation system initialization, and imperfections in the gravity model used in the 
computations. But, in nearly all inertial navigation systems, the largest errors are due to the inertial sensors. 


Whether the inertial sensor error is caused by internal mechanical imperfections, electronics errors, or other 
sources, the effect is to cause errors in the indicated outputs of these devices. For the gyros, the major errors 
are in measuring angular rates. For the accelerometers, the major errors are in measuring acceleration. For 
both instruments, the largest errors are usually a bias instability (measured in deg/hr for gyro bias drift, or 
micro g (μg) for the accelerometer bias), and scale-factor stability (which is usually measured in parts per 
million (ppm) of the sensed inertial quantity). The smaller the inertial sensor errors, the better the quality of 
the instruments, the improved accuracy of the resulting navigation solution, and the higher the cost of the 
system. As a “rule-of-thumb,” an inertial navigation system equipped with gyros whose bias stability is 0.01 
deg/hr will see its navigation error grow at a rate of 1 nmi/hr of operation. The navigation performance 
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requirements placed on the navigation system lead directly to the selection of specific inertial instruments in 
order to meet the mission requirements.  


Figure 3, “Current Gyro Technology Applications,” gives a comprehensive view of the gyro bias and scale-
factor stability requirements for various mission applications and what type of gyro is likely to be used in 
current applications (Figures 3 – 9 are revised versions of the figures in Ref. [1]). 
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Figure 3: Current gyro technology applications. 


Solid-state inertial sensors, such as Microelectromechanical System (MEMS) devices, have potentially 
significant cost, size, and weight advantages, which has resulted in a proliferation of the applications where 
such devices can be used in systems. While there are many conventional military applications, there are also 
many newer applications that will emerge with the low cost and very small size inherent in such sensors, 
particularly at the lower performance end of the spectrum. A vision of the gyro inertial instrument field for the 
near-term is shown in Figure 4. Strapdown systems will also be used in most applications. 
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Figure 4: Near-term gyro technology applications. 


The MEMS and Interferometric Fiber-Optic (IFOG) technologies are expected to replace many of the current 
systems using Ring Laser Gyros (RLGs) and mechanical instruments. However, one particular area where the 
RLG is expected to retain its superiority over the IFOG is in applications requiring extremely high scale-factor 
stability. The change to all-MEMS technology hinges primarily on MEMS gyro development. The 
performance of MEMS instruments is continually improving, and they are currently being developed for many 
applications. This low cost can only be attained by leveraging off the consumer industry, which will provide 
the infrastructure for supplying the MEMS sensors in extremely large quantities (millions). The use of these 
techniques will result in low-cost, high-reliability, small-size, and lightweight inertial sensors and the systems 
into which they are integrated. The tactical (lower) performance end of the application spectrum will likely be 
dominated by micromechanical inertial sensors. The military market will push the development of these 
sensors for applications such as “competent” and “smart” munitions, aircraft and missile autopilots, short-
time-of-flight tactical missile guidance, fire control systems, radar antenna motion compensation, “smart 
skins” using embedded inertial sensors, multiple intelligent small projectiles such as flechettes or even 
“bullets,” and wafer-scale INS/GPS systems.  


Figure 5 shows how the gyro technology may possibly be applied to new applications in the far term. The 
figure shows that the MEMS and integrated-optics (IO) systems technology may dominate the entire low- and 
medium-performance range. The rationale behind this projection is based on two premises. The first is that 
gains in performance in the MEMS devices will continue with similar progression to the orders-of-magnitude 
improvement that has already been accomplished in the last decades. That further improvements are likely is 
not unreasonable since the designers are beginning to understand the effects of geometry, size, electronics, 
and packaging on performance and reliability. Second, efforts have already demonstrated how to put all six 
sensors on one (or two) chips, which is the only way to reach a possible cost goal of less than $1000 per 
INS/GPS system. In addition, since many of the MEMS devices are vibrating structures with a capacitive 
readout, this may restrict the performance gains. It is in this area that the integrated optics technology is most 
likely to be required to provide a true solid-state micromechanical gyro with optical readout. At this time, the 
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technology to make a very small, accurate gyro does not exist, but advances in integrated optics are already 
under development in the communications industry. For the strategic application, the IFOG could become the 
dominant gyro. Work is underway now to develop radiation-hard IFOGs as well as super-high-performance 
IFOGs. 
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Figure 5: Far-term gyro technology applications. 


A potentially promising technology, which is in its infancy stages, is inertial sensing based upon cold atom 
interferometry. (Refs. [16], [18]) A typical atom de Broglie wavelength is many times smaller than an optical 
wavelength, and because atoms have mass and internal structure, cold atom interferometers are extremely 
sensitive. Accelerations, rotations, electromagnetic fields, and interactions with other atoms change the atom 
interferometric fringes. This means that atom interferometers could make the most accurate gyroscopes, 
accelerometers, gravity gradiometers, and precision clocks, by orders of magnitude. If this far-term 
technology can be developed, then it could result in a 2 to 5-meter/hour navigation system without GPS, in 
which the accelerometers are also measuring gravity gradients. 


Figure 6, “Current Accelerometer Technology Applications,” gives a comprehensive view of the 
accelerometer bias and scale-factor stability requirements for various mission applications and what type of 
accelerometer is likely to be used in current applications. “Mechanical Instruments” refers to the use of a 
Pendulous Integrating Gyro Assembly (PIGA) which is a mass unbalanced spinning gyroscope used to 
measure specific force. 
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Figure 6: Current accelerometer technology applications. 


Current applications are still dominated by electromechanical sensors, not only because they are generally 
low-cost for the performance required, but also because no challenging alternative technology has succeeded, 
except for quartz resonators, which are used in the lower-grade tactical and commercial applications. MEMS 
inertial sensors have not yet seriously broached the market, although they are on the verge of so doing, 
especially in consumer applications. 


In the near-term (Figure 7), it is expected that the tactical (lower) performance end of the accelerometer 
application spectrum will be dominated by micromechanical accelerometers. As in the case for gyros, the 
military market will push the development of these sensors for applications such as “competent” and “smart” 
munitions, aircraft and missile autopilots, short-time-of-flight tactical missile guidance, fire control systems, 
radar antenna motion compensation, “smart skins” using embedded inertial sensors, multiple intelligent small 
projectiles such as flechettes or even “bullets,” and wafer-scale INS/GPS systems. Higher performance 
applications will continue to use mechanical accelerometers and possibly resonant accelerometers based on 
quartz or silicon. Quartz resonant accelerometers have proliferated widely into tactical and commercial (e.g., 
factory automation) applications. Silicon micromechanical resonator accelerometers are also being developed. 
Both of these technologies have possible performance improvements. 
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Figure 7: Near-term accelerometer technology applications. 


Figure 8 shows how the accelerometer technology may be applied to new applications in the far term. As in 
the case of gyro projections for the future, the figure shows that the MEMS and integrated optics technology 
will dominate the entire low- and medium-performance range. The rationale behind this projection is based on 
exactly the same premises as for the gyros. However, it is likely that the far-term accelerometer technology 
projections will be realized years sooner than the gyro. 
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Figure 8: Far-term accelerometer technology applications. 


Figure 9 shows INS or INS/GPS relative strapdown system cost “projections” as a function of inertial 
instrument technology and performance. The cost of a GPS receiver is likely to be so small that it will be 
insignificant. The systems are classified as: laser gyro or IFOG systems containing various types of 
accelerometer technologies; quartz systems with both quartz gyros and quartz accelerometers; and 
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MEMS/integrated optics systems. The solid line indicates the range of approximate costs expected. Clearly, 
the quantity of systems produced affects the cost; large production quantities would be at the lower end of the 
cost range. The IFOG systems have the potential for lower cost than laser gyro systems because the IFOG 
should be well below the cost of an RLG. However, this has not happened to date, primarily because the RLG 
is in relatively large-volume production in well-facilitated factories and the IFOG is not yet manufactured in 
similar production quantities. Clearly, the MEMS/integrated optics INS/GPS systems offer the lowest cost. 
The ultimate low cost only becomes feasible in quantities of millions. This can be achieved only with multi-
axis instrument clusters and on-chip or adjacent-chip electronics and batch packaging. 
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Figure 9: Strapdown INS cost as a function of instrument technology. 


The ability of silicon-based MEMS devices to withstand high “g” forces has been demonstrated in a series of 
firings in artillery shells where the g forces reached over 6500 g. These small MEMS-based systems, 
illustrated in Figure 10, have provided proof-of-principal that highly integrated INS/GPS systems can be 
developed and led to a recent program where the goal was a system on the order of 3 in3, or 2 in3 for the INS 
alone (Ref. [2]). The size goals were met but the performance goals are still being pursued. The current status 
of a typical MEMS INS is represented by the Honeywell HG1900 with a weight <1 lb., volume <20 cubic 
inches, power <3 watts, gyro bias of 1 to 30 o/hr, and gyro angle random walk of 0.1 o/ hr . This system is in 
production. Another is the HG1930 which has a volume of <4 cubic inches, a gyro bias of 20 0/hr and a gyro 
random walk of 0.15 deg/ hr  (Figure 11). The volumes compare with tactical grade RLG and IFOG systems 
with a volume of about 34in3. These systems also represent 4 orders of magnitude improvement in weight and 
volume over the gimbal system SPIRE, Atlantic Inertial Systems and others have systems. If performance 
improvements can be made, they will come to dominate the entire market. 
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Figure 10: INS/GPS guidance system evolution. 
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Figure 11: Honeywell MEMS IMUs (Ref. [3]). 


3.0 GPS ACCURACY AND OTHER IMPROVEMENTS 


The accuracy specification that is currently applicable to the GPS results in a precise positioning (PPS) of a 
GPS receiver operating with the military P(Y) code of approximately 10 m (CEP) in the WGS-84 coordinate 
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system. Recent advances and programs to improve GPS accuracy have contributed to the real possibility of 
developing INS/GPS systems with smaller than 1-m CEP in the near term. This section will discuss these 
items.  


The accuracy of the GPS PPS provides impressive navigation performance, especially when multiple GPS 
measurements are combined in a Kalman filter to update an INS. The Kalman filter provides an opportunity to 
calibrate the GPS errors, as well as the inertial errors, and when properly implemented, CEPs better than 
either system are achievable. 


In assessing GPS accuracy in the mid 1990’s, the largest error sources were in the space and control segment. 
The space segment dominant errors are: ionospheric errors, tropospheric errors, satellite clock errors, and 
satellite ephemeris with the latter two errors being dominant. The ionospheric errors can be reduced by using a 
two-frequency receiver (L1 and L2) and tropospheric errors can be reduced by using a deterministic 
compensation model. Table 1 gives a typical 1995 absolute GPS error budget (Ref. [4], p. 105). Horizontal 
Dilution of Precision (HDOP) is a geometrical factor that is a function of the geometry between the GPS 
receiver and the tracked satellites. For tracking four satellites, HDOP is typically 1.5. Then with a user 
equivalent range error (UERE) of 3.8m, and applying the approximate formula, CEP = (0.83) (HDOP) 
(UERE), the resulting CEP is 4.7 m. 


Beginning in the mid 1990’s various accuracy improvement programs were begun (Refs. [4] – [7]) to reduce 
the clock and ephemeris errors listed in Table 1. These errors can be reduced by sending more accurate and 
more frequent ephemeris and clock updates to the satellites from the control segment. In addition, if 
pseudorange corrections for all satellites are uploaded in each scheduled, individual satellite upload, then a 
PPS receiver can decode the messages from all satellites it is tracking and apply the most recent correction set. 
Increasing the upload frequency to three uploads per day for each satellite is expected to improve the 
combined error contribution of clock and ephemeris for PPS users by 50% by substantially decreasing the 
average latency of 11.5 hours in the data broadcast by the satellites. 


Table 1: “Typical” absolute GPS error budget (circa 1995). 


 GPS Noise - Like Range Errors 1σ Values (m)
Multipath 0.6


Receiver noise 0.3


RMS noise - like error 0.7


GPS Bias - Like Range Errors 1σ Values (m)
Satellite ephemeris 1.4


Satellite clock 3.4


Atmospheric residual 0.2


RMS bias - like error 3.7


User equivalent range error (UERE) = (0.72 + 3.72)1/2=3.8m 


 


 


  


CEP = (0.83) (UERE) (HDOP) = 4.7m if HDOP = 1.5  
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In another phase of the program called the Accuracy Improvement Initiatives, the data from National 
Geospatial Agency (NGA) GPS monitoring sites were integrated with data from the six existing Air Force 
monitoring sites in the operational control segment (OCS). By including additional data from the NGA sites, 
which are located at higher latitudes than the Air Force sites, an additional 15-percent improvement in 
combined clock and ephemeris accuracy is predicted. Improvements to the Kalman filter that is used in the 
ground control segment to process all the satellite tracking information can further reduce the errors by 15 
percent. In addition, by incorporating better dynamical models in the filter, another 5-percent improvement 
may be anticipated. Table 2 summarizes these predicted accuracy improvements (Ref. [4], p. 102). 


 
Table 2: Planned reduction of combined clock and ephemeris errors over 1995 existing combined error. 


Anticipated Combined Clock
and Ephemeris Error


Enhancement Improvement over Existing
Combined Error of 3.7 m (1σ)


Correction Updates 1.8 m
(50% reduction)


Additional Monitor Stations 1.5 m
(additional 15% reduction)


Non partitioned Kalman Filter 1.3 m
(additional 15% reduction)


Improved Dynamic Model 1.2 m
(additional 5% reduction)  


Figure 12 shows the additional six NGA sites added in the initial stages of the Accuracy Improvement 
Initiative. The final five NGA sites included were at even higher latitudes to provide even more tracking data 
and additionally provide triple ground station usability of every GPS satellite. 







INS/GPS Technology Trends 


RTO-EN-SET-116(2011) 1 - 13 


 


 


 


Figure 12: OCS and NGA Tracking Stations. 


Improvements in the GPS Master Station Control Segment software such as implementing a non-partitioned 
Kalman filter and improved dynamic models are presented in Figure 13. 


 


Figure 13: OCS Data Flow After Implementation of Accuracy Improvements. 
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After all of these improvements, a ranging error on the order of 1.4 m is a reasonable possibility with the 
atmospheric residual unchanged. With all-in-view tracking (HDOP approximately 1.0), CEPs on the order of 
1 m appear quite possible in the near term. CEP=(0.83) (1.0) (1.4) = 1.1 m. If then, multiple GPS 
measurements are combined with an inertial system and Kalman Filter, better than 1 m accuracy should result.  


To illustrate the benefits of the various GPS improvements, a simulation was conducted with an error model 
for a typical INS whose errors would result in 1.0 nmi/h error growth rate without GPS aiding. After 30 
minutes of air vehicle flight including GPS updates every second, with all of the GPS accuracy improvements 
included, less than 1 meter CEP is obtained as shown in Table 3. 


Table 3: Tightly coupled INS/GPS System-Air Vehicle Trajectory (@30 min). 


 CLOCK AND EPHEMERIS ERROR (1σ)


 


CEP (m)
ALL IN VIEW TRACKING                                 8 SATELLITES 


1995 Model  – 3.7 m 2.97 m


Correction Updates  – 1.8 m   1.46 m


Additional Monitor Stations – 1.5 m 1.22 m


Non - partitioned Kalman Filter – 1.3 m 1.06 m


Improved Dynamic Model – 1.2 m 0.98 m
 


Another significant improvement in GPS for military systems will be the introduction of the M-code in GPS 
III, which is designed to be more secure and have better jamming resistance than the current Y code (Ref. 
[17]). The system is being designed such that a higher power signal (+20 dBW over current signal levels) will 
be available for localized coverage over an area of operations to boost signal jamming resistance. This 
significant improvement (M-code spot beam) is scheduled for the GPS-III phase of the GPS modernization 
process. 


4.0 INS/GPS INTEGRATION 


Many military inertial navigation systems could be replaced with less accurate inertial systems if it were 
guaranteed that GPS would be continuously available to update the inertial system to limit its error growth. A 
less accurate inertial system usually means a less costly system. However, given the uncertainty in the 
continuous availability of GPS in most military scenarios, an alternate way to reduce the avionics system cost 
is to attack the cost issue directly by developing lower-cost inertial sensors while improving their accuracy 
and low noise levels, as described in the “Inertial Sensor Trends” section. For applications without an 
interference threat, in the future, GPS updating is expected to provide better than 1-m navigation accuracy 
(CEP) when used in conjunction with an INS. The benefits and issues in using INS augmented with GPS 
updates, including a discussion of interference issues, have been presented in many references. Systems 
currently in use tend to be classified as either “the loosely coupled approach” or “the tightly coupled 
approach” (Figures 14 and 15 and Ref. [8]). 
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Figure 14: Loosely coupled approach. 
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Figure 15: Tightly coupled approach. 


The most recent research activity is a different approach called “deep integration” (Figure 16, Refs. [9] and 
[10]). In this approach, the problem is formulated directly as an estimation problem in which the optimum 
(minimum-variance) solution is sought for each component of the multidimensional navigation state vector. 
By formulating the problem in this manner, the navigation algorithms are derived directly from the assumed 
dynamical models, measurement models, and noise models. The solutions that are obtained are not based on 
the usual notions of tracking loops and operational modes (e.g., State 3, State 5, etc.). Rather, the solution 
employs a nonlinear filter that operates efficiently at all jammer/signal (J/S) levels and is a significant 
departure from traditional extended Kalman filter designs. The navigator includes adaptive algorithms for 
estimating post-correlation signal and noise power using the full correlator bank. Filter gains continuously 
adapt to changes in the J/S environment, and the error covariance propagation is driven directly by 
measurements to enhance robustness under high jamming conditions. 
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Figure 16: INS/GPS deep integration. 


In this system, individual satellite phase detectors and tracking loop filters are eliminated. Measurements from 
all available satellites are processed sequentially and independently, and correlation among the line-of-sight 
distances to all satellites in view is fully accounted for. This minimizes problems associated with unmodeled 
satellite signal or ephemeris variations and allows for full Receiver Autonomous Integrity Monitoring (RAIM) 
capability. 


Extended-range correlation may be included optionally to increase the code tracking loss-of-lock threshold 
under high jamming and high dynamic scenarios. If excessively high jamming levels are encountered (e.g., 
beyond 70-75 dB J/S at the receiver input for P(Y) code tracking), the GPS measurements may become so 
noisy that optimal weights given to the GPS measurements become negligible. In this situation, navigation 
error behavior is essentially governed by current velocity errors and the characteristics of any additional 
navigation sensors that are employed, such as an INS. Code tracking is maintained as long as the line-of-sight 
delay error remains within the maximum allowed by the correlator bank. If there is a subsequent reduction in 
J/S so that the optimal weights become significant, optimum code tracking performance is maintained without 
the need for reacquisition. Detector shapes for each correlator depend on the correlator lag and rms line-of-
sight delay error.  


Experiments have shown an improvement in code tracking of about 10 to 15 dB in wideband A/J capability 
for this architecture. Another 5 dB might be possible with data stripping to support extended predetection 
integration. Given that the implementation is done in software, it would be expect to be used in many future 
INS/GPS implementations. “Deep integration” is trademarked by the C.S. Draper Laboratory, Inc. 


5.0 INS/GPS INTERFERENCE ISSUES 


Interference to the reception of GPS signals can be due to many causes such as telecommunication devices, 
local interference from signals or oscillators on the same platform, or possibly radar signals in nearby 
frequency bands. Attenuation of the GPS signal can be caused by trees, buildings, or antenna orientation, and 
result in reduced signal/noise ratio even without interference. This loss of signal can result in an increase in 
effective jammer/signal (J/S) level even without intentional jamming or interference. The minimum received 
signal power at the surface of the Earth is about -155dBW, a level easily overcome by a jammer source.  
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Military receivers are at risk due to intentional jamming. Jammers as small as 1 W located at 100 km from the 
receiver can possibly prevent a military receiver from acquiring the satellite signals and “locking-on” to C/A 
code. Representative jammers are shown in Figure 17. Larger jammers are good targets to find and to attack 
because of their large radiated power. Smaller jammers, which are hard to find, need to be defended against by 
improved anti-jam (A/J) technologies within the receiver, improved antennas, or by integration with an 
inertial navigation system. Proponents of high-accuracy inertial systems will generally argue that a high anti-
jam GPS receiver is not required, while receiver proponents will argue that using a higher A/J receiver will 
substantially reduce inertial system accuracy requirements and cost. Both arguments depend entirely on the 
usually ill-defined mission and jamming scenario.  


 ERP =  Equivalent Isotropic Radiated Power ERP =  Equivalent Isotropic Radiated Power 


 


Figure 17: Jammer possibilities. 


What has generally become accepted is that the GPS is remarkably vulnerable to jamming during the C/A 
code acquisition phase where conventional receiver technology has only limited jammer tolerability (J/S - 27 
dB) (Refs. [10], [11], [12]). A 1-W (ERP) jammer located at 100 km from the GPS antenna terminals could 
prevent acquisition of the C/A code. Figure 18 is very useful in determining trade-offs between required A/J 
margin and jammer power. A 1-W jammer is “cheap” and potentially the size of a hockey puck. Furthermore, 
the C/A code can be spoofed by an even smaller power jammer. So generally, a GPS receiver cannot be 
expected to acquire the C/A code in a hostile environment.  
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Figure 18: GPS jamming calculations. 


For long-range cruise missile type applications, the C/A code could be acquired outside hostile territory and 
then the receiver would transition to P(Y) code lock, which has a higher level of jamming immunity. A 1-kW 
(ERP) jammer at about 100 km would now be required to break inertially-aided receiver code lock at 54 to 57 
dB. As the weapon approaches the jammer, jammer power levels of about 10 W would be effective in 
breaking P(Y) code lock at 10 km (see Figure 19). 
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Figure 19: Possible A/J capabilities. 


As previously mentioned, the “deep integration” architecture for combining INS and GPS may allow for 
tracking GPS satellites up to 70 – 75 dB J/S, an improvement of 15 to 20 dB above conventional P(Y) code 
tracking of 54 to 57 dB. If future increases of 20 dB in broadcast satellite power using the M-code spot beam 
(M spot) are also achieved (Ref. 17), nearly 40 dB of additional performance margin would be achieved, so a 
jammer of nearly 100 kW would be required to break lock at 10 km. Furthermore, new receiver technology 
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with advanced algorithms and space-time adaptive or nulling antenna technologies might also be incorporated 
into the system, further increasing its A/J capability significantly.  


Recently (Figure. 20) Honeywell and Rockwell Collins created a joint venture, Integrated Guidance Systems 
LLC, to market and produce a series of deep integration guidance systems. The IGS-202, for example, is  
G-hardened for artillery applications (15,750G), has a volume 16.5 in3, weighs < 1.25 lb., is based on the 
1930G Honeywell MEMS IMU, and with deep integration and 2-channel digital nulling, the system 
supposedly has 80 – 90 dB J/S against a single jammer. The IGS-250 has a volume one-half of the IGS-202. 


16.5 cubic inches
2 channel digital nulling
< 5 meter CEP


SAASM L1/L2 All In View (12 satellites)
A/J > 88 db Broadband (tracking)


> 59 db broadband (Direct Y “acquisition”)


7.8 cubic inches
2 channel digital nulling
< 4 meter CEP


 
Figure 20: IGS-202 and IGS-250 Deeply Integrated Guidance Systems (Ref. [3]). 


If A/J performance is increased significantly, then the jammer power must also be increased significantly.  
A large jammer would present an inviting target to an antiradiation, homing missile. In the terminal area of 
flight against a target, the jammer located at the target will eventually jam the receiver, and the vehicle will 
have to depend on inertial-only guidance or the use of a target sensor. Thus, it is important to ensure that 
accurate guidance and navigation capability is provided to meet military mission requirements against 
adversaries who are willing to invest in electronic countermeasures (ECM). This fact is true today and is 
expected to remain so in the foreseeable future. Figure 21 summarizes electronic counter-countermeasures 
(ECCM) techniques.  
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Figure 21: Valuable ECCM technologies and techniques. 


6.0 CONCLUDING REMARKS 


Recent progress in INS/GPS technology has accelerated the potential use of these integrated systems, while 
awareness has also increased concerning GPS vulnerabilities to interference. Accuracy in the broadcast GPS 
signals will allow 1 meter INS/GPS accuracy. Many uses will be found for this high accuracy. In parallel, 
lower-cost inertial components will be developed and they will also have improved accuracy. Highly 
integrated A/J architectures for INS/GPS systems will become common, replacing avionics architectures 
based on functional black boxes where receivers and inertial systems are treated as stand-alone systems. 


For future military and civilian applications, it is expected that the use of INS/GPS systems will proliferate 
and ultimately result in worldwide navigation accuracy better than 1 m, which will need to be maintained 
under all conditions. It can be expected that applications such as personal navigation systems, micro air 
vehicles (MAV), artillery shells, and automobiles will be quite common, see Figure 22. Other applications 
will certainly include spacecraft, aircraft, missiles, commercial vehicles, and consumer items. 
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Figure 22: Examples of potential applications. 
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ABSTRACT 


For many navigation applications, improved accuracy/performance is not necessarily the most important 
issue, but meeting performance at reduced cost and size is. In particular, small navigation sensor size allows 
the introduction of guidance, navigation, and control into applications previously considered out of reach 
(e.g., artillery shells, personal navigation). Three major technologies have enabled advances in military and 
commercial capabilities: Ring Laser Gyros (RLGs), Fiber-Optic Gyros (FOGs), and Microelectromechanical 
Systems (MEMS) gyros and accelerometers. These technologies have generally replaced most mechanical 
gyros and many accelerometers in all but the higher accuracy applications. Mechanical sensors are a highly 
mature technology and are not discussed herein. RLGs and FOGs are now mature technologies also, although 
there are still technology advances underway for FOGs that may lead to miniature FOGS with relatively high 
performance. This is based on photonic crystal fibers that offer low loss and improved minimum bend radius 
limit. The Hemispherical Resonant Gyro (HRG) is also a mature technology with a niche in space 
applications and is briefly discussed. MEMS sensors are now widely available at the commercial level and 
starting to be available at the tactical performance level. These are based on numerous types of MEMS gyro 
designs using the Coriolis vibratory gyro principle. However, these have not yet matched the performance of 
tactical-grade RLGs and FOGs. Technology developments in the fields of optical gyros and MEMS gyros and 
accelerometers are described herein, based on ongoing advances in the inertial community. Emphasis is on 
MEMS sensor design and performance since it remains a very active development area. A relatively new 
technology based on cold atom interferometry is briefly discussed. Finally, predictions are made of how 
inertial sensor technology is expected to progress in the future. 


1.0 INTRODUCTION 


The science of guidance, navigation, and control (GN&C) has been under development for over 100 years. 
Many exciting developments have taken place in that time, especially in the area of navigation sensors [Refs. 
1-18]. Today, to understand fully the entire range of navigation sensors, one needs to know a wide range of 
sciences, such as mechanical engineering, electronics, electro-optics, and atomic physics. Sensors are often 
compared on the basis of certain performance factors, such as bias and scale-factor stability and repeatability 
or noise (e.g., random walk). Sensor selection is made difficult by the fact that many different sensor 
technologies offer a range of advantages and disadvantages while offering similar performance. Nearly all 
new applications are strapdown (rather than gimbaled) and this places significant performance demands upon 
the gyroscope (specifically: gyro scale-factor stability, maximum angular rate capability, minimum g-
sensitivity, high bandwidth). For many applications though, improved accuracy/performance is not necessarily 
the driving issue, but meeting performance at reduced cost and size is. In particular, very small sensor size 
allows the introduction of GN&C into applications previously considered out of reach (e.g., artillery shells, 
30-mm bullets), and many of these newer applications will require production in much larger quantities at 
much lower cost. 
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The fact that an inertial (gyroscope or accelerometer) sensor’s output drifts over time means that inertial 
navigation alone has an upper bound to mission accuracy. Therefore, various aiding/augmentation sensors 
have been tied into the inertial systems, e.g., Global Positioning System (GPS), velocity meters, seekers, star 
trackers, magnetometers, lidar, etc. The wide use of GPS aiding has allowed the use of much lower 
performing inertial sensors to achieve the required navigation solution. However, the fact that GPS may not 
always be available (e.g., from jamming or from being in an urban environment, indoors, or in tunnels and 
caves) or cannot be acquired quickly enough (such as very short-time-of-flight munitions) means that other 
navigation sensors will always be required. The key driver for which system architecture to use is cost for 
mission performance, where cost includes not only purchase but also life-cycle cost. Some mission 
applications have extreme size and power restrictions, so that not all inertial technologies are competitive. 


Inertial sensors provide such a wide range of accuracy, that it has become useful to characterize them in terms 
of the application grade for which their accuracy is best suited. This is shown in Table 1. Clearly, there are 
other important performance parameters, such as noise (random walk) that would need to be considered for an 
actual application. 


Table 1: Inertial Sensor Application Grades. 


Application Grade Gyro Performance  Accelerometer Performance  


Consumer/Commercial >1 deg/s >50 mg 


Tactical ~1 deg/h ~1 mg 


Navigation 0.01 deg/h 25 µg 


Strategic ~0.001 deg/h ~1 µg 


In recent years, three major technologies in inertial sensing have enabled advances in military (and 
commercial) capabilities: the Ring Laser Gyro (since ~1975), Fiber Optic Gyros (since ~1985), and MEMS 
(since ~1995). RLGs enabled many new military missions because of their superior scale-factor stability and 
negligible g-sensitivity. FOGs have been developed as a lower cost alternative to RLGs and are employed in 
similar mission and system applications as RLGs. MEMS inertial sensors are a key enabling technology for 
miniature inertial navigation systems. The MEMS technology created a new marketplace for inertial 
navigation, namely guided tactical munitions and other emerging miniature GPS-integrated applications such 
as personal navigators. Figure 1 shows an overview of navigation technology insertion over the past century.  
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Figure 1: Technology Insertion History. 


This paper discusses various ongoing gyroscope and accelerometer technology developments. Specific emphasis 
is given to the design and performance of MEMS sensors, which continues to be a very active development area. 


2.0 INERTIAL SENSOR TECHNOLOGIES 


The Ring Laser Gyro (RLG) moved into a market dominated by spinning mass gyros (such as rate gyros, 
single-degree-of-freedom (DOF) integrating gyros, and dynamically (or dry) tuned gyros) because it is ideal 
for strapdown navigation. The RLG was thus an enabling technology for high dynamic environmental military 
applications. FOGs were developed primarily as a lower cost alternative to RLGs, with expectations of 
leveraging technology advances from the telecommunications industry. FOGs are now matching RLGs in 
performance and cost, and are very competitive in many military and commercial applications. However, 
apart from the potential of reducing the cost, the FOG has not really enabled the emergence of any new 
military capabilities beyond those already serviced by RLGs. High-performance navigation-grade (0.01 deg/h 
and 25 µg) RLG and FOG inertial measurement units (IMUs) are still expensive (>$50 k) and relatively large 
(>100 cu in). Efforts to reduce size and cost resulted in the development of small-path-length RLGs and  
short-fiber-length FOGs. These did enable new military capabilities such as guided munitions (e.g., Joint 
Direct Attack Munition (JDAM)) and Unmanned Air Vehicles (UAVs) (e.g., Predator). However, as with all 
optical gyros, significant size reduction resulted in performance degradation even though cost reduction was 
achieved, so that these IMUs are around tactical-grade quality.  


The potential for MEMS to provide low-cost, small-size navigation opportunities has resulted in an ongoing 
world-wide development effort geared toward consumer/commercial and tactical grade applications. The best 
currently available MEMS IMUs are around the 5 to 20 deg/h and 1 mg performance level, but have not yet 
reached true tactical-grade performance. MEMS IMUs and sensors are moving into the market currently 
dominated by tactical-grade FOGs and RLGs, as well as into new markets requiring small size and low cost. 
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2.1 Optical Gyros 


2.1.1 Ring Laser Gyros (RLGs) 
Although the RLG was first demonstrated in a square configuration in 1963, it wasn’t until the late 1970s and 
1980s that RLG systems came into common use as strapdown inertial navigators. The RLG is a laser that 
propagates light in clockwiseY (cw) and counterclockwise (ccw) directions simultaneously through a gas-
filled optical cavity, using three or four mirrors. A schematic of a three-mirror RLG is shown in Figure 2. The 
RLG has excellent scale-factor stability and linearity, negligible sensitivity to acceleration, digital output, fast 
turn-on, excellent stability and repeatability across dormancy, and no moving parts. The RLG’s performance 
is very repeatable under temperature variations so that a temperature compensation algorithm effectively 
eliminates temperature sensitivity errors. It is superior to spinning mass gyros in strapdown applications, and 
is an exceptional device for high dynamic environments. The RLG is an open-loop integrating gyro, i.e., its 
output is delta angle. However, taking samples over set time periods also provides angular rate information. 
Backscatter from the mirrors causes the two counterpropagating waves to lock frequencies at very low input 
rates, known as lock-in. This is overcome by introducing a frequency bias by means of a piezoelectric drive 
that dithers the RLG at several hundred hertz about its input axis. Lock-in has also been solved by 
incorporating a bent light path and a Faraday or Zeeman rotator to provide a four-beam multi-oscillator. 


 


Figure 2: Ring Laser Gyro Schematic [Ref. 1]. 


RLGs and RLG systems are available from numerous manufacturers, such as Kearfott, Honeywell, Northrop 
Grumman, L-3 Communications, Thales (France), Sagem (France), iMAR (Germany), Astrophysika (Russia), 
etc. The Honeywell H-764G Embedded GPS/Inertial Navigation System (INS), which is based on GG1320 
RLGs, is a 1-nmi/h navigator that has been installed on over 50 different aircraft types. Many ship navigation 
systems are now using laser gyro-based navigators (e.g., the Sperry Marine/Northrop Grumman MK 39 or the 
Honeywell MK 45). Northrop Grumman’s ZLG™ (Zero-Lock™ Laser Gyro) is a four-mirror device that 
avoids lock-in by using a Faraday rotator and a bent light path to provide a four-beam multi-oscillator. The 
ZLG™ is thus two laser gyros in one, sharing identical optical paths, which reduces angle random walk 
(ARW) uncertainty. The ZLG™ is used in Northrop Grumman’s LN100G navigation system. Navigation-
quality laser gyro systems are on the order of 500 cu in (8,200 cc). 


Efforts to reduce size and cost resulted in the development of small-path-length RLGs, such as Honeywell’s 
1308 and Kearfott’s Monolithic RLG (MRLG), which are widely used in tactical-grade applications. As an 
example, the HG1700 IMU used in JDAM contains three 1308 RLGs. Kearfott’s MRLG systems comprise 
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three RLGs in one block for size reduction; the T-10 three-axis RLG being approximately the size of a golf 
ball. Tactical-grade laser gyro IMUs are on the order of 40 cu in (650 cc).  


The RLG is a mature technology, and current development efforts involve continued cost reduction rather 
than efforts at performance gains. There are some efforts to put RLGs on a chip, but performance is not 
expected to be any better than tactical grade. An example of miniaturization is the development of 
semiconductor ring lasers with a diameter of 3 mm. Thales (France) is also developing a miniature RLG. In 
general, small-size RLGs will continue to operate only in tactical-grade applications, so that eventually, 
MEMS IMUs will take over this market area. 


2.1.2 Fiber-Optic Gyros (FOGs) 


Development of the FOG began in the 1970s. The motivation was that the FOG was potentially less 
expensive and easier to build than the RLG and might be more accurate. In 1976, IFOG feasibility was 
demonstrated when an interference pattern (Sagnac effect) was discerned from light traveling cw and ccw 
around an optical fiber at the University of Utah. FOGs are sometimes referred to as Interferometric Fiber-
Optic Gyros (IFOGs) because of their interference-based readout.  


The FOG defines its light path by a wound coil of optical fibers in place of the RLG’s mirrors and optical 
cavity (Figure 3). FOGs (also known as IFOGs) have an external broadband light source (e.g., super-
luminescent diode or doped fiber) that launches light into the fiber coil, which can be from 100 m to 3 km in 
length. Light from the optical source passes through a power splitter into an integrated optics circuit (IOC). 
The IOC splits the light into counterpropagating beams and then recombines them after they have traveled 
through the fiber coil. The recombined beam then retraces its path to the optical detector. The open-loop FOG 
is not an integrating gyro like the RLG, and the phase-angle output from the detector is proportional to angular 
rate. However, the FOG can be operated as an integrating gyro by the addition of a feedback loop from the 
detector to a frequency shifter in the integrated optics circuit. The feedback loop shifts the frequency of the 
light entering the coil so that the detector reads at null. The FOG is now operating closed-loop and the 
frequency shift measurement from the feedback loop is directly proportional to angle, provided feedback is at 
rates faster than the coil transit time.  


 


Figure 3: Open-Loop Interferometric FOG Schematic. 


The FOG has some advantages over the RLG in that: the light source does not require high voltage; the 
broadband light source prevents backscatter so there is no lock-in at low input rates; and it has the potential 
for lower cost and lighter weight. A unique feature of the FOG is the ability to scale performance up and 
down. For example, doubling the coil length will decrease ARW by a factor of 2. However, unlike the RLG, 
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the open-loop IFOG is limited in dynamic range and only has moderate scale-factor stability. Thus, for most 
applications, closed-loop operation is preferred. One application where an open-loop FOG is being developed 
is for low-cost line-of-sight stabilization [Ref. 19].  


The FOG has not yet superseded the RLG in production, due partly to the large existing RLG-based industrial 
infrastructure. However, FOGs continue to penetrate the market and have found applications in all 
performance areas, such as Unmanned Underwater Vehicles (UUVs) and UAVs, torpedoes, interceptors, 
camera and antenna stabilization, land navigation, Attitude and Heading Reference Systems (AHRS), 
gyrocompasses, and oil drilling. There are numerous manufacturers of FOGs and FOG IMUs such as KVH, 
Honeywell, Northrop Grumman (Litton), LITEF (Germany), Photonetics (France), JAE (Japan), etc. In the 
tactical-grade area, Northrop Grumman’s LN200 IMU may be the most widely known; many of which have 
silicon accelerometers. A space-qualified version, the LN200S, was used in the Mars Rover. To date, 
Northrop Grumman has built more than 50,000 tactical-grade fiber gyros. Northrop Grumman also has a 
navigation-grade FOG IMU, the LN250, for aircraft navigation. FOGs can also achieve extremely high 
performance [Refs. 20, 21], making them suitable for applications such as precise aiming of telescopes, 
imaging systems, and antennas, and for submarine navigation and strategic missile guidance. FOGs tend to 
have coils around 2 in (50 mm) diameter at the lower performance range and around 3 in (75 mm) or more in 
the higher performance range.  


The FOG is a mature technology [Refs. 21-26] with performance and size comparable to the RLG. However, 
ongoing developments in solid-state optics and fiber technology could potentially lead to high performance in 
a miniature design. The development of photonic crystal fibers (PCFs) is underway for the communications 
industry and these offer advantages to the inertial sensor industry. In contrast to conventional optical fibers, 
PCF maintains superior mode confinement of the optical energy under sharp bend radius conditions, enabling 
the fabrication of small diameter (~2.5 cm) FOG sense coils. PCFs could also be used for further 
miniaturization to make optical ring resonators that are required for the development of a Resonant FOG 
(RFOG). These technologies are described below. 


2.1.3 Miniature FOGs 
The development of Miniature FOGs (MFOGs) has taken advantage of recent ongoing technology 
developments in the communications field. One of them is PCF, which has the potential to be one of the 
enabling technologies for the next generation of FOG instruments. There are several key advantages of PCFs 
for FOG applications: (1) tight mode confinement results in bend losses much lower than conventional fiber. 
The limit on FOG coil diameter is primarily due to fiber winding losses and fiber size; (2) cladding diameters 
less than that for conventional fiber provide the potential for tighter fiber packing, resulting in smaller coils; 
(3) dispersion compensation can be incorporated into the PCF resulting in less spectral distortion; and (4) light 
guiding in an air-core photonic bandgap fiber offers the potential for utilizing mid-infrared optical 
wavelengths. Several vendors supply PCFs, such as NKT Photonics (Denmark), Corning, OFS, Blaze 
Photonics, etc. The lowest reported losses to date are 13 dB/km for air-core bandgap fiber at 1.5 µm (Corning) 
and 0.58 dB/km for silica index-guided holey fiber at 1.55 µm. Figure 4 shows examples of PCFs and the 
expected improvement of minimum bend radius. Figure 4 also shows the dimensions of an OFS fiber [Ref. 
27] such that the diameter of the holes and the spatial period between the holes makes the fiber endlessly 
single mode, resulting in reduced relative intensity noise (RIN). Reference 27 also presents data from an open-
loop PC-IFOG test bed at Draper Laboratory, with a sense coil length x diameter product of 2.9 in-km. The 
sense coil was constructed with solid-core PCF provided by OFS Laboratories. Earth’s rotation was measured 
with an error less than 0.02 deg/h and ARW was 0.01 deg/√h.  
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Figure 4: Photonic Crystal Fiber and Expected Improved Minimum Bend Radius Limit. 


Another technology suitable for miniaturizing the FOG has been around since the early 1980s, but never 
perfected is the RFOG, which utilizes short lengths of fiber in which the cw and ccw light beams are kept in 
resonance. This requires a very narrow-band light source and low-loss fibers. RFOGs offer the potential for 
equivalent interferometric FOG performance, but with coil lengths up to 100 times shorter. Reference 28 
presents a hollow core (photonic bandgap) fiber RFOG concept that may overcome the performance barriers 
of the past. Laboratory test data from a hollow core fiber ring resonator indicated very low losses and a stable 
resonance peak with low temperature sensitivity. Performance projections for an RFOG instrument using this 
fiber indicate that 0.001 deg/√h ARW could be achieved with a 10-m fiber in a 10-mm diameter coil [Ref. 
28]. 


Another step in miniaturizing FOGs is the development of a monolithic optical chip that contains the source 
and detector as well as the modulator. However, overcoming problems of backscatter and residual intensity 
modulation must be resolved. The combination of integrated optics and advanced fibers is one step toward 
reaching the ultimate in miniature optical gyros, the Integrated Optics Gyro.  


2.1.4 Integrated Optics Gyroscope (IOG) 


The RFOG architecture can be implemented in an IOG (or optical gyro on a chip), a tantalizing concept 
lurking around inertial sensor labs for several years. The IOG is an optical waveguide-based Sagnac effect 
gyroscope in which two beams of light travel in opposite directions around a waveguide ring resonator in 
place of an optical fiber. The relative position of the resonances is a measure of rotation rate about an axis that 
is perpendicular to the plane of the ring resonator. The IOGs are fabricated on wafers, combining the 
capabilities of integrated optic fabrication and MEMS fabrication. Figure 5 shows a schematic of an IOG with 
all of the components on-chip as well as a close-up of an optical waveguide.  
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Figure 5: Integrated Optics Gyro (IOG). 


One of the keys to achieving navigation-grade performance is to be able to manufacture waveguides with 
losses less than 0.001 dB/cm. Current state-of-the-art rare earth-doped waveguides have losses that are still 
one to two orders of magnitude away. Efforts are also ongoing to look at the advantages of slowing light to 
make an ultrasensitive optical gyroscope [Refs. 29, 30], but these are still at the basic research level.  


A large part of the cost of current FOGs involves purchasing and connecting a variety of fiber pigtailed 
components. A planar lightwave circuit (PLC) can replace 21 components, significantly reducing cost. IOGs 
are expected to be in the size range of 0.2 cu in (3.25 cc) with power around 0.25 W. The IOG is targeted for 
applications currently met by RLGs, FOGs and MEMS. However, even commercial-grade IOGs are several 
years away.  


2.2 Optical Accelerometers 
Optical accelerometers are basically accelerometers that use an optical readout of the effect of acceleration on 
a physical structure. Although optical readouts have very high sensitivity, optical accelerometers have not 
found a niche since the performance is not readout limited. At present, none can be considered an enabling 
technology for military applications. Measurement of acceleration has been demonstrated using optical 
microspheres, in which the change in the light coupled into an optically resonant microsphere, as the sphere 
moves toward a waveguide, is detected. Incorporating optical readouts into MEMS devices has also been tried 
with varying success. Several efforts continue on the development of fiber-optic and fiber Bragg grating 
(FBG) accelerometers [Refs. 31, 32]. The advantages of an optical readout may only become apparent when 
resolving accelerations in the nano-g range for measuring seismic disturbances or gravity gradients. This 
means that the rest of the accelerometer’s components must also be very low-noise. Reference 33 describes a 
novel accelerometer that monolithically integrates a Fabry-Perot interferometer and a photodiode. This is 
being marketed by Lumedyne Technologies. 


The Light Force Accelerometer (LFA) is a novel device based upon the laser levitation of a dielectric 
particle proof mass. This basic idea was proposed over 30 years ago, but only recently has technology 
development driven by the telecommunications industry made a practical LFA possible. The LFA approach 
has several intrinsic advantages: it is a closed-loop approach, linear over many decades of inertial input; the 
approach is capable of extreme low noise and high sensitivity. A simplified LFA implementation is depicted 
in Figure 6. A particle is levitated against acceleration using a laser beam. A sensor (e.g., a split 
photodetector) is used to observe the particle position along the laser beam axis. As the acceleration along the 
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laser beam axis changes, the LFA varies the laser power difference to maintain the particle’s axial position. 
The laser power is proportional to the acceleration applied to the particle. It has been estimated that with 
reasonable operating parameters, fundamental noise limits would permit an LFA subjected to a constant 1 g 
inertial input to achieve a 5 ng measurement error in only 10 s of averaging. This is at the performance level 
required for GPS-denied navigation, but is still at the laboratory demonstration stage. 


 


Figure 6: LFA Concept. 


2.3 Hemispherical Resonant Gyro (HRG) 
In the 1980s, Delco (now Northrop Grumman [Litton]) developed the Hemispherical Resonator Gyro (HRG), 
which is a high-performance vibratory gyro whose inertially sensitive element is a fused silica hemispherical 
shell covered with a thin film of metallization. Electrostatic forcers surrounding the shell establish a standing 
resonant wave on the rim of the shell. As the gyro is rotated about its axis, the standing wave pattern does not 
rotate with the peripheral rotation of the shell but counter-rotates by a constant fraction (~0.3) of the input angle. 
Thus, the change in position of the standing wave, detected by capacitive pickoffs, is directly proportional to the 
angular movement of the resonator. In this mode of operation, termed whole angle mode, the HRG is an 
integrating sensor. The HRG can also be caged in a force rebalance mode to restrain the standing wave to a 
particular location and acts as a rate sensor. The whole angle mode is useful when excellent scale-factor stability 
and linearity are required over a wide dynamic range. The force-rebalance mode offers excellent angle resolution 
for pointing operations. HRG technology is also being developed in France and Russia. 


The advantages of the HRG are that it is lightweight, very compact, operates in a vacuum, and has no moving 
parts, so that life expectancy is limited only by the electronics, which are provided redundantly for expected 
lifetimes of more than 15 years. It is a very high-Q device, so that vibrations of the shell persist for several 
minutes after power interruptions. This tends to make it immune to radiation and electromagnetic 
disturbances, since the pick-off can find the pattern mode and position when power is restored. It has 
negligible sensitivity to acceleration.  


Since its debut in space in the mid-1990s, the HRG has been used on many spacecraft, including the Near 
Earth Asteroid Rendezvous (NEAR) spacecraft and the Cassini mission. Figure 7 shows a Space Inertial 
Reference Unit containing four HRGs whose hemispherical shells are 30 mm in diameter. 
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Figure 7: HRG Space Inertial Reference Unit. 


2.4 MEMS Inertial Sensors 
MEMS inertial sensors are expected to enable so many emerging military and commercial applications that 
they are becoming too numerous to list. MEMS is probably the most exciting new inertial sensor technology 
ever and development is a worldwide effort [Refs. 34-37]. Apart from size reduction, MEMS technology 
offers many benefits such as batch production and cost reduction, power (voltage) reduction, ruggedness, and 
design flexibility, within limits. However, the reduction in size of the sensing elements creates challenges for 
attaining good performance. In general, as size decreases, then sensitivity (scale factor) decreases, noise 
increases, and driving force decreases. Currently, the performance of MEMS IMUs continues to be limited by 
gyro performance [Ref. 38], which is now around 5-30 deg/h, rather than by accelerometer performance, 
which has demonstrated tens of µg or better.  


There are now numerous suppliers of commercial-grade MEMS, many integrated with GPS. However, there 
are only a few suppliers of near-tactical-grade all-MEMS IMUs (Honeywell, Atlantic Inertial Systems 
(formerly BAE SYSTEMS), Northrop Grumman/LITEF). The appearance of a commercially-available 
MEMS system with performance of around 1 deg/h and hundreds of µg has been ‘close’ for the last few years, 
but has not yet materialized. When available, these will oust tactical RLG and IFOG systems in nearly all 
future applications.  


2.4.1 MEMS Accelerometers 
MEMS accelerometers detect acceleration in two primary ways: (1) the displacement of a hinged or flexure-
supported proof mass under acceleration results in a change in a capacitive or piezoelectric readout; (2) the 
change in frequency of a vibrating element is caused by a change in the element’s tension induced by a change 
of loading from a proof mass. The former includes the class usually known as pendulous or lateral 
displacement accelerometers and the latter are usually known as resonant accelerometers, or Vibrating Beam 
Accelerometers (VBAs). The pendulous types can meet a wide performance range from tactical systems to 
aircraft navigation-quality. VBAs, or resonant accelerometers, have the potential for even higher performance. 
Numerous types of MEMS accelerometers are being developed throughout the world at universities, 
government organizations, and in industry. Some examples of MEMS accelerometers are provided below. 
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2.4.1.1 Displacement-Based MEMS Accelerometers 


Figure 8 shows a typical out-of-plane (z-axis) MEMS displacement accelerometer, in which a hinged 
pendulous proof mass, suspended by torsional spring flexures over a glass substrate, rotates under acceleration 
perpendicular to the plane of the device. Motion is detected via change in the capacitance gap using electrodes 
on an insulator substrate. Under a 1-g acceleration, the change in angle of the proof mass is typically around 
70 µrad; i.e., a 3 x 10-8 m change in sense gap, which results in a 12-fF (10-15) peak change in capacitance. For 
a dynamic range of 15 g to 100 µ-g, it is necessary to resolve motion of 3 x 10-12 m, or about 22.5 electrons 
charge change on the proof mass per carrier cycle. 


 


Figure 8: MEMS Pendulous Accelerometer. 


A well-known example of this type of accelerometer is Northrop Grumman’s SiAc™, of which over 20,000 
have been produced. Two versions have been developed (tactical grade and inertial grade) and have wide 
usage, such as AMRAAM, GMLRS, and Commanche helicopter. Other examples are Honeywell, Colibrys 
(Switzerland), Applied MEMS Inc., Silicon Designs, Sherborne Sensors (UK), Bosch (Germany), and 
numerous others.  


Figure 9 shows a typical in-plane (lateral) displacement accelerometer in which proof mass displacement is 
measured by the change in capacitance across the comb fingers. This accelerometer is much more sensitive to 
accelerations in the left-to-right (rather than top-to-bottom) direction. The combination of z-axis and lateral 
accelerometers results in optimized system volume, since three axes of acceleration measurement can be 
achieved from three planar chips. 
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Figure 9: MEMS Lateral Accelerometer. 


The most well-known of the commercial-grade in-plane accelerometers are probably the Analog Devices 
ADXL150 and ADXL250. The latter measures lateral accelerations in two axes with a noise floor of 1mg/√Hz 
and accuracy around 10-50 mg. 


Displacement accelerometers can be operated open or closed loop. Colibrys [Ref. 39] has reported high 
accuracy for the RS9000 series accelerometers operating open loop in the out-of-plane and lateral 
configurations. Both devices are all-silicon construction, with the out-of-plane device having a cantilevered 
proof mass sandwiched between upper and lower electrodes. Performance quoted is ~120 µg in-run bias 
stability, 1-mg turn-on repeatability, 400-ppm scale-factor accuracy, and rectification of 65 µg/g2. A 
temperature sensor and digital Application-Specific Integrated Circuit (ASIC) is integrated with the sensor 
package to furnish on-board 4th -order temperature compensation. Colibrys has also shown [Ref. 40] that a 
sigma-delta 5th-order regulation loop leads to a dramatic linearity improvement and consequently greatly 
reduced Vibration Rectification Error (VRE). 


A technology under development (by Hughes Research Laboratory, Stanford University, and others) that 
offers a very high sensitivity readout for a z-axis displacement accelerometer is the tunneling accelerometer. 
Figure 10(a) shows a schematic of a tunneling accelerometer. The control electrode electrostatically deflects 
the cantilever into the tunneling position (<1 µm and ~20 V). A servo mechanism holds constant the gap 
between the tunneling tip (Figure 10(b)) and the cantilever, and hence holds constant the tunneling current (~1 
nA). The output signal is the change in voltage at the electrode under acceleration. These devices are designed 
to resolve accelerations in the nano-g range and require low-resonant frequency proof masses and sub-
angstrom resolution readouts. Recent microfabricated tunneling accelerometers have resolved 20 ng/√Hz over 
5 Hz to 1.5 kHz [Ref. 41] with a closed-loop dynamic range of over 90 dB. However, maximum acceleration 
measurement capability is very low (~1 mg) without further loop modification. A tunneling accelerometer in 
China [Ref. 42] has exhibited good low frequency resolution of 15 ng/√Hz over 1 to 100 Hz. 
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(a) Output is voltage required to keep cantilevered 


beam in fixed tunneling position during  
acceleration [Ref. 41] 


(b) A scanning electron microscopic (SEM) view of 
 triangular nitride cantilever and tunneling tip [Ref. 41] 


Figure 10: MEMS Tunneling Accelerometer. 


2.4.1.2 MEMS Resonant Accelerometers 


Resonant accelerometers cover the general category of VBAs and can be z-axis or lateral. In resonant 
accelerometers, acceleration is sensed as a change in the resonant frequency of beam oscillators under the 
inertial loading of a proof mass, rather than measuring the mass displacement. The change in resonant 
frequency can be measured capacitively or piezoelectrically. In the latter, a piezoelectric resonator is 
micromachined (or deposited) in an area of high stress on one or more beams or flexures. As the flexure bends 
under proof mass motion, the resonant frequency changes accordingly. Examples of the piezoelectric type are: 
Systron Donner’s Vibrating Quartz Accelerometer (VQA); Kearfott’s Silicon Micromachined Vibrating Beam 
Accelerometer (MVBA); Honeywell’s SiMMA; and Onera’s Differential Inertial Vibrating Accelerometer 
(DIVA). Onera’s DIVA design is of particular interest because it has an interesting mechanical isolating 
system that insulates the vibrating beam from the mounting base and protects the active part from thermal 
stresses due to the thermal expansion differences between quartz and the case material [Ref. 43]. In-run bias 
stability of ~100 µg has been reported. 


Two high-accuracy accelerometers are MEMS resonant accelerometers: Draper Laboratory’s Silicon 
Oscillating Accelerometer (SOA) and Honeywell’s Strategic Resonant Beam Accelerometer (SRBA). The 
SOA measures frequency change capacitively and has demonstrated performance of 1 µg and 1 ppm under 
independent laboratory testing [Ref. 44]. Figure 11(a) shows the Allan variance plots for two versions of the 
SOA. The velocity random walk for both versions is calculated (using the minus ½ slope) to be 0.006 ft/s/√h. 
Figure 11(b) shows the small size (approximately 1 cu in) for a prototype instrument. The SRBA has 
piezoelectric frequency readout from high-purity single-crystal quartz material, coupled with well-established, 
robust oscillator circuit concepts [Ref. 45]. 
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Figure 11: Silicon Oscillating Accelerometer (SOA). 


2.4.1.3 Electrostatically-Levitated MEMS Accelerometers 


Electrostatically levitating a proof mass eliminates the need to overcome the elastic restraint of mechanical 
supports. Theoretically, this would result in much higher sensitivity, less dependence on certain fabrication 
tolerances, and more flexibility in adjusting the device characteristics to bandwidth and sensitivity without the 
need to redesign flexures. A further advantage is the potential for multi-axis sensing from one device, i.e., 
they can operate as in-plane lateral displacement accelerometers and/or out-of-plane z-axis accelerometers.. 
The major obstacle to development is the complexity of the control loop. 


A levitated disk concept is under development at several organizations, including the University of 
Southampton (UK) and Berkeley Sensor and Actuator Center. Figure 12(a) [from Ref. 46] shows 
Southampton University’s levitated disk concept in which the disk displacement is sensed capacitively and the 
loop closed with electrostatic forces. Another concept [Ref. 47] under development by Ball Semiconductor, 
Tokinec, Inc., Japan, and Tokohu University, Japan, is a levitated sphere. The 1-mm dia., 1.2-mg spherical 
proof mass with a deposited electrode pattern is shown in Fig 12(b). Position of the ball is sensed capacitively 
and closed-loop electrostatic forces maintain its position. During the MEMS fabrication process, the gap 
between the ball and outer shell is formed by a sacrificial layer of polysilicon, subsequently etched through 
the outer shell. For high-performance microgravity measurements in space, a noise floor of better than 40 
µg/√Hz is expected.  
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(a) Levitated Disk – Electrode Configuration  
and Assembled 3-Layer Device [Ref. 46] 


(b) Levitated 1 mm dia. Sphere with 
Electrode Pattern [Ref. 47] 


Figure 12: Electrostatically-Levitated MEMS Accelerometers. 


2.4.2 MEMS Gyroscopes 


For inertial MEMS systems, attaining suitable gyro performance is more difficult to achieve than 
accelerometer performance. The Coriolis force is the basis for all vibratory gyroscopes. Basically, if a mass is 
vibrated sinusoidally in a plane, and that plane is rotated at some angular rate Ω , then the Coriolis force 
causes the mass to vibrate sinusoidally perpendicular to the frame with amplitude proportional to Ω. 
Measurement of the Coriolis-induced motion provides knowledge of Ω. This measurement is the underlying 
principle of all quartz and silicon micromachined Coriolis Vibratory Gyros (CVGs). Fundamentally MEMS 
CVGs fall into three major areas: vibrating beams, vibrating plates, ring resonators. There are numerous 
MEMS CVGs available and under development worldwide [Refs. 34-37, 48]. As stated earlier, the 
performance of MEMS IMUs continues to be limited by gyro performance, which is currently around 5-30 
deg/h in production. 


2.4.2.1 MEMS Vibrating Beam (Tuning Fork) Gyros 


In 1990, Systron Donner started initial production for the USAF Maverick missile, with 18,000 quartz rate 
gyros produced in 2 years. In the mid-1990s, the technology was applied to low-cost, high-volume production 
of yaw rate sensors, the first application being for Cadillac in 1997. Figure 13 shows Systron Donner’s well-
known H-shaped quartz gyro with piezoelectric drive and readout. These are in-plane gyros (i.e., they sense 
rate in the plane of the tuning fork). By 2008, over 40,000 rate gyros per day were being produced. High g 
versions have been developed for smart munitions. A 6-DOF IMU, containing three gyros and three vibrating 
accelerometers, the Digital Quartz IMU (DQI), was developed in 1992 and beyond. The DQI has been 
inserted in Rockwell’s C-MIGITS [Ref. 49], to which Systron Donner has the production rights. Systron 
Donner is currently withdrawing from the automotive market to concentrate on higher performance sensors. A 
tactical-grade gyro with very low noise is being used in their all-quartz SDI500 tactical-grade IMU. 
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Figure 13: Systron Donner Quartz Rate Sensor (QRS) 
(© BEI Systron Donner Inertial Division, printed with permission). 


Onera’s Vibrating Integrated Gyro (VIG) has a specific insulating system for the vibrating elements (similar 
to their DIVA accelerometer) to reduce energy losses out of the structure. Output noise is 0.01 (deg/s)/√Hz in 
a 100 Hz BW. Sagem’s Quapason gyro has four quartz tines extending upward from a common base, thereby 
reducing unwanted cross-coupling from drive to sense [Ref. 50].  


2.4.2.2 Vibrating Plate MEMS Gyros 


Draper Laboratory’s Tuning Fork Gyro-2 (TFG-2) shown in Figure 14 consists of two silicon proof mass plates 
suspended over a glass substrate by folded beams and vibrating in-plane 180 deg out of phase. This design is 
also referred to as a double-ended TFG. Dimensions are on the order of 300 x 400 µm. These are also in-plane 
gyros. The out-of-plane sense motion induced by the Coriolis force is detected by changes in capacitance 
between the proof mass and the substrates. For a typical MEMS gyro of this type, a 1-rad/s (in-plane) input rate 
results in a force of ~9 x 10-8 N on the proof mass, ~1 x 10-9 m of peak motion perpendicular to the sense 
electrodes, ~3 aF (10-18) peak change in capacitance. Measuring 1 deg/h requires resolving motions of ~5 x 10-15 
m and about 0.25 electrons per cycle of motor motion. This technology has been transferred to Honeywell. 
Performance data indicate that the TFG currently performs at levels in the 3 to 50 deg/h range  
(3σ, compensated), over temperature ranges of -40°C to 85°C for many months and over shock inputs of up to 
12,000 g. These have been evaluated in both the Extended Range Guided Munition Demonstration and the 
Competent Munitions Advanced Technology Demonstration (CMATD) Guided Artillery Shell [Ref. 51]. The 
Draper/Honeywell TFG series is a proven design for high-g applications and has undergone many iterations 
incorporating performance-enhancing features and fabrication improvements. The vibrating plate technology is 
used in Honeywell’s HG1900, 1930, and 1940 IMUs; the latter being 2 cu in (33 cc).  
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Figure 14: Top view of MEMS vibrating plate gyroscope (TFG-2). 


There are many kinds of vibrating plate gyros driven by the comb drive invented by the University of 
California, Berkeley. Many of the configurations have been designed to minimize coupling between sense and 
drive. Some are in-plane and some are z-axis gyros; some are oscillating circular disks. Studies indicate that 
the optimal gyro performance is achieved at a thickness of between 50 and 100 µm. Imperfections in the 
MEMS fabrication process can easily introduce unwanted performance errors, so continued evolution of 
advanced processes to build thicker, more 3-dimensional parts that are less susceptible to fabrication 
tolerances is critical to the performance and cost targets. Analog Devices now has a commercially available 
ADXRS gyro whose sense and drive axes are both parallel to the substrate, which allows operation in one 
atmosphere of gas, but at limited performance.  


Other types of vibrating plate MEMS gyros that do not rely on the comb drive have been developed. These 
devices do not require such narrow gaps and tight fabrication tolerances as the comb drive. Jet Propulsion 
Lab’s (JPL) MEMS gyro [Ref. 52], in which a 2-DOF resonating 4-leaf clover shape, suspended by four 
springs and containing a vertical post providing the main inertial mass, is driven in a rocking motion about an 
axis in the plane of the cloverleaf. This is an out-of-plane gyro (i.e., it responds to rate about the z-axis 
perpendicular to the plane of the clover leaf). A double gimbal structure driven and sensed 
electromagnetically has been developed in Japan [Ref. 53]. Sensonor Technologies (Norway) is developing 
the SAR500 novel, high-precision MEMS Butterfly gyro, designed to achieve an ARW of 0.002 deg/√h,  
in-run bias stability of 0.04 deg/h, and bias repeatability of 0.1 deg/h [Ref. 54]. The rate sensitive axis of the 
SAR500 lies in-plane with upper and lower sense plates that, aside from increasing sensitivity, allow for 
tuning of the sense and drive resonances and active compensation of the quadrature offset. 


2.4.2.3 Resonant Ring MEMS Gyros 


Resonant ring MEMS gyroscopes have an advantage in that the ring structure maintains the drive and sense 
vibrational energy all in one plane. However, there is also a disadvantage in that the ring has a low vibrating 
mass and hence lower scale factor. Figure 15(a) shows a single-crystal silicon vibrating ring gyro from U. 
Michigan [Ref. 55]. The ring vibrates at 20 kHz and is 2.7 mm diameter, 50 µm wide, and 150 µm high. The 
ring is electrostatically vibrated by the forcer electrodes into an in-plane, elliptically shaped, primary flexural 
mode. A rate about the z-axis (normal to the plane of the ring) excites the Coriolis force which causes energy 
to be transferred from the primary to the secondary flexural mode, 45 deg apart. The amplitude of the 
secondary mode is detected capacitively. Any frequency mismatches arising during fabrication can be 
electronically compensated by the balancing electrodes. Figure 15(b) shows the drive and sense flexural 
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modes before and after electronic balancing. This device has a scale factor of 132 mV/deg/s, resolution of 7.2 
deg/h, and output noise of 10.4 deg/h/√Hz. 


 


SEM picture of SCS
vibrating ring gyroscope


Close-up view of 
ring structure,


sense electrode, and
8-μm sense gap


  


(a) SEM Picture (b) Effect of Balancing 


Figure 15: U. Michigan Vibrating Ring Gyroscope [Ref. 55]. 


BAE Systems developed a Silicon Vibrating Structure Gyro (SiVSG) that consists of a ring resonator 
supported by compliant spokes. Coriolis-induced motion of the ring is detected by change in the magnetic 
field supplied by a central magnet. This inductive vibrating ring gyro [Ref. 56] was successfully used in an 
attitude reference system to control a production-standard, Medium-Range Tri-Nation Guided Anti-Tank 
(MR-TRIGAT) missile in flight in June 2000, as well as other military systems. An all-silicon capacitive 
vibrating ring gyro is under development. BAE’s resonant ring technology now belongs to Atlantic Inertial 
Systems (AIS, part of B.F. Goodrich) and is incorporated in the SiIMU02 and SiNAV IMUs. AIS and 
Sumitomo Precision Products, Japan, have formed Silicon Sensing and are producing commercial-grade ring 
resonator gyro products in quantities of thousands per month, such as the DMU02 6-DOF dynamics 
measurement unit used in applications such as the Segway™ Human Transporter, or the CRS09 advertised as 
a general replacement for FOG gyroscopes in stabilization and GPS-aided navigation applications. 


2.4.2.4 Non-Traditional MEMS Gyro Developments 


There is strong indication that the traditional CVGs are unlikely to get much better than tactical-grade 
performance, so that other rate sensing technologies are being studied. One initiative is the DARPA 
Navigation Grade Integrated Micro Gyroscope (NGIMG) started in 2004 for navigation-grade MEMS gyros. 
The goal of the NGIMG program is to yield tiny (preferably chip-scale) gyros with performance around 0.001 
deg/√h ARW, 0.01 deg/h bias uncertainty, <50 ppm scale factor, 300 Hz bandwidth, and <5 mW power [Ref. 
57]. The early phase resulted in the selection of three MEMS technologies for further development (levitated 
spinning mass, micro- nuclear magnetic resonance (NMR), and quartz disk resonator).  
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Another DARPA initiative is the Microscale Rate Integrating Gyro (MRIG) study started in 2009. This is 
geared to overcoming another limitation of current MEMS gyros in that they only provide rate information 
directly and not angle. Although vibratory MRIGs are mentioned, this initiative specifically requires 
innovative approaches that will enable revolutionary advances in science, manufacturing, devices, or systems; 
specifically excluded are evolutionary improvements to the existing state of practice. Also, the European 
Space Agency (ESA) has funded several market analyses and feasibility studies based on European 
developments of MEMS gyros by companies such as BAE Systems (UK), Bosch (Germany), EADS CRC 
(Germany), LITEF (Germany), Sagem (France), SensoNor (Norway), and Thales (France). The desired goal is 
around 0.1 deg/h bias stability. In general though, it appears that production quantities of MEMS gyros with 
performance better than tactical grade is still many years away. 


The difficulty in producing high performing small gyros created further interest in all-accelerometer systems 
(also known as gyro-free). Two approaches are typically used. In the first, the Coriolis effect is exploited and 
typically, three opposing pairs of monolithic MEMS accelerometers are dithered on a vibrating structure (or 
rotated). This approach allows the detection of angular rate. In the second approach, the accelerometers are 
placed in fixed locations and used to measure angular acceleration (also known as the ‘direct’ approach). In 
both approaches, the accelerometers also measure linear acceleration to provide the full navigation solution. 
However, in the direct approach, the need to make one more integration step makes it more vulnerable to bias 
variations and noise, so the output errors grow by an order of magnitude faster over time than a conventional 
IMU. To date, only systems of the first kind have been reduced to practice. One example is an IMU developed 
by L-3 Communications called the Micromachined Silicon Coriolis Inertial Rate and Acceleration Sensor 
(µSCIRAS). Other examples are Kearfott’s Micromachined Vibrating Beam Multisensor (MVBM) and 
Bosch’s SMI540 multisensor. 


2.4.3 Multi-Axis Gyro and Accelerometer Chips 


 
Further size reductions have been achieved through the combination of two in-plane (x- and y-axis) and one 
out-of-plane (z-axis) sensors on one chip. Several vendors (e.g., InvenSense) have working devices with 
multiple sensors on a single chip, similar to those shown in Figure 16). Chips like these will result in IMUs 
around 0.2 cu in (3.3 cc). This is likely to be the ultimate in small IMUs enabling such things as personal 
navigation and guided bullets. It is likely that commercial investment will push this size-reduction technology, 
since there is a much stronger sized-based commercial need, rather than performance-based military need at 
this time. On-chip integration of other types of sensors (e.g., magnetometers) is another key element in further 
size and cost reduction. Current performance is suitable for commercial applications.  
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Figure 16: Photo of 3-Axis MEMS Chips. 


2.6 Cold Atom Sensors 
A potentially promising technology, which is in its early development stages, is inertial sensing based upon 
atom interferometry (sometimes known as cold atom sensors), which exploits the wave nature of atoms. Since 
atoms have internal mass and structure, matter wave interferometry is analogous to light wave interferometry. 
In order to interfere a matter wave, an atom stream must be generated and then split, guided, and recombined. 
Laser cooling provides the required velocity control for the atom source. The cooling slows down the atoms 
so that (in comparison to the speed of a light wave) they will have more time (referred to as hang time) to 
experience the effects of angular rate or acceleration, and so have greater separation upon recombination. In 
theory, this means that atom interferometers could make the most accurate gyroscopes, accelerometers, 
gravity gradiometers, and precision clocks, by orders of magnitude [Refs. 58, 59]. There is much interest in 
atom interferometry and research is underway at many locations, such as Yale, Stanford, Massachusetts 
Institute of Technology, U. Arizona, AOSense Inc., Onera (France), and Draper Laboratory. A gravity 
gradiometer at Stanford University has demonstrated an accelerometer resolution of 10-11g in 2007 using a 
differential accelerometer. Reference 60 presents the application of free fall atom interferometry for 
navigating future submarine platforms with real-time gravity error compensation.  


Atom interferometer inertial sensors to date have used incoherent atoms propagating in free space, and laser 
pulse-based free space interferometers appear to offer the best potential for practical applications in the short 
to intermediate term. In the future, it may be possible to use coherent Bose-Einstein condensates for atom-
guided interferometer structure, although problems of excitation of the internal degrees of freedom of the 
condensates, need for high vacuum, and the complex processes involved need to be overcome. Currently, 
atom interferometers and proof-of-concept atom interferometer gyros, accelerometers, and gradiometers are 
large, table-top sized experiments. However, miniaturization to a typical tactical-sized inertial sensor appears 
feasible. Reference 61 presents examples of using a microfabricated magneto-optic trap to coherently split and 
recombine Bose Einstein Condensates (BECs) in an interferometer. Figure 17 shows a schematic (a) and 
photo (b) of the MEMS fabricated magneto-optic trap. As fabricated, the MEMS magneto-optical trap chip 
size is 1.27 cm x 1.27 cm. 
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(a) Schematic of Magneto-optic Trap (b) Microfabricated magneto-optic trap 


Figure 17: Magneto-Optic Trap [Ref. 61]. 


If this technology can be developed, then it could result in a 5-m/h navigation system without GPS, in which 
the accelerometers are also measuring gravity gradients. The potential may ultimately exist for an all-
accelerometer (including gradiometry) inertial navigation system. Miniaturization, while maintaining 
performance, is the most challenging aspect.  


3.0 THE FUTURE 


Inertial sensor technology maturity is depicted in Figure 18. Most of the technologies are in the lower-right 
hand corner, which represents a high maturity level. No new sensor technology appears to be on the near 
horizon, so what is next for the sensor designer? The desire for much lower cost and smaller size exists at all 
performance levels. Therefore, development over the next few years will continue to emphasize performance 
improvement and efficient packaging of MEMS sensors. Commercial applications require extremely low cost, 
so the payback will come from selling very large quantities (billions). Military applications desire low cost but 
the quantities are not so large (thousands to millions). The payback will be from providing the entire GN&C 
system, not just the sensors. This will be a worldwide effort with potential markets in the billions.  
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Figure 18: Inertial Sensor Technology Maturity. 


Figure 19 shows an estimated timeline when the developing inertial technologies could meet their projected 
performance goals at the prototype level. Much of the monetary investment is still going into MEMS-type 
development activities, because of the enormous potential for MEMS to be used in numerous applications. 
Reference 62 estimates the MEMS inertial market to be $3billion by 2013. 


 


Figure 19: Inertial Technology Development Timeline to Prototype. 


The potential market for navigation systems in GPS-unavailable environments is quite substantial as shown in 
Table 2. The cost and size goals are ultimate goals for the entire system, including inertial and augmentation 
sensors, and will be very difficult to achieve. Actual cost will depend on the number of units sold, so the cost 







Inertial Navigation Sensors 


RTO-EN-SET-116(2011) 2 - 23 


 


 


goals shown will only be attained in large quantities. However, it appears that this is a sufficiently lucrative 
market to provide payback for the expense of developing higher performance inertial sensors. 


Table 2: Potential Market for Low-Cost Navigation Systems in GPS-Unavailable Environments. 


Mission Number of IMUs Ultimate Cost Goal 
(k) 


Ultimate Size Goal
(cu in) 


Personal/Soldier Navigation 100s of thousands <1 <2 


Distributed Networks 100s of thousands <1 <2 


Unmanned Land Vehicles Thousands to tens of thousands <5 <10 


Unmanned Air Vehicles Thousands <10 <10 


Unmanned Marine Vehicles Thousands <10 <10 


In the immediate future, FOGs will continue pushing into areas traditionally held by RLGs. However, the 
continued development of a 2 cu in (33 cc) MEMS IMU with 1 deg/h performance will result in an IMU 
available for use in up to 80 percent of the tactical military applications. This will have a significant impact on 
the tactical RLG and tactical FOG market. The relatively large production number of these MEMS IMUs will 
result in some of the promised cost benefits from MEMS being realized. RLG and FOG systems will maintain 
a niche in areas where they have better performance than MEMS. FOGs may hold their ground if higher bend-
radius fiber, such as photonic crystal fiber, results in smaller FOGs. Therefore, the development of miniature 
FOGs using photonic crystal fibers will continue, but only for applications at higher performance levels (e.g., 
navigation grade or better). The IOG is a true solid-state, optics-on-a-chip sensor, manufactured with MEMS-
like batch processing, with the potential (theoretically) to provide navigation-grade performance or higher. 
This has the potential to be a winning technology, but requires significant monetary investment and technical 
advances to become feasible.  


By overcoming such problems as limited dynamic range, long-term drift, high noise, turn-on repeatability, and 
initial transient response (especially for short time-of-flight and rapid reaction weapons such as guided 
bullets), the quest for MEMS performance improvement to tactical grade and beyond will continue to 
dominate inertial sensor technology investment. In 1998 [Ref. 34], it was pointed out that MEMS performance 
enhancement (noise) had improved by a factor of 10 every 2 years since 1991. While this has slowed in the 
last decade, MEMS inertial sensors still have the potential for over one order-of-magnitude performance 
improvement over the next decade by improved precision microfabrication, reduced sensitivity to packaging, 
and improved electronics. One technique for performance improvement that will likely continue is the attempt 
to gang multiple sensor arrays at the chip level together with the development of appropriate algorithms [Ref. 
63]. This depends upon size reduction to be efficient, and on-chip packaging will be a key component. There 
will also be more strategic alliances between inertial developers/designers and MEMS/electronics suppliers 
similar to that between Thales (France) and Tronics Microsystems (France and U.S.) or Sensonor (Norway), 
PlanOptik AG (Germany), and Imego (Sweden). Also, the study of energy dissipation effects in MEMS 
resonators (such as thermoelastic damping, support losses, fluid losses, electrical damping, surface effects 
[Ref. 64]) will continue. 


The rewards from the development of a MEMS gyro with navigation-grade quality (0.01 deg/h) would be 
enormous, so that initiatives like the DARPA NGIMG and MRIG will observed closely. Effort will likely 
concentrate on rate sensing techniques that do not rely on Coriolis vibratory gyros. The concept of bypassing 
the gyro by developing a navigation grade all-accelerometer IMU requires accelerometers with accuracies on 
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the order of nano-g’s or better and with large separation distances. Therefore, the use of all-accelerometer 
navigation for GPS-unavailable environments will not be viable until the far future, if ever.  
 
Figure 20 shows possible future application areas for inertial sensor technology. Areas where FOGs are likely 
to remain unchallenged are in the fields of precision pointing and tracking and precision navigation (e.g., 
submarine). However, cold atom sensors are currently being developed as a very high performance, long-term 
competitor to FOG and mechanical systems, but it is still too early to predict with any confidence how this 
will turn out. In the very long term, we may possibly see Nano/Microengineered and Molecular Systems 
(NEMS) sensors and systems. One such development area is carbon nanotubes. Ultimately, navigation and 
position knowledge will soon become a commercial commodity item; everyone will expect to have it at all 
times. However, military navigation needs will continue to require higher-performance navigation sensors 
than commercially available, and it will be a difficult and expensive challenge to meet all requirements.  
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Figure 20: Future Applications for Inertial Sensor Technology. 
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ABSTRACT 


This paper provides a survey of some of the available MEMS Inertial Measurement Units (IMUs) and some of 
the applications that MEMS are fulfilling.  Inertial MEMS have been under development for over 20 years 
and numerous suppliers world-wide now exist. The performance of these IMUs spans the range from 
consumer/automotive grade (low performance) to tactical grade (~1 deg/hour, ~1 milli g).  Tactical-grade 
IMUs were primarily developed for defense applications to reduce reliance on GPS.   The application of 
automotive quality IMUs to three gun-launched munition tests is described. This is followed by a description 
of a path that led to a tactical grade IMU and subsequently to gun-hard common guidance IMUs.  Other non-
gun-hard tactical grade IMUs are mentioned. A brief discussion on packaging improvements that permitted 
size reduction is presented.  Some of the current MEMS IMUs at various levels of performance are described 
and typical defense and commercial applications are described.  Finally, a brief insight into ongoing 
performance improvement initiatives and what the future may bring are presented.  


1.0 INTRODUCTION 


MEMS inertial sensors and systems have become indispensable to the future of navigation [Ref. 1].  Also, 
navigation itself has become much broader than just providing a solution to the question ‘Where am I?’ It has 
moved into new areas such as games, geolocation, virtual reality, timing, tracking; all of which have been 
enabled by MEMS technology.  Their small size, low power and weight, and low cost have led to increased 
use, new applications, increased mobility, increased integration (hence better performance) and extended 
operation.  They are also very rugged and can survive tens of thousands of g’s.  It been estimated that 752 
million units of MEMS accelerometers and gyros were produced worldwide in 2008 with the market 
dominated by automotive and consumer electronics applications [Refs 2 – 4].  Reference 2 also predicts that 
the MEMS inertial market will be $3billion by 2013 of which $500million will be for defense and aerospace.  


Numerous consumer/commercial grade inertial MEMS systems have been available for several years.  These 
have been integrated with augmentation sensors, such as magnetometers and velocity meters, and GPS aiding 
to provide an adequate navigation solution.  In fact the near universal availability of GPS and other satellite 
navigation systems means that navigation-on-demand is now expected.  The major problem is that GPS is not 
always available or cannot be acquired quickly enough (for short term applications of a few seconds) so that 
reliance on the inertial system is necessary.  Nor can GPS provide the same flight control/autopilot capability 
that the inertial system can.  This resulted in the development of higher performance MEMS inertial sensors 
and systems.  Several manufacturers now provide all-MEMS inertial measurement units (IMUs) with tactical-
grade quality performance (approximately 1 deg/h for the gyro and 1 milli g for the accelerometer), which has 
enabled MEMS IMUs to be used in numerous military applications such as missiles, munitions, soldier 
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navigation, etc. The performance limitation to tactical grade is due to the gyro not the accelerometer. Current 
MEMS gyro technology is based on sensing the Coriolis induced force on a vibrating structure, which limits 
the gyro to behaving as a rate gyro [Ref. 5]. Reference 5 provides a broad description of inertial navigation 
sensor technology status and developments, including initiatives to develop alternate gyro technologies. 


This paper describes some of the applications of inertial MEMS systems.  It begins in Section 2with the 
evolution of MEMS inertial systems for gun-launched applications.  It continues with the development of 
tactical grade IMUs in Section 3.  Section 4 provides a brief description of packaging for size reduction.  
Current MEMS IMUs and their applications are discussed in Section 5.  Section 6 outlines what the future 
may hold. 


2.0 EARLY GUN HARD MEMS IMU APPLICATIONS 


Current 5-inch gun-launched munitions are limited in range to about 12 nmi and as a consequence of 
dispersion effects (unsteady winds, propelling charge performance, aiming errors, etc) are not precision 
weapons and thus are not adequate for Naval Surface Fire Support.  Rocket motors can be used for extra boost 
post gun-launch to increase the projectile range, however without an on-board guidance and control system, 
the uncertainty of the projectile impact point increases dramatically.  The evolution to tactical grade 
performance is a direct result of advances made in key technology areas originally driven by gun-launched 
projectile requirements [Refs. 6 – 12].  These applications have a unique combination of requirements 
including, performance over temperature, high-g launch survivability, fast initialization and startup, small 
size, and relatively low overall system cost.  Table 1 shows typical environments for tank, artillery, missile, 
and mortar munitions.   


Table 1: Munition Environments. 


 
Ref 12 Brown et al, "Strap-Down Micromechanical (MEMS) Sensors for  
High-G Munition Applications", IEEE Transactions on Magnetics, Jan 2001 


The first MEMS gyroscope was developed by Draper Laboratory in the 1980s. At the beginning of the 1990s 
the possibility of MEMS IMUs with reasonable performance, when aided by GPS, had become a reality. The 
capability of MEMS technology in gun-hard applications was demonstrated through a series of technology 
demonstrations: the Extended Range Guided Munition (ERGM) Demonstration in a munition with rocket 
motors used for boost post gun-launch; the Competent Munitions Advanced Technology Demonstration 
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(CMATD) in a 5-inch artillery shell, and the Low Cost Guidance Electronics Unit (LCGEU) in an extended 
range munition. ERGM Demonstration and CMATD involved guided projectile tests of MEMS INS/GPS 
systems utilizing the best MEMS sensors available at Draper Laboratory at that time. LCGEU utilized COTS 
MEMS in a modular INS/GPS designed to be robust to GPS jamming [Ref. 13].   


Another program with the goal of reaching tactical grade IMU performance was the DARPA MEMS IMU 
(MIMU) program in the early 2000s.  The culmination of much of this technology evolution was incorporated 
into the Common Guidance IMU (CGIMU) program, which had the goal of incorporating tactical grade 
MEMS across multiple tactical weapon platforms.  MMIMU and CGIMU are discussed in Section 3.  Figure 1 
provides a top-level description of the technology roadmap for the ERGM, CMATD, MMIMU, LCGEU, and 
CGIMU systems. 
 
 


 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 


Figure 1: System Technology Roadmap. 


2.1 ERGM Demonstration INS/GPS 
In March 1995, the Naval Surface Fire Support branch initiated a proof-of-concept demonstration for the 
Extended-Range Guided Munition (ERGM).  The ERGM Demonstration program was the first successful 
demonstration of a gun-launched MEMS-based INS/GPS system.  The system consisted of a 126 in3 (2065 cc) 
avionics package containing a 6-degree-of-freedom MEMS inertial system, a Rockwell-Collins C/A-to-P(Y) 
code reacquisition GPS receiver with L1 tracking only, a TMS320C30 flight processor and power conversion 
and regulation electronics, which were sectionally mounted into a Deadeye Projectile.    


The relatively generous volume of 126 in³ (2065 cc) allowed conservative, rugged packaging technologies to 
be used to meet the required survivability goals.  Five PWBs were hard-mounted to rigid aluminum frames 
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and bolted into a cylindrical housing with end plates that served as the primary load bearing structure.  The 
sensors and their discrete electronics were packaged using thin-film hybrid MCM-C technology and mounted 
in bulky hermetic metal housings structurally bonded to standard PCBs.  The ERGM Demonstration sensor 
electronics packaging appears in Figure 2. 


 


Figure 2: ERGM  Demonstration Sensor Electronics Packaging. 


A photo of the first of three (November 1996 and two in April 1997) successful ERGM Demonstration test 
flights is shown in Figure 3.  This effort first demonstrated successful reacquisition of GPS after gun launch 
and proved the survivability and ability of MEMS inertial components to operate after launch and accurately 
measure body rates and accelerations. The MEMS-based system was composed of repackaged automotive-
grade inertial components (Draper Laboratory TFG gyros and pendulous accelerometers with uncompensated 
performance of 1,000 deg/hr and 50 mg) and was able to perform down-determination successfully and 
provide inputs for a full navigation solution.  
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Figure 3: ERGM Demonstration Flight Test. 


2.2 CMATD INS/GPS 
From March 1996 through February 2000, under funding from the Office of Naval Research, a series of three 
flight tests for the Competent Munitions Advanced Technology Demonstration (CMATD) Program was 
completed.  The objective was to demonstrate MEMS-based guidance, navigation, and control (GN&C) 
within the fuze section of unguided artillery rounds.  Figure 4 is a photo of the CMATD 5-inch (127 mm) 
projectile in-flight, 20 ms after the 6,500-g gun launch.  The system GN&C is 13 in3 (215 cc) total, with 8 in3 
(131 cc) for the G&N electronics. Although the MEMS gyros and accelerometers were similar to ERGM 
Demonstration, the CMATD sensor electronics were the first to be ASIC-based.  This contributed to an order 
of magnitude improvement over ERGM Demonstration performance. 


 


Figure 4: CMATD Projectile in Flight. 


The volume constraint of 8 in³ (131 cc) for the electronics assembly was very aggressive, and is shown in 
Figure 5.  This system consists of a flight computer module, three orthogonal accelerometer modules, three 
orthogonal gyroscope modules, a two-card GPS receiver, a TCXO clock board, and a voltage regulator card.  
A backplane and flex cables provide electrical interconnection between modules and external interfaces for 
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system initialization.  The modules are over-molded with epoxy to provide mechanical and environmental 
protection and assist with thermal management.  Modules fabricated in this manner have survived centrifuge 
tests in excess of 30,000 g and more than 400 thermal shocks from -55°C to +125°C. 


  


(a)  CMATD Electronics Assembly (b) Integrated into Mk64 Guidance 


Figure 5: CMATD Electronics Assembly. 


The CMATD Program culminated in flight tests of three projectiles at Yuma Proving Ground on August 3, 
1999, August 5, 1999, and February 2, 2000.  All projectiles were launched at a setback acceleration of 
approximately 6500 g with initial velocities of approximately 2200 ft/s (670 m/s).   


The initial flight tests demonstrated survivability of the overall projectile design and subsystem functionality 
and performance.  From the telemetry data acquired from the first two flights, all six MEMS instruments 
survived the gun launch and operated as expected and provided accurate in-flight measurements.  The lessons 
learned in these test flights regarding the control actuation system (CAS), roll control software, and launch 
signal subsystems were modified for the third projectile.  Test Flight 3 was conducted February 2, 2000, and 
the GN&C system survived gun launch and all systems operated.  GPS was reacquired successfully at 31 
seconds after launch and the closed-loop guidance, navigation, and control executed as designed.  
 
A modified CMATD IMU was evaluated in a Precision Guided Mortar Munition (PGMM) application.  The 
IMU was used for flight control during and after launch without GPS aiding. The PGMM was successfully 
tested in 2001 through a 7,900 g launch environment.  


2.4 LCGEU INS/GPS 
The following information is taken from Reference 13.  The US Navy initiated an investigation into providing 
alternate guidance electronic unit technology to address survivability across gun-shocks and enable a 
significantly lower unit production cost.  The LCGEU program’s goal was to develop a gun-hard, low cost 
INS/GPS system using COTS inertial sensors and other COTS components.  The LCGEU contains Analog 
Devices gyros and accelerometers and is designed to be modular so as to fit into various airframes.  The IMU 
is a 20 cu in (328 cc) system, hardened to 18,000g, and has deep integration software for enhanced GPS anti-
jam capability.  It was the first ‘common’ guidance unit for US Navy projectiles and was successfully tested in 
long range guided flights of two Ballistic Trajectory Extended Range Munition (BTERM) in September 2003 
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(range 53.6 nmi) and in one EX-171 Extended Range Guided Munition (ERGM) in October 2003 (range 44.8 
nmi).  The two BTERM projectiles impcted 20.5 and 21 meters from the target; the Ex-171 ERGM impacted 
10 meters from the target.  The BTERM projectile is a rolling airframe (15 – 25 Hz) employing a single 
actuator driving a pair of canards to compensate for trajectory dispersions along a nominal ballistic trajectory 
to the target.  The Ex-171 ERGM is a non-rolling airframe utilizing four independently articulated canards to 
stabilize the projectiles orientation and steer it to the target along a boost-glide trajectory. Figure 6 shows an 
exploded view of the LCGEU. 


 


Figure 6: Low Cost Guidance Electronics Unit. 


Because the LCGEU uses commercial grade sensors, the navigation error increases dramatically with loss of 
GPS. To compensate for this additional anti-jam GPS antenna electronics were included and the navigation 
filter-formulated data used Draper’s Deep Integration algorithms.  
 
Previously, in December 2001, BAE Systems also participated in successful ERGM Control Test Vehicle 
flight tests in which their SiIMU was used [Ref. 14]. 
 


3.0 PATH TO TACTICAL GRADE PERFORMANCE  


As long as GPS is available then the use of low performing inertial sensors is acceptable.  However, to reduce 
reliance on GPS, the need for MEMS to reach tactical grade or better is essential.  The size, weight, power and 
cost advantages that MEMS offers would also make MEMS IMUs very competitive with RLG and FOG 
systems. Therefore significant effort was (and still is) put into improving the performance of MEMS IMUs. 


3.1 MMIMU 
The Special Projects Office of the Defense Advanced Research Projects Agency (DARPA) and the Air Force 
Research Laboratory (AFRL) sponsored Draper Laboratory from 2000 to 2002 to develop and demonstrate 
the world’s highest performance MEMS IMU, the DARPA MMIMU [Ref. 15].  The performance requirement 
was a 10 deg/h, 500 µg IMU with a performance goal of 1 deg/h, 100-µg, and with a unit production cost goal 







Inertial MEMS Systems and Applications 


3 - 8 RTO-EN-SET-116(2011) 


 


 


of $1200.  Designed as a low-cost, smaller, low power alternative to Honeywell’s ring laser gyro-based 
tactical-grade HG1700 IMU, the MMIMU is 2.7 inches (68.5 mm) in diameter and 1.4 inches (35.5 mm) high 
(8 in3) with a weight of 260 grams.  The IMU was designed to perform over a temperature range of -40 to 
+85°C and consume less than 3 W.  


Development experience and the need to design for ease of manufacture and low cost drove the MMIMU 
designs to much simpler implementations.  The MMIMU assembly shown in Figure 7 features a set of four 
plug-in modules with screw attachments.  From top to bottom are the IMU processor, power conversion 
electronics (PCE), accelerometer, and gyro modules.  Each module consists of a PCB mounted to a Kovar 
frame, and alignment pins are used to guide module-to-module assembly and connector mating.  Top and 
bottom seam-welded covers provide a hermetically-sealed system. 


 
 
 
 


     


 
 
 


 
 
 
 
 
 
 
 
 
 
 


Figure 7: MMIMU Assembly. 


To meet the volume constraints, a novel planar stacked disk approach was developed for system packaging.  
Inertial sensors are hermetically sealed in an leadless ceramic chip carrier (LCCC).  A separate 3-axis 
accelerometer and 3-axis gyroscope instrument module are configured with ASIC electronics, further 
improved to reduce the number of off-chip components.  The two 3-axis inertial instrument modules 
contained the latest MEMS TFG and pendulous accelerometer sensor designs.    Ceramic mounting blocks are 
employed for the orthogonal set, and a separate mixed-signal CMOS ASIC in a chip-scale package operates 
each sensor.   


ASIC electronics implemented in CMOS processes provide excellent performance at low power and cost, 
while enabling the small size objectives to be met.  Much of the gains in performance experienced in TFG 
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development are directly attributable to the ASIC electronics.  The MMIMU gyro ASIC, the High-
Performance Gyro digital ASIC (HPG-1), was developed under the DARPA MMIMU Program.  This third-
generation ASIC uses a high-speed Σ–∆ converter to acquire the gyro rate information directly from the 
preamplifier.  All sense axis processing is performed digitally, eliminating errors associated with drift in the 
baseband electronics while achieving dynamic ranges in excess of 140 dB.  The accelerometer electronics 
form a differential capacitive measurement system consisting of a carrier signal generator and demodulator 
circuitry providing a DC output proportional to acceleration.  During closed-loop operation, control 
compensation and rebalance drive circuitry are added.  An existing second-generation analog ASIC (RMA-1) 
was used for the accelerometer.  The ASICs were packaged in custom ball grid array packages. 


Build of two MMIMUs was started, with one completed and tested by August 2002.  Table 2 presents a 
summary of the MMIMU goals and the actual IMU test data. As of today (2010) these results still represent 
the highest published performance data attained to date on an all-Silicon MEMS IMU.  The DARPA MMIMU 
Program was the culmination of three years of focused development on advancing the performance of MEMS 
gyroscopes.  This effort leveraged 10 years of development and over $100M of Draper IR&D and government 
investments in the development of MEMS inertial technology. 


Table 2: MMIMU Sensor Performance. 


 


 Parameter  
Gyros Accelerometers 


Goal Actual Goal Actual 


Bias Turn-on Repeatability deg/h or mg 1 (1σ) 3 (1σ) (1) 0.5 2 (1σ)  (1) 


Bias In-run Stability deg/h or mg 1 (1σ) 5 (1σ) (2) 0.1 (1σ) 1 (1σ) (2) 


Bias Drift deg/h or mg  5 (1σ)  (3)  2 (1σ)  (3) 


Scale Factor Turn-on Repeatability ppm 140 (1σ) 70 (1σ) (1) 210 125 (1σ) (1) 


Scale Factor In-run Stability ppm 140 (1σ) 100 (1σ) (2) 210 600 (1σ)  (2)


Axis Misalignment mrad 0.5 1 0.5 1 


Input Axis Repeatability mrad 0.1 0.2 0.1 0.2 


Maximum Input deg/s or g 1,000 1,000 (4) 50 45 (4) 


Bandwidth Hz 150 150 (4) 100 100 (4) 


Angle Random Walk deg/√h or m/s/√h 0.030 0.050 0.035 0.02 
 


Notes: (1) Turn-on to turn-on over 0°C to +70°C, power-down, and mount/dismount, 14 days 
(2) Post-compensation over 0°C to +70°C 
(3) RSS of turn-on and in-run performance 
(4) Typical; other ranges available 


3.2 CGIMU 
The goal of the US Army’s Common Guidance IMU program was to develop a new system that extends the 
capabilities of the previous systems further yet in terms of highest performance with high launch loads, anti-
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jam GPS, decreased volume, and low production cost ($1200 per IMU and $1500 per INS/GPS in high 
volume) [Ref. 16].  CGIMU was a multi-year program in three phases as shown in Table 3 [Ref. 16].  
Significant development effort was planned within the scope of this program to shrink packaging volume, 
power and overall system cost while improving sensor performance.  The ultimate goal was to develop a 
common system for use in the majority of the Department of Defense’s tactical applications. 


Table 3: CGIMU [Ref 16]. 


Parameter  IMU 
Volume  


Gyro 
Performance  


Accelerometer 
Performance  


Expected 
Completion  


Phase 1  8 cu in  200 °/h (3σ)  9 mg (3σ) April 2003  


Phase 2  4 cu in   20 °/h (3σ) 4 mg (3σ) October 2004  


Phase 3  2 cu in    1 °/h (3σ) 0.3 mg (3σ) October 2006  


 
 
Initially several organizations participated in the CGIMU program.  Honeywell, in partnership with Draper 
Laboratory, was funded in 2001 with the MMIMU technology as the Phase 1 baseline.  During this 
development period effort was also expended on improving anti-jam capability through improved algorithms.  
Figure 8 (courtesy of Honeywell) outlines Honeywell’s Common Guidance technology progression through 
the subsequent phases; the HG1930 being 4 cu in and the HG1940 2 cu in.   


 


Figure 8: Honeywell’s Common Guidance Technology Progression  
(Published with permission of Honeywell). 


3.3 Tactical Grade MEMS IMUs 
There now exist several suppliers of tactical grade IMUs and INS/GPS systems.  Honeywell has the HG1930 
and HG1940 IMUs. In 2006 Integrated Guidance Systems (IGS), a Honeywell and Rockwell Collins joint 
venture, introduced family of Deeply Integrated Guidance and Navigation Units (DIGNUs) [Ref. 17].  IGS’s 
first product was the IGS-200, a 13.7 cu in (225 cc) gun-hardened system.  Subsequent products are the IGS-
202 (16.5 cu in) and IGS-250 (7.8 cu in) INS/GPS systems [Ref 17].  BAE Systems (now Atlantic Inertial 
Systems (AIS) a B. F. Goodrich Company)), Northrop Grumman LITEF, and Systron Donner Inertial (SDI) 
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have all developed tactical grade MEMS IMUs.  AIS have the SiIMU02 (~5 cu in) and SiIMU04 (~8 cu in) 
IMUs as well as the SiNAV (~20 cu in) Inertial Navigation System [Refs. 18 - 20].  LITEF have developed a 
20 cu in IMU [Ref. 21] for AHRS applications.  SDI have developed the SDI500 IMU (~19 cu in) shown in 
Figure 9 (courtesy of Systron Donner Inertial). The SDI500 is based on quartz technology.  The high signal to 
noise ratio of the piezoelectric readout from quartz gives the SDI500 very low Angle Random Walk.  Systron 
Donner also has the SDN500 (~25 cu in) miniature integrated GPS/INS system [Ref. 22]. 


   


Figure 9: SDI500 with Schematic of Internal Mounting  
of the Sensors (Published with permission of SDI). 


It should be noted that, while the existence of tactical grade IMUs has reduced reliance on GPS, they have not 
eliminated the need for GPS (whenever available) or other augmentation sensors to ensure mission success.  
For example, in purely inertial mode, a tactical grade IMU’s position error would be around 150 meters in 3 
minutes.  


4.0 PACKAGING 


Packaging considerations are very important for performance as well as survivability and significant 
packaging challenges arise when trying to minimize the size and cost of a product expected to last 20 years in 
an uncontrolled environment.  In particular, for very high g applications, typical environments may include a 
20,000 g setback acceleration, angular rates up to 250 revolutions per second, and a 5000 g set-forward 
acceleration upon exit from the gun barrel.  Also, MEMS sensors tend to have a fairly high sensitivity to 
external vibration.  Therefore, the inertial sensors and electronic assemblies must be properly mounted, 
especially if they are to survive a gun launch environment.  Shock mounts are typically employed for inertial 
components to attenuate and dampen the high-g launch loads and in-flight vibration inputs.   


The size of the inertial sensor modules originally dominated the size of MEMS IMUs.  This was not due to the 
size of the sensing element itself, but from the electronics. Initially, commercial field programmable gate 
arrays (FPGAs) were often used for many digital functions.  Subsequently the electronics were packaged in 
Application Specific Integrated Circuit (ASICs) with configurable gate arrays (CGAs) to replace FPGAs, and 
passive conditioning electronics into a custom ball grid array (BGA) package.  As ASIC development became 
more advanced it virtually eliminated all off-ASIC components on the board.  This resulted in a ~50% volume 
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reduction in board size.  Current packaging is now able to stack (bump bond) 7 or 8 chips in one BGA about 2 
mm high. Other advanced packaging techniques use Flat No Leads packages, using landing pads not BGAs. 


Another major advance in packaging size reduction resulted from the design and fabrication of planar sensors 
that could measure in-plane (x-axis and y-axis) or out-of-plane (z-axis) rate or acceleration.  Originally, three-
axis measurements were achieved by rotating sensor packages on ceramic mounting blocks as shown in 
Figure 10(a) to get measurements along x, y, and z axes. The ability to use planar mounting of all the sensors 
further minimizes overall system packaging volume since the ceramic mounting blocks are eliminated.  
Utilizing a combination of these new sensor technologies and the aforementioned ASIC electronic advances 
with CGA devices custom packaged in a BGA format enables the realization of a complete 6-axis inertial 
instrument module as shown in Figure 10(b).  This yields a total volume reduction of >75 percent over that in 
Figure 10(a). 


 


 


 


(a)  Two 3-Axis Sensor Modules (MMIMU) vs. (b) One 6-Axis Sensor Module 


Figure 10: Improved Packaging. 


5.0 CURRENT MEMS IMU APPLICATIONS 


As of today, MEMS IMUs have been successfully demonstrated in numerous applications, including the high 
g applications (e.g., artillery shells, extended range (rocket assisted) munitions, mortar shells, anti-tank 
weapons) mentioned previously. MEMS IMUs can now be purchased for commercial and military uses from 
numerous companies.  In fact, MEMS is poised to become the worldwide industry standard for the design of 
nearly all modern smart weapons. Table 4 [Ref. 23] shows typical generic inertial bias from 1991 for missile 
guidance applications (assuming no GPS, but with other initial or terminal aiding).  As shown in the table, 
MEMS is now able to meet most of these bias requirements.  The other major requirement is low noise and 
achieving this is still an issue for MEMS IMUs.  


Table 4: Generic Bias for Missile (no GPS) [Ref. 23]. 


Mission Gyro (°/hr) Accelerometer (µg) 
Air-to-Air 


Surface-to-Air 
Air-to-Surface 


Mid-Course Guidance 
Surface-to-Surface 


Long-Range 


10 - 100 
10 – 100 
0.1 – 10 


0.01 – 1.0 
0.001 – 0.1 
0.001 – 0.01 


500 - 1000 
500 – 1000 
50 – 500 
20 – 200 
5 – 100 
5 – 50 


                                                    Blue – MEMS can meet. Red – MEMS not yet demonstrated 
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Tactical grade MEMS IMUs have been fielded in a number of existing and developing weapon systems, such 
as Excalibur, Small Diameter Bomb, E-Paveway, Hellfire, Joint Common Missile, ERGM, BTERM, etc. 


For many applications tactical grade performance, while desirable, is not essential and commercial grade 
MEMS, with appropriate GPS aiding and other augmentation sensors, will suffice.  Table 5 [Ref. 24] shows 
typical generic bias, scale factor, and random walk for a GPS/inertial guided artillery shell and guided bomb.  
It can be seen that, even with a certain amount of jamming, inertial MEMS with commercial grade 
performance is sufficient.  However, for the majority of the military applications a tactical grade IMU (or 
better) is required. 


Table 5: Generic Bias, SF and RW for GPS/Inertial Guided Munitions [Ref. 24]. 


 Gyroscope Accelerometer 
Range (km) GPS Off (km) Bias °/h SF ppm ARW °/√h Bias mg SF ppm 


Guided Artillery Shell 
12 5.6 100 1000 20 70 1000 0.5 
30 5.6 2400 1000 46 300 2000 1.7 


Guided Bomb 
10.7 5.6 27 1000 0.3 4 1000 2 
10.7 From Start 1.5 200 0.1 0.8 300 0.8 


Commercial grade MEMS IMUs are currently available from numerous companies and are used in all types of 
applications. Many of the manufacturers are willing to custom design IMUs to meet the purchaser’s specific 
requirements.  The following examples of commercial grade MEMS IMU suppliers provide just a glimpse of 
the kinds of IMUs that are available worldwide; there are far too many to list.  VectorNav’s VN-100 provides 
a 9sensor axis IMU on a single surface mount module [Ref. 25].  It contains Analog Devices ADXL325 
accelerometers, Invensense IDG-500 and ISZ-500 gyros, and Honeywell HMC6042 and HMC1041Z 
magnetometers.  O-Navi’s Gyrocube3 is a 6 degree of freedom inertial sensor module in just over 1 cu in 
(16.4 cc) volume.  O-Navi also provides the FalconGX integrated digital IMU module in under 2 cu in volume 
and the PhoenixAX integrated IMU/GPS flight controller [Ref. 26].  Microstrain offers Inertia-Link, an IMU 
and vertical gyro combining a triaxial accelerometer, triaxial gyro, temperature sensors and an on-board 
processor running a sophisticated sensor fusion algorithm [Ref. 27].  Analog Devices has the ADIS series all 
under 1 cu in [Ref. 28].  Gladiator Technologies Inc has the LandMark series of IMUs and AHRS (some with 
GPS) and the MRM (Motion Reference Module) analog series [29].  Microbotics Inc has the MIDG INS/GPS 
in a 2 cu in package [Ref. 30].  Xsens has the MTi AHRS and the MTiG GPS aided AHRS [Ref. 31].  
MEMSense offers the nIMU (nano IMU) at under 0.9 cu in plus a wireless IMU that transmits data through 
the Bluetooth protocol [Ref. 32].  Silicon Sensing has the DMU02, six degree of freedom dynamics measuring 
unit with 1 cu in volume [Ref. 33].  Invensense has the MPU-6000 family which claims the world’s first 3-
axis gyro and 3-axis accelerometer on the same silicon die together with an onboard digital motion processor 
in a Quad Flat No Leads (QFN) package [34].  


Typical uses for commercial grade IMUs are in Integrated Navigation Systems, Attitude and Heading 
Reference Systems (AHRS), autopilots, dynamic environment monitoring and control systems. Typical 
applications are: Unmanned Aerial Vehicles (UAVs); drones; underwater vehicles; personal/pedestrian 
navigation; mobile mapping systems; human motion analysis; authentication; remote health monitoring; event 
monitoring (e.g., aircraft stores (weapon) separation); vehicle dynamic stabilization; motion gaming; optical 
image stabilization; antenna stabilization; platform stabilization; robotics; testing; targeting; and many others.  
The automotive industry is the second biggest MEMS market world-wide with many applications (such as 
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navigation, roll detection, inclinometers, air bags) using low cost, low performance inertial sensors [Ref. 3]. 
For several applications, such as gun pointing and stabilization, only 2-axis or 3-axis MEMS rate gyro 
packages (such as Honeywell’s GG5220 and GG5320 [Ref. 35]) are required. 


An area of particular interest is soldier and pedestrian navigation and positioning in GPS unavailable 
environments.  Numerous studies and field tests have been published, most of which have used commercial 
grade IMUs with various augmentation sensors. A common packaging technique is to combine the sensors 
into a boot as shown in Figure 11 from Carnegie Mellon University [Ref. 36].  References 37 - 39 describe 
soldier navigation systems that use a tactical grade IMU.   


  


Figure 11: Boot Mounted Soldier Navigation  
[Ref. 35 Carnegie Mellon University]. 


Figure 12: Inertial Stellar Compass [Ref 40]. 


Reference 37 also describes a range of typical miniature augmentation sensors that are currently being used in 
integrated navigation systems. 


Another area of interest is the use of MEMS IMUs in space. The extremely low weight and low power 
requirements makes MEMS very attractive. The first MEMS gyro in space was JPL’s clover leaf gyro 
followed by Systron Donner’s quartz rate sensor on Mars Rover.  In 2006 the Inertial Stellar Compass (ISC) 
was launched on a TacSat-2 spacecraft [Ref. 40].  The ISC was developed by Draper Laboratory and 
combined a MEMS inertial reference unit with a star camera and a processor. The ISC provides spacecraft 
attitude information at up to 5 Hz with accuracy <0.1 degree, at less than half the power of conventional 
systems.  The European Space Agency (ESA) has funded several market analyses and feasibility studies [Ref. 
41] based on European developments of MEMS gyros by companies such as BAE SYSTEMS (UK), Bosch 
(Ger), EADS CRC (Ger), LITEF (Ger), Sagem (Fr), Sensonor (Norway), and Thales (Fr).  Desired goal is 
around 0.1 deg/h bias stability. 


Since there are so many commercial grade IMUs with different characteristics and different performance, 
several performance comparisons of have been made. A recent study [Ref. 42] looked at the Crossbow 400CC 
IMU, the AXIS AIS402 GPS aided AHRS, and the XSens MTi IMU. The conclusion drawn was that 
individual calibration plus the use of post-processing algorithms significantly reduced the position drifts.  
Another study [Ref. 43] evaluated an IMU containing two dissimilar sets of MEMS accelerometers and gyros 
that could be combined differently.  The gyro sets were two types of modified automotive grade gyros, the 
accelerometer sets were Bosch SMB225 and Colibrys MS9010.  The IMU was calibrated and flown in a test 
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aircraft with the IMU integrated with GPS.  The results verified the calibration model and showed that good 
navigation results could be achieved with all sensor combinations. 


Attempts to improve the low frequency drift and reduce the high frequency noise of MEMS IMUs are 
continuing.    


In the area of AHRS and northfinding, the best tactical grade MEMS gyros are currently an order of 
magnitude worse than the application requirements.  One approach has been to introduce gyrocompassing 
with gimbals to compensate for bias drift [Refs. 44 and 45].  The incorporation of miniature gimbals has also 
been shown to produce performance improvements by an order of magnitude by allowing periodic calibration 
and alignment.  The problem is to make the gimbals small enough.  Another technique to improve 
performance, especially over high dynamic range, is to use controlled arrays of MEMS sensors.  This was 
used in the early development of guided artillery shells [Ref. 6].  Reference 46 describes a patent for optimally 
combining measurements from individual rate sensors into a significantly improved rate estimate.  Results 
from a three year US Army component development program that investigated multiplexed COTS and custom 
accelerometer arrays, have demonstrated two orders-of-magnitude increase in dynamic range [Ref. 47].  Also 
shown was that the integration on the same chip of an angular rate sensor with an accelerometer array and 
temperature sensors improved gyro compensation for vibration and thermal effects.  Co-location and 
integration of several devices on the same chip will not only reduce size of MEMS arrays significantly, but 
should also improve the overall performance. 


6.0 THE FUTURE  


For military applications, the major goals continue to be decreased reliance on GPS, increased system 
accuracy, reduction in collateral damage, and increased effective range, while at the same time minimizing 
size and cost. Several sensor technology developments, as discussed in Reference 5, need to occur for this to 
take place. This relies on the success of one or more of the following: (i) development of a rate integrating 
MEMS gyro (DARPA MRIG program [Ref. 48]); (ii) development of a navigation grade gyro (DARPA 
NGIMG program [Ref. 49]); (iii) development of miniature cold atom sensors; and (iv) development of 
optical MEMS gyros. The success of another important development program, DARPA Single Chip Timing 
and Inertial Measurement Unit (TIMU) [Ref. 50], is also key to enabling self-contained, chip-scale inertial 
navigation (no GPS) with micro-systems.  Significant challenges are involved in TIMU: accurate sensors for a 
dynamic environment; reduction of long-term bias drift; deep integration of clocks with the IMU; 
development of innovative fabrication processes and advanced architectures integrating timing and IMUs.  
Success of the above programs will result in MEMS systems meeting over 90 percent of precision weapon 
guidance, navigation and control needs. It should be noted that even with high performance sensors, 
augmentation sensors and GPS aiding will likely still be used wherever possible. 


Market trends in MEMS have been reported in Reference 2.  The market for MEMS sensors and IMUs has 
increased steadily from ~$1.8B in 2009 and is expected to reach ~$3B in 2013. The market is currently 
dominated by automotive and consumer electronics applications, with the latter becoming the primary user of 
MEMS inertial by 2011. Use of MEMS in the defense area will grow due to the existence of tactical grade 
IMUs, which will open up a wide range of applications. 


The vision for far future MEMS inertial systems therefore appears very promising, although many technical 
challenges need to be overcome.  The possibility of one to two orders of magnitude gyro performance 
improvement exists.  Accelerometers have already reached strategic grade performance in a laboratory setting.  
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Wafer-scale integration of high-performance planar array sensors, with multi-channel digital ASICs and 
multi-axis on-chip sensors, will create complete systems on a chip, offering a further order of magnitude 
reduction in volume.  Using high-volume foundries, these sensors and IMUs will thereafter be reduced to 
commodity items and installed as chip sets in higher-level systems.  Commercial applications will evolve to 
take advantage of the higher performance afforded by these technologies.  Self-locating cell phones, 
intelligent vehicle highway systems, personal navigation, and autonomous control are all applications poised 
to integrate these technologies and exploit its utility.  Analogous to the proliferation of GPS into common life, 
once these technologies are available, engineers and designers closest to the problems will find techniques to 
employ singular or integrated aspects of these technologies to address existing and new needs.  Future 
INS/GPS system designers will be able to select inertial and GPS chip sets with desired performance attributes 
out of catalogs in the same manner that an analog circuit designer selects operational amplifiers today. 
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ABSTRACT 


Recent developments in the miniaturization of inertial instruments and GPS receiver hardware have led to the 
introduction of small, low cost integrated navigation systems which advertise better than 10 m position 
accuracy under circumstances where GPS remains available. Under situations where GPS is unavailable or 
intermittent such as urban, indoor or subterranean environments, navigation performance is limited by 
inertial sensor performance. Given the size, power and cost constraints of miniature systems, currently only 
tactical grade MEMS gyros and accelerometers (performing at around 1 deg/h and 1 milli-g bias stabilities, 
respectively) are suitable for use in these applications. Consequently position accuracy rapidly degrades in a 
tactical grade inertial/GPS system when GPS is denied. To recover navigation accuracy in miniature systems 
then, it is necessary to use additional sensors (e.g., velocity meters, magnetometers, barometers) and 
algorithms to augment the inertial system.  


This paper discusses some of the ongoing activities in the technology development of miniature augmentation 
sensors that could be used to improve performance in applications with little or no GPS signal. Current 
developments in miniature magnetometers, velocity meter technologies and MEMS precision clocks and 
MEMS barometers are discussed with emphasis on suitability for navigation system integration. Recent 
advances in optical sensors, in particular 3D cameras, are also discussed with some references to advanced 
inertial aiding approaches. Simulations of position error over time are compared for certain GPS-unavailable 
missions based on hypothetical IMU performance expected from these inertial sensors, with and without a 
velocity meter, and with/without barometer and magnetometer. Algorithms used to implement integration of 
barometers and magnetometers into the INS navigation solution are also presented. The paper concludes with 
test results demonstrating a prototype miniature navigation system developed for personal, land navigation 
applications. 


INTRODUCTION 


Recent developments in the miniaturization of inertial instruments and GPS receiver hardware have led to the 
introduction of small, low cost integrated navigation systems such as the Integrated Guidance Systems LLC 
IGS-200 series and Atlantic Inertial Systems SiNAV products (Fig 1a – 1b). In applications where GPS 
remains available, these systems advertise position accuracy of approximately 4 to 10 m. (Ref [1,2]). Under 
situations where GPS is denied, compromised (e.g. multipath) or intermittent, position accuracy degrades as 
error growth from the inertial sensors dominates the dead reckoning navigation solution. 



mailto:rhopkins@draper.com
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Figure 1a: IGS-200 Series Navigation 
System Ref [1]. 


Figure 1b: AIS SiNAV Navigation  
System Ref [2]. 


There are many emerging mission applications for GPS-unavailable navigators; typical missions are personal 
navigation in urban (indoor and outdoor) environments, search and rescue robots in difficult access (e.g., 
rubble) environments, autonomous land vehicle in urban or rural environments, and autonomous underwater 
vehicles in littoral or deep ocean environments. Typical position knowledge desired is 1 to 3 meters over 
periods of minutes to hours, under operational temperatures from -25 to +130 degrees F and rate and 
acceleration measurement ranges up to 360 deg/s and 5g. Table 1 presents a summary of several mission 
requirement goals for urban and subterranean/sub-ocean environments. 


Table 1: Mission Requirement Goals. 


 Mission 


Goals 
Urban  


Personal  
Navigation 


System 


Subterranean  
Personal  


Navigation System 
Search & 


Rescue Robot 
Autonomou


s Land  
Vehicle 


Autonomous 
Undersea  
Vehicle 


Size (in3) 10 12 4 25 25 


Weight (lb) 0.5 3 1 2 2 


Power (w) 5 5 1 20 20 


GPS Availability Intermittent Denied Denied Intermittent Denied 


Mission Time (h) No Limit 0.5 8 1 1 8 


Position Knowledge 
(meters) 3 3 3 1 3 10 


Velocity Meter Yes No Yes Yes Yes Yes 


Max Speed (m/s) 1 1 1 1 10 10 


Currently, miniature inertial/GPS systems feature tactical grade instruments having approximately 1 deg/h 
(gyro) and 1 milli-g (accelerometer) bias stabilities. Unaided, the position error from 1 milli-g of 
accelerometer bias uncertainty alone integrates to approximately 17 m in 1 minute, and will grow by over 3 
orders of magnitude in an hour. A personal navigation application where horizontal position needs to be 
known to 1 meter after 1 hour in the absence of GPS would require gyro and accelerometer bias performance 
on the order of ~5 micro-deg/hr and ~15 nano-g, respectively. No suitable (e.g., cost, size, power) inertial 
technology exists today that approaches this performance level. Consequently, in a GPS-denied environment, 
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the use of active and passive augmentation sensors (aiding devices) is required to provide velocity and/or 
attitude updates to bound the error due to the drift in the inertial components.  
 
Examples of augmentation sensors are velocity sensors, odometers, baroaltimeters, magnetometers, ranging 
devices (i.e. optical and laser scanners), proximity sensors, and GPS pseudolites. There can also be 
improvements from using special procedures such as ZUPTs (Zero Velocity Updates), mapping information, 
or path crossings. Augmentation sensors open the door to the use of much lower performing inertial sensors, 
so that current technology can be applied to developing an integrated navigation solution of required accuracy. 
 
This paper presents an overview of current developments in miniature augmentation sensor technology that 
are suitable for navigation system applications. Timing references, magnetometers, barometers and velocity 
sensors are discussed in detail, with emphasis placed on current miniaturization efforts. Recent advances in 
optical sensors, in particular 3D cameras, are also discussed with some references to advanced inertial aiding 
approaches. Some discussion of sensor integration algorithms is also presented, along with performance 
simulations of some candidate architectures. The paper concludes with an example of a personal navigation 
system which integrates multiple augmentation sensors with an inertial/GPS INS. 
 


MINIATURE AUGMENTATION SENSORS 


Among the components critical for development of a miniaturized integrated Inertial/GPS system are 
“augmentation” sensors such as barometers, magnetometers, velocity meters and timing references. Recent 
developments in MEMS and solid state optical technologies are, as is the case with inertial sensors, enabling 
the development of miniaturized versions of these sensors with performance suitable for integration with 
small INS/GPS systems. This section discusses operational principles, miniature designs and performance 
considerations for these sensors. 
 


Barometers 
The addition of a barometer to integrated navigation systems is not a novel idea as they are typically inserted 
in INS systems to constrain position error growth in the local vertical channel (Ref [10, 11, 12]). Equation [1] 
below shows how vertical acceleration is calculated in a local level frame: 
 


( )VVh ENNNEZSF gA ωω ++−−= Ω&&  [1] 
 


where:  = Indicated z-axis (vertical) acceleration 
 AZSF = Z-axis accelerometer indicated specific force 
 g = Plumb-bob local gravity 
 VN , VE = North and East velocities relative to earth frame 
 ωN , ωE = North and East local frame angular rates relative to earth frame 
 ΩN = North component of earth rate 
   
Neglecting the coriolis frame-rate terms in [1] and integrating twice gives, to first order, the estimate for 
vertical position (h): 
 


( ) dtdtgAZSFh ∫∫ −=  [2] 
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Equation [2] reveals the vertical channel instability problem; local gravity (g) is determined via a model in the 
INS flight computer, and is a function of altitude. A positive altitude error will cause an under estimate in the 
value of g, which subsequently leads to an increase in the positive altitude error. Likewise a negative altitude 
error causes an over estimate of g which further contributes the altitude under estimate. Consequently, in an 
inertial-only system, the vertical channel is inherently unstable with the altitude estimate diverging either 
positively or negatively with time.  
 
Gravity as a function of altitude is given by: 
 


⎟
⎠
⎞


⎜
⎝
⎛ −=


R
h


ghg 21)( 0  [3] 


 
where: g(h) = Plumb-bob local gravity as a function of altitude h 
 g0 = Nominal plumb-bob local gravity (9.8 m/s2) 
 h = Altitude 
 R = Nominal earth radius (6.378 x 106 m) 
  
 
From [3] then, a differential equation for altitude error can be written as (ref [12]): 
 


02
=− h


R
g


h ee&&  [4] 


 
where: he = altitude error 
 
Solving [4] with a non-zero position error (h0) initial condition gives the growth in altitude error estimate as: 
 


⎟
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0
2
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Substituting numerical values into [5] shows that an initial altitude error will double after about 750 seconds 
unless compensated by an external sensor such as a barometer. 
 
Consequently barometer integration is used extensively in INS system design. Likewise GPS receivers are 
incorporating barometers as a means to improve vertical channel ranging accuracy (Ref [13]). Commercial 
examples are the Garmin GPSMAP 76 Series receivers (fig. 2) which include a barometer whose pressure 
resolution capability translates into an approximately 1 foot vertical resolution capability. 
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Figure 2: Garmin GPS Receivers w/barometric altimeter (Ref: www.garmin.com). 


Nominal sea level atmospheric pressure is approximately 0.1 MPa, and decreases exponentially with 
increasing altitude at a rate of approximately 10 Pa/m (ref [13]). Hence barometer sensitivity on the order of 
~1 Pa enables sub-meter altitude resolution. VTI Technologies offers a line of silicon MEMS based pressure 
sensors such as the SCP1000 model (Fig 3) which features a 1.5 Pa resolution capability and a minimum 
range of 30 kPa. These limits enable use of this barometer from sea level to approximately 30,000 ft altitude, 
with sub-meter accuracy.  
 


 


Figure 3: VTI SCP1000 Pressure Sensor (Ref: www.vti.fi). 


The VTI MEMS pressure sensors have the familiar silicon capacitive architecture used in many MEMS 
sensor designs; two parallel plates form a capacitive gap, which changes with relative deflection under applied 
pressure. VTI employs an advanced Chip-on-MEMS packaging process that enables a heterogeneous, wafer-
level integration of the MEMS sensor with ASIC electronics, resulting in a compact (approx. 4 mm x 4 mm x 
1mm) low cost sensor/electronics chipset (Fig 4. Ref [14]) ideally suited for miniature INS system integration. 
 


 


Figure 4: VTI Chip-on-MEMS Process (Ref: www.vti.fi). 



http://www.garmin.com/

http://www.vti.fi/

http://www.vti.fi/
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Reference [13] presents a method for integrating a barometer into the vertical channel with error states 
modeled for barometer bias and scale factor. Equation [6] below shows the error state model for the 
navigation system vertical channel: 
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 [6] 


 
where: δh = altitude error 
 δV = vertical axis velocity error 
 B = barometer bias error 
 S = barometer scale factor error 
 ωs = Schuler frequency = √(g/R), ref equation (6) 
 τ = bias error time constant, ref equation (9) 
 ω = bias error Gaussian noise, ref equation (9) 
 δa = vertical acceleration Gaussian noise 
  
The barometer scale factor error in [6] is assumed fixed, and the bias is modeled as a first order Markov 
process according to: 
 


ω
τ


=+ BB 1&  [7] 


 
where: B = barometer bias error 
 τ = bias error time constant 
 ω = bias error Gaussian noise 
 
 
The barometer observation model equation is then given by: 
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where: ybaro = barometer observation model output 
 νbaro = barometer noise 
 h = vertical altitude estimate 
  
 







Miniature Augmentation Sensors for 
Integrated Inertial/GPS Based Navigation Applications 


RTO-EN-SET-116(2011) 4 - 7 


 


 


Magnetometers 
Magnetometers are used to augment the heading information in integrated navigation systems by furnishing 
orientation with respect to earth’s magnetic field. Magnetometers are available in many designs employing 
different technologies. Figure 5 below (adapted from ref [4]) shows that the performance range of different 
magnetometer technologies spans approximately six orders of magnitude, starting with Hall sensors at the 
coarse end, to Superconducting Quantum Interference Device (SQUID) designs at the very high sensitivity 
end of the spectrum.  


 


Figure 5: Magnetometer Technologies v. Performance. 


Because of the need to cool SQUID devices to cryogenic temperature, their application is limited to laboratory 
and clinical settings such as in hospital MRI imaging systems.  
 
The next most precise technology is atomic (sometimes referred to as quantum) magnetometers. Functionally 
an atomic magnetometer detects the presence of magnetic fields via their interaction with a gas filled vapor 
cell (see Fig. 6). The gaseous media, typically an alkali metal such as potassium, cesium or rubidium, is 
optically pumped to an excited state, and the magnetic spin moment of the atoms aligns with the optical 
source, allowing transmission of the light to a photodetector. An externally applied magnetic field disrupts the 
alignment of the vapor magnetic spin vectors causing an increase in the gas absorption of the light source, and 
a decrease in the light intensity observed at the photodetector. Precision sensing is achieved via application of 
a frequency controlled RF source which modulates the magnetic spin moment alignment of the gas and the 
transparency of the vapor cell. The modulation frequency is servo controlled to maintain a null at the 
photodetector; an externally applied magnetic field introduces a change in the gas vapor transmission which is 
restored by a shift in the servo controlled RF frequency. The frequency shift caused by the ambient magnetic 
field is called the Larmor frequency, and is proportional to the magnitude of the applied magnetic field. 
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Figure 6: Schematic of Atomic Magnetometer. 


Currently atomic magnetometers, such as the one shown in Fig. 7 offered by GEM Systems, Markham, 
Ontario, are large-sized devices designed for specialized geo-physical survey applications. 
 


 


Figure 7: GEM GSM-19W Magnetometer system, configured  
with 2 sensors for gradient measurements (Ref [28]). 


However, recent advances in MEMS technologies are enabling the development of miniaturized atomic 
magnetometers. Figure 8 below shows a ultra small scale magnetometer under development at NIST (Ref [4]) 
which demonstrates the potential for achieving very high performance in a miniature package size. 
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Figure 8: NIST Miniature Atomic Magnetometer (Ref [4]). 


Until miniature atomic magnetometers transition from laboratory demonstration units to a mass produced 
product, fluxgate and/or magnetoresistive designs are a better suited magnetometer technology for a miniature 
navigation system. Magnetoresistive sensors employ a nickel-iron thin film patterned as a resistive element in 
a Wheatstone bridge configuration (ref [9]). Under an applied external magnetic field, the magnetization 
vector of the NiFe film aligns with the current flow, and causes a change in the net electrical resistance of the 
element (Fig 9a, 9b). An example of a magneto-resistive based magnetometer is the Honeywell HMC 1043, 
which features a triad sensor arrangement in a single, compact 3 mm x 3mm package (ref [26]). Hence, the 
triad of bridge sensors can be calibrated to determine the net magnetic field vector components. 


 


Figure 9a: Magnetoresistive Element. Figure 9b: Schematic and Honeywell HMC1043. 


Requirements on the performance of a magnetometer for use in a navigation system are driven by scaling of 
magnetic field strength as the sensor is rotated from magnetic north to magnetic east. In the mid-latitude area 
of the northern hemisphere, the scaling is about 270 nT/deg. Noise equivalent resolution of 0.1deg/√Hz 
requires a sensor noise floor of 27nT/√Hz, the Honeywell HMC 1043 resolution is specified at 12 nT/√Hz.  
 
Figure 10 below shows the basic fluxgate magnetometer design concept (example ref [6]), a technology 
which has similar sensitivity as magnetoresistive sensors. A magnetic core material is wound with a set of 
drive and sense coils; application of AC current to the drive induces an alternating magnetic field that induces 
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an AC output voltage in the sense coil, which is symmetric about zero in the absence of external magnetic 
fields. The application of an external magnetic field biases the AC output voltage and produces a net 
differential output in the magnetometer proportional to the strength of the applied field. Fluxgate designs are 
sensitive to magnetic fields applied along the central core axis; hence a triad is required to resolve magnetic 
field orientation.  


 


Figure 10: Fluxgate Magnetometer Schematic. 


The PNI Sensor Corporation (Santa Rosa, CA, www.pnicorp.com) offers several models of magnetometers 
suitable for inertial system augmentation. For example, their TCM 5 and TCM 6 models (Fig. 11 ref [7]) are 
full 3-axis modules with integrated MEMS accelerometers for tilt compensation. The three-axis module 
design enables determination of magnetic north through simple trigonometric computations. Magnetic north 
heading can be converted to a true north frame by adding a declination angle from a database reference such 
as the World Magnetic Model (ref [8]).  
 


 


Figure 11: PNI TCM 5 and TCM 6 Magnetometer Modules (Ref [26]). 


The presence of anomalous magnetic fields and the influence of neighboring magnetic materials can corrupt 
the magnetometers indication of heading and present a challenge when developing the integrated navigation 
solution. REF [31].  


Some magnetometers offer a self-compensation capability to address this difficulty. For example, the TCM 
series magnetometers (nominally a 0.1° accuracy sensor) feature a digitally enabled compensation capability 
to account for the magnetic field distortion of neighboring hard and soft magnetic materials. Hard magnetic 
materials maintain their north-south polarity with orientation. Compensation for hard magnetic distortion can 
be implemented using the the form of (ref [29]): 



http://www.pnicorp.com/
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ψψψ mymxm HH sincos +=Δ  [9] 


 
where: ψm= magnetic heading angle 
 Δψm= magnetic heading error 
 Hx, Hy = x and y axis calibration coefficients 
 
Soft magnetic materials are re-magnetized with orientation changes with respect to Earth’s field which alters 
the functional form of the compensation approach to (ref [29]): 
 


ψψψ 2sin2cos mymxm SS +=Δ  [10] 
 


where: ψm= magnetic heading angle 
 Δψm= magnetic heading error 
 Sx, Sy = x and y axis calibration coefficients 
  
A pair of hard and soft iron compensation coefficients could be defined mathematically for each axis, however 
each of these 12 coefficients may not be independently observable. 


An example of magnetometer heading measurement corruption is shown in the plots in Figure 12 where the 
“true” inertial heading (red) and magnetic indicated heading (blue) are contrasted. This data was taken from 
the prototype personal navigation system discussed at the end of this paper. The top plot contains data from an 
open field athletic track; the middle plot depicts an Urban Canyon area, and bottom plot represents indoors in 
a metal frame building. The vertical scales in all three are the same, 45°/division. The progression shows 
increasing magnetic anomalies going from open field to indoors. 
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Figure 12: Magnetic v. Inertial Heading. 


This data highlights the challenges for using magnetic sensing in a dead reckoning system in discriminating 
valid (i.e. model following) measurements from anomalous ones. Reference [8] suggests a pre-filtering 
approach to rejecting local magnetic anomalies, where magnetometer readings are rejected if: 1) the 
magnetometer indicated heading differs from the inertial indicated heading by more than three standard 
deviations, or 2) if indicated magnetic flux density exceeds its average value by a certain factor. 
 


Timing Clocks 
In all applications a small, low power, highly accurate clock is required for processing purposes. Aside from 
needing a high quality timing reference to compute accurate inertial estimates of velocity, position and 
attitude, a high performance oscillator also aides rapid re-acquisition of GPS across signal interruptions (Ref 
[31]). Reference [22] describes a miniature atomic clock (MAC) under development as an intermediate step 
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towards a full chip scale atomic clock (CSAC). The MAC is a complete packaged atomic clock with overall 
size 10 cm3 and power consumption <200 mW that employs similar technology as the miniaturized atomic 
magnetometer discussed earlier. The CSAC program was a DARPA initiative that funded multiple teams with 
the objective of developing a miniature timing reference with volume <1 cm3 and power <30 mW with a 
timing frequency stability of 1 part in 1011 over an hour [Ref 23]. 
 
The MAC described in references [22, 24] is a collaborative effort between Symmetricom, Draper Laboratory, 
and Sandia National Lab and is shown schematically in figure 13. 
 


 


Figure 13: Miniature Atomic Clock (MAC) Schematic (Ref [25]). 


Like the atomic magnetometer discussed above, RF transmission through an alkali cell (cesium) serves as the 
fundamental sensor building block. Here, an optical pump energizes electrons in the two lower spectral 
ground states of the cesium gas. The application of a microwave tuned to the ground state transition frequency 
(4.6 GHz) introduces a redistribution of electrons in the two ground states; this resonance interaction alters the 
absorption properties of the cesium gas causing a decrease in sensed RF power at a photodetector. Servo-
electronics controls a VCO to keep the microwave source tuned to the atomic transition frequency, an 
exceptionally stable reference. 
 
Atomic clocks operating on the above principle have historically been large (>100 cm3) high power (>5 W) 
systems. The MAC team has employed MEMS and solid state optical technologies to enable significant 
miniaturization as shown in figs 14a-14b. 
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Figure 14a: MAC Physics  
Package (Ref [24, 25]). 


Figure 14b: Prototype MAC Electronics 
Module (Ref [24]). 


Rather than a high powered optical lamp, a vertical cavity surface emitting laser VCSEL (< 2 mW) is used as 
optical pump, and is integrated directly into a MEMS fabricated cesium cell with a folded optics configuration 
to achieve very small size. Prototype versions of the MAC have demonstrated long term (200 day) frequency 
stability of 10-10 Ref [24]. 
 
Likewise, NIST has a CSAC (ref [4, 5, 6]) under development that employs similar atomic transition 
technology. Like the MAC, it employs a VCSEL to minimize size and power and uses MEMS processing in 
its assembly. Figures 15a-15b (ref [25]) below show the physics package schematic and prototype hardware 
fabricated via MEMS wafer scale processing.  


 
 


Figure 15a: NIST CSAC Physics  
Package (Ref [25]). 


Figure 15b: Wafer scale CSAC  
MEMS Processing (Ref [25]). 


Velocity Meters 
The addition of a velocity meter is effective at bounding position error drift caused by inertial errors when 
GPS is unavailable; this will be discussed in further detail later in this paper. Velocity sensing can be 
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accomplished in the optical domain with laser Doppler radar (i.e. LIDAR), through RF band or ultrasonic 
Doppler radar. Reference [15] discusses an example of a LIDAR based velocimeter, used to furnish landing 
speed information for spacecraft terminal descent control on planetary landers. A schematic is shown in fig. 
16; the front end of this sensor includes a diode-pumped erbium doped fiber laser, a lithium niobate 
waveguide electro-optic phase modulator, fiber optic couplers and splitters, and individual transmit and 
receive telescopes. This integrated diode assembly feeds the front end of a low noise amplifier which outputs 
to digital tracking filters and a controller to extract both relative velocity and range to the target surface. 
 


 


Figure 16: Miniature Coherent Velocimeter and Altimeter (MCVA) (Ref [15]). 


Performance objectives of this combination system are <10 cm/s velocity and <10m range; weight is 
approximately 1 kg and power is approximately 0.1 W. 
 
The above example LIDAR based system has excellent performance, but it is unsuitable for a miniature 
integrated navigation system application because of size and weight considerations. In contrast, progress in 
miniaturization of RF patch antennas is enabling the introduction of RF-based radar velocimeters in 
miniaturized integrated navigation systems. The 24 GHz technology used in COTS traffic enforcement 
systems can be adapted for navigation system velocity aiding.  
 
Figure 17 shows a basic patch antenna element produced by InnoSenT GmbH (www.innosent.de) with 
corresponding schematic. The patch array shown has separate transmit and receive antennas, demodulating the 
received signal in-phase and in quadrature with the transmission signal enables determination of the sign of 
the velocity measurement (i.e. sensed object moving toward or away from sensor). 
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Figure 17: Basic Transmit and Receive Radar sensor with  
InnoSenT 8x8 Patch Array (Approx. 3 in x 3 in). 


Draper Laboratory has demonstrated a prototype Personal Navigation System (ref [27]) employing RF radar 
technology as a velocity aiding sensor. Accuracy on the order of 1-2 cm/sec was demonstrated, with patch 
antennas of the size shown above in fig. 17. A broad antenna aperture size (i.e. area) helps to suppress side-
lobing and control the forward projected beam-width of the radar signal. For precision velocity sensing in a 
navigation application, a narrow beam-width is desirable to minimize errors from side-lobe reflections so that 
a well defined velocity vector can be computed.  
  
The most straightforward way to reduce RF velocimeter size while maintaining beam aperture is to increase 
carrier frequency. Selection of 76 GHz gives a 9:1 decrease in footprint from 24 GHz and leverages 
availability of components and fabrication techniques developed for automotive collision avoidance and 
cruise control radars. Though power efficiency is poorer at this higher frequency, net power consumption is 
low for this application due to the very close proximity of the sensor to ground target. 
 
A prototype 76 GHz Doppler radar front-end was developed for Draper Laboratory by Epsilon-Lambda 
Electronics. A trade study was performed to determine the most power efficient mechanism for generating the 
carrier. Quiet oscillator sources were available at lower frequencies, but efficiencies of multipliers were poor. 
The design approach chosen was to use a discrete oscillator based on Gunn diode technology with direct 
generation of the 76 GHz carrier. The diode is mounted in a tuned cavity. A waveguide port from the cavity is 
matched to a micro-strip line on a printed circuit board containing the patch antenna elements and detector 
circuit.  
 
In the early prototype a discrete waveguide connected the antenna to the transceiver electronics to enable 
independent testing of each subsystem. Later builds of the sensor integrated the electronics onto the antenna 
printed circuit board (PCB) (fig 18). Gain patterns for the vertical (pointing toward the waveguide, H-plane) 
and horizontal axes are shown. They demonstrate that the antenna can generate an isotropic pencil beam with 
a nominal width of 7 degrees; sidelobes are well suppressed, lower than the main beam by 16dB to 18dB.  
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Figure 18: Integrated Doppler Transceiver and Antenna Gain Pattern. 


The plots in Fig 19 show Doppler frequency shift vs. time for 24 GHz and 76 GHz sensors mounted on a cart 
with their beams pointed toward a set of typical ground targets. The 24 GHz shifts are scaled by the ratio of 
carrier frequencies. For these common surfaces, the effectiveness of target scattering between the two 
frequencies is qualitatively similar, indicating the capability to operate across a variety of different 
environments. 
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Figure 19: Measured Velocity Profiles from Common Surfaces. 
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Reference [16] presents an algorithm for integrating velocity measurements into a navigation solution. A 
simple model is used which includes velocity error and velocity white noise process terms. The velocity 
observation model is given by: 
 


[ ] [ ][ ][ ] [ ][ ] νδψ doppe


dopp


ee


edopp


e VCVCz +−∧=  [11] 


 
where: z = velocity observables in Doppler frame 
 Ce


dopp = Doppler velocity error in earth frame 
 Ve ^ = skew-symmetric matrix of the velocity vector 
 ψe = attitude error in earth frame 
 δVe = Doppler velocity error in earth frame 
 νdopp = Doppler velocity noise 
  
Note that the model includes velocity interaction with attitude errors ψ. 
 
Doppler velocity aiding is a relatively drift-free measurement to bound drift on inertial sensors. The inertial 
sensors in turn provide a basis for screening Doppler measurements for spoofing by nearby moving objects or 
host travel in a moving vehicle. Over short timescales, inertial sensors are low drift, low noise, and unaffected 
by environmental factors. The navigation filter, in its sensor fusion compares each Doppler measurement to 
the navigation velocity, projected along the Doppler axis, and decides using a statistical criterion whether to 
accept the measurement or not.  


An example of integration of a tactical MEMS IMU with a 76 GHz wearable radar is shown in Figure 20. 
Doppler velocity along a single sensor axis (blue trace) is co-plotted with inertial sensor derived velocity 
projected along the radar’s beam (red trace). The radar is mounted to the same chassis as a tactical grade IMU; 
the assembly is mounted mid-body on a person walking down a city street. The two traces are well correlated. 
Both have the bandwidth to track velocity variations typical for a walking gait. 
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Figure 20: Inertial-derived and Velocimeter Measured Velocity Profiles. 


Reference [17] presents a simpler application of velocity meters in integrated navigation systems, where a 
radar based sensor with two element RF patch antenna is used to furnish Zero Velocity Updates (ZUPTs) in a 
personal navigator system. The boot integrated ZUPT sensor shown in fig. 21 from ref [17] is used to update 
the navigation solution by bounding velocity error when the user is stationary. 


 


Figure 21: Boot-heel integrated RF Velocity Sensor for Personal Navigation (Ref. [17]). 


This approach is a variant on a class of foot-mounted navigation systems (refs. 18-20) that employ compact 
and low power automotive grade MEMS inertial sensors and manage their larger drifts with zero velocity 
measurements on each footfall. Magnetic attitude sensing vs. MEMS gyroscopes are typically used in these 
systems. There is no mechanism in the foot mounted system architecture to control heading gyro drift. 
Reference [21] proposed a novel approach to controlling foot mounted gyro drift – use of foot-to-foot RF 
range measurements. Similar to foot sensor based ZUPT measurements, RF ranging gives observability into 
heading gyro drift on each footstep and enables use of compact automotive grade MEMS gyros for precision 
GPS-denied pedestrian navigation. 
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There are two challenges for all approaches that employ foot-mounted sensing. First responders and 
dismounted soldiers have low tolerance for any boot mounted instrument that interferes with operational 
mobility. Ideally all instrumentation should be mounted conformally on the boot or embedded in the heel in a 
way that does not affect walking dynamics. Secondly, hard-wired interconnects between boot and mid-body 
or pack mounted equipment are not desirable. The goal in this foot mounted design space is a highly compact, 
human motion powered suite of navigation sensors. 
 


Optical Sensors 
Recent innovations in navigation systems in GPS denied environments have included the addition of optical 
sensors as part of the overall instrumentation integration suite [Ref 32, 33]. Different types of optical sensors 
are employed to furnish specific types of aiding information to the navigation system algorithms. For 
example, common CCD cameras have been used to provide 2D image data for feature-based aiding (i.e. the 
identification of landmarks). Alternatively, laser scanners have been employed to add ranging information and 
elevation/azimuth angular orientation with respect to neighboring surfaces. 
 
References [32, 33] discuss the optical sensor integration approaches in detail. In summary, feature-based 
navigation algorithms use cameras to identify landmarks, and correlate the location of their features over 
successive frame captures as an aiding method. In contrast, direct range and orientation (i.e. heading vector) 
information is furnished to the navigation solution with scanner-based instruments. 
 
Recently, 3-D camera technology has emerged which combines both features of a conventional 2-D imaging 
array plus a rangefinder. Figure 22 below depicts the basic operational principle of 3-D cameras, and contrasts 
this approach with the “3-D” imaging approach used in stereoscopic implementations. The conventional 
stereoscopic method uses a pair of 2-D cameras to triangulate the range to a point common in both cameras 
fields of view.  
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Figure 22: Stereoscopic 3-D imaging v. 3-D camera technology. 


The 3-D camera integrates a laser source with the CMOS imaging array. The laser emits infrared spectrum 
energy, either as a pulse or as a continuously modulated waveform, which illuminates objects in the field of 
view. The time of flight for the laser pulse to return is captured and correlated with each pixel on the imaging 
array, furnishing both feature image and depth information in real time. 
 
The emerging CMOS imaging technology has been critical to the development of 3-D cameras. In contrast 
with the more mature CCD technology, where the photon to charge conversion is sequentially captured and 
transported to voltage conversion electronics, CMOS technology enables direct photon to voltage conversion 
locally at each pixel element. This enables an advanced imaging chip architecture with enhanced functionality 
at the pixel level. 3-D cameras exploit this CMOS advantage by employing a dual-receptor pixel design that is 
electronically sampled as an in-phase and in-quadrature differential pair. Figure 23 below shows how this 
approach reconstructs range information. 
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Figure 23: Dual Pixel Arrays for 3-D Imaging. 


As shown, each pixel element consists of a pair of photo-sensitive elements. The camera has an optical source, 
a laser or LED, that illuminates objects in the field of view. The reflected light is absorbed by the dual pixel 
elements. The High/Low gates are modulated with a voltage waveform synchronized with the light source. 
The return phase of the light determines the amount of charge collected in each output gate of the pixel; 
hence, the voltage difference between the pair indicates the range to the object being imaged. 
 
The light sources used are typically in the near infrared potion of the spectrum and are generated either by a 
laser or by an LED. Source performance factors of importance are maximum optical power and efficiency, as 
well as high modulation frequency and modulation contrast (rise and fall time of modulation intensity). 
Recent advances in high power IR LEDs have enabled their introduction to this application. Table 2 below 
compares and contrasts the tradeoffs between LED and laser sources. 
 


Table 2: Laser v. LED Sources. 


Source Technology Advantages Disadvantages 
 
Infrared LED 


• Linear electro-optical properties 
• Integrated beam shaping optics 


• Source diffusion 
• Efficiency ~30% 
• Modulation limit: 20 MHz – 30 MHz 


 
Laser Diode 


• Diffraction limited FOV 
• Efficiency ~ 50% 
• Modulation limit > 100 MHz 


• Complex modulation circuitry 
• Phase stabilization 
• Eye safety 
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Some simple performance calculations will further illuminate some of the optical source tradeoff 
considerations. Range is determined either by measuring time-of-flight (TOF) for an optical pulse to return 
from the illuminated target, or by measuring the phase shift from the modulated source reflection. Timing 
resolution on the order of a pico-second will enable sub-millimeter resolution: 
 


( )( ) mmssmtcd 3.010/103 128 =×== −  [12] 
 


where: d = distance 
 c = speed of light 
 t = time 
 
Likewise milliradian phase measurement resolution is needed to resolve millimeter range variation: 
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where: φ = phase 
 d = distance 
 c = speed of light 
 f = modulation frequency 
 
The modulation frequency determines the maximum range that can be measured unambiguously, that is, the 
distance the source waveform travels before cycling through 360° of phase angle: 
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where: NAR = Non-Ambiguity Range 
 c = speed of light 
 f = modulation frequency 
 
Additional details on performance metrics and calculations can be found in reference [38]. Among them is the 
ability to suppress ambient background illumination from saturating the dynamic range of the imaging array. 
In typical daylight applications, the ratio of the background sunlight to the 3D camera source intensity can 
exceed 80 dB (Ref [39]). Spectrally filtering the return light and operating the source in a burst mode to 
increase intensity offers only marginal improvement in the optical signal to noise ratio. Consequently, array 
developers have devised methods for actively suppressing ambient light “noise”. These techniques use 
additional signal processing at the local pixel level, enabled by the CMOS technology. Reference [39] 
describes one approach used to suppress background illumination, which exploits the uncorrelated relationship 
between the background noise and the 3D camera infrared source. The correlated signal can be augmented by 
injecting additional charges in the readout terminals, displacing the uncorrelated background charge and thus 
reducing the background noise. 
 
Figure 24 below shows some 3D cameras offered by PMDTechnologies (Siegen, Germany, partnered with 
ifm electronic GmbH, Essen Germany) and MESA Imaging AG (Zurich, Switzerland). Canesta, Inc. 
(Sunnyvale, CA) also offers specialty made-to-order 3d camera products. 
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Figure 24: MESA Imaging & PMDTechnologies 3D Cameras. 


Table 3. below summarizes some of the key parameters of the camera models shown in figure z.  


Table 3: 3D Camera Model Comparison. 


 


In contrast with the other augmentation sensors discussed in this paper, these example cameras are not, strictly 
speaking, “miniature”. They are reasonably compact and the imaging array sizes are typically less than a 
square centimeter. With the emergence of small LEDs and miniature optics, insertion of 3D imaging in a 
miniaturized navigation system is feasible, though would require a significant effort to integrate all the 
components in an efficient form factor. 


GPS-UNAVAILABLE MISSION ANALYSES 
Inertial technology development continues to be very active, and that the opportunity to reduce size while 
maintaining or even improving performance exists. In an attempt to relate these developments to GPS-
unavailable missions, current and developing gyro and accelerometer technologies have been paired to 
optimize performance, and are shown in Table 4 below with projections on IMU size, weight and power. 
These IMU performance projections are used as a basis to perform a comparative analysis to see what benefits 
are to be gained from the technologies under development, and to assess the need for and benefit of navigation 
solution augmentation. 
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Table 4: Inertial Technology Performance Goals. 


 Current 
Tactical-


Grade IMUs
Nav-Plus Ultra-High 


Gyro 
Bias Stability (°/h) 
SF Stability (ppm) 
ARW (°/√h) 


1 
300 
0.1 


0.001 
1 


0.0001 


0.0001 
5 


4 x 10-6 


Accel    


Bias Stability (µg) 
SF Stability (ppm) 
VRW (ft/s / √h) 


1,000 
300 
0.2 


1 
1 


0.001 


0.1 


0.1 
10-5 


 


IMU    


Volume (cu. in) 
Weight (lb) 
Power (w) 


4 - 35 
2 


12 


8 
2 
5 


4 
0.3 
5 


In the simulation analyses below, the three representative IMUs spanning the low, high, and very high 
performance ranges, were selected from Table 4: 1) a current tactical grade IMU, 2) a hypothetical IMU 
representative of high performance, navigation grade sensors (“Nav-Plus”) and 3) a hypothetical IMU 
containing ultra-high performance inertial sensors. The RMS position, velocity, and attitude errors were 
initialized to zero. Three simulation cases were run: 1) Inertial with baro-altimeter, 2) Inertial with baro-
altimeter and velocity meter, and 3) Inertial with baro-altimeter and intermittent availability of GPS. No 
magnetometer was incorporated in these simulations. The simulation plots show navigation error as a function 
of time. 
 
The assumed trajectory was a random walk generated using an RMS heading rate parameter of 0.005 rad/s/√s. 
Thus these simulations do not reflect a particular mission, but are for comparison purposes only. Maximum 
speed is 1 meter/s and mission time is 8 hours. The velocity meter is assumed to give valid velocity readings 
for only some percentage of the time. It is assumed that bad readings are detected perfectly and not used. The 
velocity meter controls the low-frequency drift of the inertial solution, and is assumed to have an RMS error 
(white noise) of 3 cm/s/√s. The baroaltimeter stabilizes the inertial navigation in the vertical direction and is 
assumed available throughout with an RMS error (white noise) of 2 meters and altitude readings at one second 
intervals.  
 


Inertial w/Baroaltimeter Solution  
For an inertial-alone solution, none of the technologies under development can meet all the mission 
requirements of Table 1. This is shown in the simulation results in Figure 25. After only 30 minutes the 
position error would be 24,000 meters, 24 meters, and 2.4 meters with a tactical grade IMU, a Nav-Plus grade 
IMU, and an ultra-high perfomance IMU respectively. After 8 hours the respective errors would be 120,000 
meters, 120 meters, and 12 meters. Only the ultra-high quality IMU meets the position knowledge 
requirements of 3 to 10 meters in Table 1 for a substantial amount of time. In all cases, the down error was 
maintained at a value comfortably below the accuracy requirement via use of the baro-altimeter. 
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a) Tactical-Grade IMU b) Nav-Plus IMU c) Ultra-High IMU 


Figure 25: Inertial-only Solution - No Velocity Meter. 


Inertial with Baroaltimeter plus Velocity Meter 
Figures 26 through 28 show simulation results when a velocity meter is included. The tradeoff parameter is 
the probability of a good velocity measurement at each time step (one second increments) for each axis 
(denoted pv(on) in the plots). Simulated probabilities are for pv(on) equal to 0.03, 0.10, and 0.50. The 
probabilities are independent over axes, so that one, two or three axes could have bad measurements at the 
same time step. Figure 26 shows error spiking (sometimes to very high values) for the current tactical-grade 
IMU at low probability levels; this is attributable to significant periods of measurement outage. Note that the 
position error is reduced after the spikes; this is due to the correlations built up between position and velocity 
during the period of the spike, which is used to reduce position errors when good measurements are 
subsequently obtained from the velocity meter. This error spiking vanishes with the Nav-Plus IMU (Figure 
27) and the Ultra-High Performance IMU (Figure 28) even at very low probability levels.  
 


   


a) Pv(on) = 0.03 b) Pv(on) = 0.10 c) Pv(on) = 0.50 


Figure 26: Current Tactical-Grade IMU. 
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Figure 27: Nav-Plus IMU. 


Figure 28: Ultra-High IMU. 


When a velocity meter is used, it dominates in the ability to maintain high accuracy; there is only a slight 
reduction in rms position error after 8 hours using the nav-Plus IMU compared to a current tactical-grade IMU 
(~26 meters vs. ~28 meters along North and East for the case Pv(on) = 0.50). Even with a velocity meter none 
of the inertial technologies meets the 1 to 3 meters position knowledge requirements in Table 1 for more than 
a few minutes. All the technologies can meet the 10 meter requirement for at least one hour with pv(on) at 50 
percent. Therefore, the major driver for improving the performance of the IMU would be to eliminate or 
reduce the intermittent position error spikes, when the velocity meter has low probability of providing 
accurate measurements. For an ultra-high performance IMU, comparison of Figures 28c and 25c show that the 
velocity meter smooths the inertial solution, but has little effect on average position error (~10 meters vs. ~12 
meters inertial-alone).  
  


Inertial with Baroaltimeter plus Intermittent GPS 
Figure 29 shows the simulation results for three IMUs with no velocity meter, but with intermittent GPS 
availability, as in an autonomous land vehicle mission. GPS is assumed to be available such that one three-
axis measurement of position and velocity is obtained every 120 s. The GPS signal allows the navigation 
solution to be bounded. The benefits of high performing IMUs for meeting the mission requirements in Table 
1 are clearly evident in this situation. 


   
a) Pv(on) = 0.03 b) Pv(on) = 0.10 c)  Pv(on) = 0.50 


  


a) Pv(on) = 0.03 b) Pv(on) = 0.10 c) Pv(on) = 0.50 







Miniature Augmentation Sensors for 
Integrated Inertial/GPS Based Navigation Applications 


4 - 28 RTO-EN-SET-116(2011) 


 


 


   
a) Tactical-Grade IMU b) Nav-Plus IMU c) Ultra-High IMU 


Figure 29: Autonomous Land Vehicle, Intermittent GPS – 1 Hour. 


INTEGRATED NAVIGATION: PPS EXAMPLE 


Draper Laboratory has developed a prototype integrated Personal Positioning System (PPS) for the US Army 
under the Future Force technology demonstration project (Ref [16, 27, 31]). This wearable, personal 
navigation system (Fig. 30) serves as a test case for the integration techniques and simulations discussed 
above, and contains the following hardware elements: 1) a tactical grade MEMS IMU, 2) P(Y) code GPS 
receiver, 3) W-band mm wave Doppler velocimeters, 4) baro-altimeter, and 5) 3-axis magnetometer. The 
embedded navigation filter implemented the deep integration GPS algorithm described in ref [16]. 
Measurements from all augmentation sensors, including GPS were screened before being allowed to affect the 
navigation sensor fusion. This screening, based on the well characterized error dynamics of the inertial 
sensors, was particularly important for eliminating GPS range measurements corrupted by multipath. 
 


 


Figure 30: Prototype Integrated Personal Positioning System (PPS) (Ref. [27]). 


The Draper PPS was evaluated on two test courses: 1) an “Urban Canyon” test area with severe GPS satellite 
line-of-sight obstruction and multipath and 2) on an eight floor office building indoor course to characterize 
performance across an outdoor-indoor-outdoor transition. The course was surveyed to furnish a true position 
reference for score against the PPS indicated position. 
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Figures 31 and 32 show navigation results on the outdoor urban canyon track, contrasting the poor results 
from a GPS-only solution against the computed position from the PPS. The benefits of sensor augmentation 
are obvious here as the multi-path and GPS signal loss effects evident in fig. 31 are mitigated in the PPS 
system. 


  


Fig 31. “Urban Canyon” Navigation:  
GPS Only (Ref [27]). 


Fig 32. “Urban Canyon” Navigation: 
Integrated PPS (Ref [27]). 


Additional “Urban Canyon” trials are shown below in figs 33. The color coding of the tracks indicate the 
number of GPS satellites available to the navigation filter: blue corresponds to 4 or more satellites in view, 
cyan 3, yellow 1 and red indicates no GPS at all. Accuracy results are tabulated below the figures. 
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Trial 1 Trial 2 Trial 3 
Horizontal Error (m) Horizontal Error (m) Horizontal Error (m) 
50% - 5.2 50% - 3.6 50% - 3.2 
RMS – 7.2 RMS – 4.6 RMS – 4.2 
Vertical Error (m) Vertical Error (m) Vertical Error (m) 
50% - 8.2 50% - 7.5 50% - 3.6 
RMS – 8.8 RMS – 7.6 RMS – 4.1 


Figure 33: PPS Test Results: Urban Canyon Track (Ref. [27]). 


Figure 34 shows results from the outdoor-indoor-outdoor transition trials (ref [27]). Indoor performance over 
20 minutes of GPS denial was consistent with predictions from simulations in Figure 22c; CEP error over 12 
runs was about 5 m. This included “stress” scenarios that exercised position and heading initialization under 
GPS challenged conditions. 


 


Figure 34: Indoor Navigation with Integrated PPS (Ref. [27]). 


Analysis of the results indicate that the indoor performance error was dominated by position and heading 
initial condition errors at entrance to the building. 
 
For multi-sensor navigator design, a key and often under-appreciated IMU parameter is the characteristic time 
associated with IMU error state stability. The design philosophy is to construct a navigator to operate on high 
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quality but intermittent augmentation measurements which as a group give complete observability onto IMU 
error states. A higher level of error stability, with a tolerance for sparser augmentation, can come from careful 
sensor packaging and thermal management of lower quality inertial instruments. This path, in the short term, 
will likely lead to a more compact and lower power system. A takeaway of the simulations in this section is 
that angle random walk, which is usually the focus of new sensor design, is not always the dominant 
parameter in system performance. 


SUMMARY 


A survey on magnetometers, velocity meters, barometers, optical sensors and timing sources was presented, 
with an emphasis placed on identifying accurate, miniature versions of these sensors that are currently 
available or well along in development. Simulations showed that the addition of these segmentation sensors 
can suppress position error growth under GPS-denied situations when integrated properly into the navigation 
solution. It is only when inertial performance on the order of 0.001 deg/hr, and 1 micro-g is available that the 
some of the reliance on other aiding schemes can be relaxed in GPS-denied situations; currently this level of 
performance is not available in miniature inertial sensors. 
 
Simulations indicate the inclusion of a velocity meter to augment the inertial solution significantly improves 
accuracy over short periods of time in the GPS-denied environment. This was demonstrated experimentally 
during testing of a Draper lab prototype personal navigation system. The Draper PPS system, an integration of 
a MEMS tactical grade IMU, P(Y)-Code GPS, magnetometer, barometer and Doppler velocity meter, 
demonstrated better than 5 m position accuracy in urban canyon and GPS-denied indoor testing. 
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ABSTRACT 


An inertial navigation system (INS) exhibits relatively low noise from second to second, but tends to drift over 
time. Typical aircraft inertial navigation errors grow at rates between 1 and 10 nmi/h (1.8 to 18 km/h) of 
operation. In contrast, Global Positioning System (GPS) errors are relatively noisy from second to second, 
but exhibit no long-term drift. Using both of these systems is superior to using either alone. Integrating the 
information from each sensor results in a navigation system that operates like a drift-free INS. There are 
further benefits to be gained depending on the level at which the information is combined. This presentation 
will focus on integration architectures, including “loosely coupled,” “tightly coupled,” and “deeply 
integrated” configurations. (Deep integration is trademarked by Draper Laboratory.) The advantages and 
disadvantages of each level of integration will be listed. Examples of current and future systems will be cited.  


1.0 INTRODUCTION 


INS/GPS integration is not a new concept [Refs. 1, 2, 3, 4]. Measurements of noninertial quantities have long 
been incorporated into inertial navigation systems to limit error growth. Examples shown in Figure 1 are 
barometric “altitude” measurements, Doppler ground speed measurements, Doppler measurements to 
communications satellites, and range measurements to Omega stations. 


GPS


Baro-altimeter


Ground Speed 
Doppler


Omega


ComSat Doppler


 


Figure 1: Inertial navigation systems can be aided from a variety of sources. 
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Although GPS provides a deterministic solution for both position and velocity, it has its own shortcomings. 
Among them are: low data rate (typically 1 Hz), susceptibility to jamming (even unintentional interference), 
and lack of precision attitude information.  


GPS and inertial measurements are complementary for two reasons. Their error characteristics are different 
and they are measures of different quantities. GPS provides measures of position and velocity. An 
accelerometer measures specific force. The gyroscopes provide a measure of attitude rate, and after initial 
alignment, they allow the accelerometer measurements to be resolved into a known coordinate frame. 


GPS position measurement accuracy is limited due to a combination of low signal strength, the length of the 
pseudo-random code, which is about 300 m, and errors in the code tracking loop. Multipath, the phenomenon 
whereby several delayed copies of the signal arrive at the antenna after being reflected from nearby surfaces, 
is a source of correlated noise, especially for a moving vehicle. GPS position measurements also have 
constant or slowly changing biases due to satellite ephemeris and clock errors. These biases are bounded and 
are not integrated since they are already at the position level.  


GPS velocity (position difference) measurements are also noisy, again due to variations in signal strength, the 
effects of changing multipath, and user clock instability. 


In contrast, the accelerometers in an inertial navigation system measure specific force. They have relatively low-
noise characteristics when compared with GPS measurements. The signals must be compensated for gravity and 
integrated twice before providing position estimates. This fundamental difference in radio navigation 
measurements and inertial measurements is a clue to the difference in the behavior of INS and GPS navigators.  


Figure 2 shows accelerometer noise (and its first two integrals). The noise level was specified at 56 µg/√Hz, 
typical of a 10-nmi/h inertial system. The accelerometer noise itself is shown in the top graph. 
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Figure 2: Accelerometer noise and its first two integrals. 
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In these graphs, the accelerometer is read every 20 ms for 20 s. The integral of acceleration, the middle graph, 
shows the familiar “random walk” behavior of the integral of random noise. The dotted lines are the 1σ 
expected errors in the random walk. The second integral, the bottom graph, corresponds to position. (Units are 
metric: m, m/s and m/s2) 


GPS receivers typically produce solutions at 1 Hz or 10 Hz. The data bit rate of 50 Hz sets a “natural” 
minimum of 20 ms between position and velocity determinations. The middle graph in Figure 3 shows 
random noise in a set of measurements. The standard deviation of the velocity measurement is 0.01 m/s, 
typical of a good GPS receiver and strong signals in a benign environment.  
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Figure 3: GPS velocity measurement noise and its first derivative and first integral. 


Back differencing these measurements to match the 50-Hz accelerometer output results in the noisy 
acceleration measurements as shown in the top graph of the figure. (Again, units are metric: m, m/s and m/s2) 
The bottom graph of Figure 3 shows the first integral of the velocity over 1-s intervals as it might be used for 
carrier track smoothing of the GPS position measurement. The circles show the value of the integral after each 
1-s interval. Thus, they indicate the error in the position difference from one GPS measurement (at 1 Hz) to 
the next. It is considerably smaller than the measurement error in the position measurement itself, thus the 
impetus for carrier track smoothing. The position measurement keeps the integral of the carrier track from 
diverging in the same “random walk” fashion as the integral of accelerometer noise.1 Users will, quite 
naturally, want the features of both systems -- the high bandwidth and autonomy of inertial systems, and the 
long-term accuracy of GPS. 


                                                      
1 It is not necessary to break the velocity measurement into 20-ms intervals. As suggested by Cox et al. [Ref. 1] it is possible to track 


the carrier phase continuously from satellite rise to satellite set. Another method for extracting a less noisy velocity would be to 
recognize that the error at the beginning of one interval is the negative of the error at the end of the preceding interval (if carrier 
tracking is continuous across the data bit). 
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Table 1 summarizes the features and shortcomings of inertial and GPS navigation systems. 


Table 1: Inertial and GPS Attributes and Shortcomings. 


 Attributes Shortcomings 


GPS 


 


Self-initializing 


Errors are bounded 


 


Low data rate 


Lower attitude accuracy 


Susceptible to interference 
(intentional and unintentional) 


Expensive infrastructure 


INS 


High data rate 


Both translational and 
rotational information 


Self-contained (not 
susceptible to jamming) 


Unbounded errors 


Requires knowledge of gravity 
field 


Requires initial conditions 


High per unit cost 


The goal of INS/GPS integration, besides providing the redundancy of two systems, is to take advantage of 
the synergy outlined as follows: 


1) The conventional approach to aiding the receiver’s carrier and code tracking loops with inertial sensor 
information allows the effective bandwidth of these loops to be reduced, even in the presence of 
severe vehicle maneuvers, thereby improving the ability of the receiver to track signals in a noisy 
environment such as caused by a jammer. The more accurate the inertial information, the narrower the 
bandwidth of the loops that can be designed. In a jamming environment, this allows the vehicle to 
more closely approach a jammer-protected target before losing GPS tracking.2 A minimum of a factor 
of 3 to 4 improvement in approach distance is typical. A “deeply-integrated” approach to aiding will 
be shown to be even more robust. Outside a jamming environment, INS data provide high bandwidth 
accurate navigation and control information and allow a long series of GPS measurements to play a 
role in the recursive navigation solution. They also provide an accurate navigation solution in 
situations where “GPS only” navigation would be subject to “natural” short-term outages caused by 
signal blockage and antenna shading. 


The inertial system provides the only navigation information when the GPS signal is not available. 
Then inertial position and velocity information can reduce the search time required to reacquire the 
GPS signals after an outage and to enable direct P(Y) code reacquisition in a jamming environment. 


2) Low-noise inertial sensors can have their bias errors calibrated during the mission by using GPS 
measurements in an integrated navigation filter that combines inertial system and GPS measurements 
to further improve the benefits listed under (1) and (2). The accuracy achieved by the combined 
INS/GPS system should exceed the specified accuracy of GPS alone. The synergistic benefits of 
combining inertial data with GPS data as described in the previous paragraph are notionally shown in 
Figure 4. 


                                                      
2  Representative jammers are given in Reference 4. 
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3) Having inertial instruments at the core of the navigation system allows any number of satellites to 
play a role in the solution. 
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Figure 4: The synergy of INS/GPS integration. 


The accuracy of the solution, the resistance to jamming, and the ability to calibrate the biases in low-noise 
inertial system components depend on the avionics system architecture. There have been many different 
system architectures that have been commonly implemented to combine the GPS receiver outputs and the INS 
information, thus obtaining inertial sensor calibration, to estimate the vehicle state. Different INS/GPS 
architectures and benefits will be discussed in the following section. 


2.0 ALTERNATE INS/GPS ARCHITECTURES 


Four architectures will be discussed in this paper: separate systems, loosely coupled, tightly coupled,3 and 
deeply integrated systems. Several variations of loosely coupled and tightly coupled systems will be shown.  


2.1  Separate Systems 
The simplest way to get the features of both systems is to simply have both navigation systems integrated only 
in the mind of the user. Only slightly more complex would be to simply add a correction from the GPS to the 
inertial navigation solution. Figure 5 illustrates such a system. 


                                                      
3 “Coupled” here refers to combining data from the GPS and INS systems into a single navigation solution. When retrofitting older 


aircraft with new navigation systems, there is often a problem with space and with power and data connections. For these reasons, 
it can be desirable to include GPS in the same box with the inertial navigator. This repackaging will be referred to as “embedding”. 
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Figure 5: Separate GPS and INS systems with a possible INS reset. 


This mode of operation or coupling has the advantage of leaving the two systems independent and redundant. 
But as the Inertial Measurement Unit (IMU) drifts, the inertial solution becomes practically useless.  


By using a GPS “reset” or correction, the inertial system errors are kept bounded, but after the first reset, the 
INS solution is no longer independent of the GPS system. Of course, the corrections could be monitored for 
reasonableness to prevent the contamination of the inertial solution with grossly incorrect GPS measurements 
should they occur. Even if not independent, the systems do remain redundant in the sense that they both still 
have dedicated displays, power supplies, etc., so that the failure of one does not affect the other or leave the 
vehicle with no navigator. 


Inertial system resets provided the first mechanization for the U.S. Space Shuttle GPS integration. The Space 
Shuttle has a ground uplink capability in which the position and velocity are simply set to the uplinked 
quantities. For minimum change to the software, the GPS system simply provides a pseudo ground uplink. To 
make a minimal impact on existing software and hardware is a common rationale for the more loosely coupled 
systems.  


In summary, this architecture offers redundancy, bounded position and velocity estimates, attitude and attitude 
rate information, high data rates for both translational and rotational information suitable for guidance and 
control functions, and (for existing systems) minimum impact on hardware and software. 


2.2 Loosely Coupled 
Most often, discussions of INS/GPS integration focus on systems that are more tightly coupled than the 
system described in the previous section. This will be true of the remaining architectures. Redundancy and 
solution independence can be maintained, but we will see more benefits from coupling than the simple sum of 
inertial and GPS navigation features. New software will be required, an integration filter for example. 
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2.2.1  Loosely Coupled  – Conservative Approach 


Figure 6 shows one version of a loosely coupled system. In this system, the functional division could 
correspond to the physical division with the GPS in a box, the INS in a box, and the computer that combines 
the navigation solutions in yet another box. Only low rates are required for data links between the boxes. Of 
course, the three functions could be packaged together if desired.  
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Figure 6: A loosely coupled INS/GPS navigation system. 


Simplified diagrams for each of the functions are shown. The following paragraphs consist of a high-level 
description of the operation of a receiver and inertial navigator. It is assumed that the reader has some 
familiarity with these sensors; thus, the discussion is intended to serve more as a reminder of pertinent 
features rather than a tutorial.  


The receiver diagram shows signals coming into the radio frequency “front end” of the receiver. They are 
down converted to baseband and fed into the correlators. Meanwhile, a duplicate of the signal is generated 
internally in the receiver. In fact, three (or more) copies are generated. One of these copies is supposedly time 
synchronized so that it arrives at the “prompt” correlator at exactly the same time as the signal from the 
antenna. The other copies are intentionally either a little early or a little late compared with what is expected 
from the satellite. These copies are sent to the early and late correlators. The magnitude of the early and late 
correlations, indicated by [+,-] in the figure, is given to the code tracking function. The difference in these 
magnitudes is an indication of the timing error (and thus range error). This error signal is fed back into the 
code generator, which makes a correction to the code phase timing. This process is repeated as long as the 
signal is present. At some point, the phase error will be driven down to an acceptable level, and the code will 
be declared “in lock.” While “in lock,” the time difference between the broadcast of the signal and the receipt 
of the signal are a measure of the pseudo-range. 







INS/GPS Integration Architectures 


5 - 8 RTO-EN-SET-116(2011) 


 


 


Similarly, the in-phase and quadrature signals are fed into the carrier tracking function. The arctangent of 
these two signals is a measure of the carrier tracking error. This signal is fed back to the numerically-
controlled oscillator (NCO), and its frequency is adjusted accordingly. It might be noted that the carrier 
tracking loop is typically of third order, allowing it to “perfectly track” signals with constant range 
acceleration. Note that the carrier loop (when it is “in lock”) “aids” the code loop as indicated by the arrow 
labeled Δρ. In this mode, the code tracking loop can be of first order. 


For this architecture, the receiver only uses INS data for the purpose of aiding in acquisition. Knowing the 
position and velocity of the vehicle enables the code generator and oscillator to make good initial guesses of 
the frequency and code phase of the incoming signal. The search time during acquisition can be reduced 
significantly depending on the accuracy of these estimates. 


The output of the two tracking loops is an estimate of the range and range rate between the vehicle and the 
satellite. Range and range rate estimates from four satellites are sufficient to resolve the vehicle position, 
velocity, receiver clock bias, and receiver clock drift rate. For some receivers, these deterministic quantities 
are the ultimate receiver output. However, receivers that are expected to operate in a dynamic environment 
use a polynomial Kalman filter to estimate position, velocity, and acceleration, and clock bias and clock drift 
rate. 


A (strapdown) INS diagram is shown at the bottom of the figure. Raw measurements from the accelerometers 
and gyroscopes are compensated using a priori values, or values derived from another mode of operation 
(e.g., a calibration and alignment mode). The gyroscope output is used to maintain the rotational state of the 
vehicle. Angular rates are integrated into either a quaternion or matrix, which relates the vehicle attitude to 
some reference coordinate system (e.g., local level). Corrected ΔV’s are rotated into this coordinate system 
and integrated to maintain the translational state: position and velocity. 


The INS/GPS integration function is shown in the middle diagram of the figure. It receives corrected inertial 
measurements, ΔΘ’ and ΔV’, from the INS and position and velocity measurements from the GPS receiver. 
The 1-Hz GPS measurements, coming from a Kalman filter, are highly correlated. The second Kalman filter 
in this “cascaded” architecture handles this problem by only incorporating these measurements every 10 s. 
The 10-s interval allows each position/velocity measurement to be more or less independent of the previous 
measurements. A performance comparison between this loosely coupled architecture and a tightly coupled 
architecture is given in Reference 5. Note that the integration Kalman filter includes calibration and alignment 
estimates that provide in-flight improvement of the INS calibration and alignment. This conservative approach 
to coupling yielded surprisingly good results in estimating these gyro and accelerometer parameters.  


Table 2 summarizes the functions of the three components of the system. Table 3 lists the attributes of the 
system.  
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Table 2: Functions of the three components of the loosely coupled system.  


Component Function 


GPS 
The Kalman filter estimates: 


 Position, velocity, acceleration 
 Clock bias, clock drift 


INS 
The INS provides: 


 Position, velocity, acceleration 
 Attitude, attitude rate 


Integration 
Filter 


The integration filter estimates: 
 Position, velocity 
 Attitude corrections, instrument corrections 


Table 3: Loosely coupled system attributes. 


System Attributes 


All the attributes of the previous “uncoupled” 
architecture, including redundant and independent 
INS and GPS solutions 


More rapid acquisition of code and carrier phase 


Improved navigation performance 


In-flight (and better) calibration and alignment, 
which results in improved navigation during 
satellite loss/jamming 


We distinguish between jamming resistance and mitigation against jamming. By the latter term, we simply 
mean that the inertial bias and scale-factor parameters will be better calibrated so that if the GPS signal is lost, 
the INS/GPS solution (receiving only inertial data) will be accurate for longer than otherwise. 


2.2.2 Loosely Coupled-Aggressive Approach 


Figure 7 shows possible variations in what may still be considered a loosely coupled architecture. Inertial 
aiding of tracking loops has not yet been introduced, and the integration filter still uses position and velocity 
data rather than pseudo-range and range rate. Additional data transfer beyond that of the previous architecture 
is indicated by heavy lines. Either one or the other or both data transfers are viable options. 
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Figure 7: Loosely coupled variations use the results of the  
integration filter in both the GPS and INS solutions. 


The first of these data transfers is of the corrected velocity increment ΔV’ from the INS/GPS module to be 
used in the GPS module to propagate the solution between measurements. This provides a vast improvement 
in dynamic situations. Otherwise, the propagation must be done using the acceleration estimate from the GPS 
Kalman filter itself. This acceleration, although a component of the filter state, is derived by back differencing 
the velocity. Figure 3 showed the level of acceleration noise inherent in this operation. It is true that the filter 
offers some “smoothing.” However, it cannot offer much due to the process noise, which must be added in the 
dynamic aircraft environment. There is a requirement by the U.S. GPS Joint Program Office that the receiver 
be able to maintain track at a jerk level of 10 g/s for 0.6 s. Although this requirement is on the tracking loops, 
it most certainly has implications for the process noise that must be added to the acceleration covariance term 
in the GPS Kalman filter. There is no substitute for using the measured acceleration. 


The other optional data transfer is that of the in-flight calibration and alignment corrections from the INS/GPS 
estimator to the INS. This helps keep the INS in closer agreement with the INS/GPS solution. Of course, the 
independence of the two solutions is lost.  


In summary, we have improved the navigation accuracy of the combined GPS and the INS at the cost of 
independence in their solutions. We have maintained redundant systems. 


2.2.3 Loosely Coupled – Rockwell’s MAGR Approach 


This approach might actually be characterized somewhere between loosely and tightly coupled. Figure 8 
shows the GPS and INS functions and interfaces between them. The MAGR (Military Airborne GPS 
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Receiver) has an INS mode and a PVA (Position, Velocity, and Acceleration) mode. The latter is a stand-
alone mode independent of inertial measurements.  
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Figure 8: The coupling approach taken by the Rockwell MAGR. 


In the INS mode, inertial measurements are used to aid the code tracking loop when the carrier loop is out of 
lock and unable to provide aiding. The GPS uses the inertial measurements to extrapolate the position and 
velocity between GPS measurements rather than estimating acceleration in a polynomial filter. The GPS 
estimates attitude corrections for the IMU. The MAGR (in the INS mode) thus has some of the features of a 
tightly coupled system. Table 4 lists the filter state elements for the PVA and INS mode of operation. 


Table 4: Filter states for the MAGR. 


PVA Mode INS Mode 


Position 
Velocity 
Acceleration 
Clock bias 
Clock drift 
Barometer bias 


Position 
Velocity 
Attitude 
corrections 
Clock bias 
Clock drift 
Barometer bias 


2.3 Tightly Coupled 
Finally, the two changes that define a tightly coupled system are introduced. The GPS range and delta range 
measurements are incorporated directly into the navigation estimate, and the position and velocity from the 
inertial system are used by the GPS receiver to reduce the tracking loop bandwidths even in the presence of 
high dynamics.4 First, a straightforward system that provides a single combined INS/GPS solution will be 
                                                      


4  The definitions of tightly coupled are not universally agreed upon. The first round of “EGI” receivers were considered to be tightly 
coupled by some but they did not have inertial aiding of the carrier tracking loops.  
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presented. Then a system that also maintains independent and redundant GPS and INS solutions will be 
presented. 


2.3.1 Tightly Coupled – Combined INS/GPS Only 


Figure 9 shows the architecture for a tightly coupled INS/GPS navigation system that offers a single 
navigation solution. The INS and GPS modules have been truncated. The inertial “system” now simply 
provides raw measurements. The GPS receiver does not have its own Kalman filter, but it does still have 
independent tracking loops that provide the values for pseudo-range and range rate. Although it has not been 
shown in any of the figures, it is of course understood that the pseudo-range and range rate to at least four 
satellites are required for a position and velocity determination. The GPS functions shown in the upper 
diagram of Figure 9 are duplicated for each satellite by having multiple “channels” in a receiver - only one of 
which is shown in the diagram. 
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Figure 9: A tightly coupled INS/GPS navigation system offering only one combined solution. 


The tracking loops in the receiver are aided by data from the INS/GPS state estimator. These data are required 
at a high rate, thus the propagation from one measurement epoch to another is broken into many subintervals 
for the purpose of tracking loop aiding. The goal is to make these tracking loops “think” the receiver is sitting 
still. The quantities being estimated by the Kalman filter are position and velocity, whereas the data required 
by the tracking loops are code phase (range) and Doppler frequency shift (range rate). The estimated position 
and velocity and the satellite ephemerides are used to calculate the code phase and frequency shift. The 
diagrams in this paper will show the transfer of r, v, and delta range and range rate, implying that these 
calculations are done in the receiver. They could as well be done in the “State Estimator” box. The bandwidth 
of the tracking loops must only accommodate the errors in the measured acceleration rather than the whole 
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acceleration. These errors are many orders of magnitude less than the acceleration itself, depending on the 
quality of the inertial system and its calibration.  


The tightly coupled navigation systems are more accurate. This can be seen in Reference 5, where tightly and 
loosely coupled systems are compared. We still have the gains or attributes of the loosely coupled systems 
except for the loss of redundancy. The bandwidth of the tracking loops can be reduced, thus increasing 
jamming resistance. The integration filter can make optimal use of any and all satellites that are being tracked, 
even if there are less than four of them. It should be said that GPS-only solutions can be maintained with 
either three or two satellites if one or two or both of the following assumptions are made: 1) the clock bias is 
constant and 2) the altitude is constant or is known by some other means (e.g., a baroaltimeter).  


Only the redundancy offered by three complete systems is lost for this architecture. A summary of the benefits 
accrued by coupling will be given at the end of Section 2.3.2.  


2.3.2 Tightly Coupled – Redundant Solutions 


Figure 10 illustrates a tightly coupled architecture that also offers redundant navigation solutions from both 
the GPS and INS. This figure most closely resembles the Figure 7 for the loosely coupled architecture. The 
changes with reference to that earlier figure are inertial aiding of the tracking loops from the INS/GPS 
solution and the use of pseudo-range and range rate measurements rather than position and velocity in the 
integration filter. 
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Figure 10: Tightly coupled architecture with redundant GPS and INS-only solutions. 


This more elaborate system requires more software. This is the price of the redundancy unless the software is 
already present in existing INSs and GPS. This can indeed be the case and was the case in the U.S. GPS Joint 
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Program Office’s Embedded GPS Inertial (EGI) program. The concept of the EGI program was to obtain a 
navigation system with GPS and inertial attributes at minimum cost. Specifications for such a 
(nondevelopmental) system were published. Several vendors have produced such embedded systems, among 
them are LN-100G [Ref. 6] and the H-764G [Ref. 7] combinations of GPS with ring laser gyroscopes. The 
U.S. Advanced Research Projects Administration also sponsored a tightly coupled and embedded 
combination, the GPS Guidance Package, using fiber-optic gyroscopes.  


Embedding the receivers allows the data transfer rates required for tight coupling. EGI specifications state that 
separate and independent inertial-only and GPS-only solutions are to be maintained. Although they do not 
specify the two characteristics we have used to define tight coupling, they do state that INS aiding of the 
tracking loops is allowed [Ref. 8]. This potentially makes the GPS solution dependent on the INS. 
Mathematical independence is maintained if the tracking loops have adequate signal strength to work with and 
can maintain lock such that the error in range rate (for example) is independent of the aiding value. If the error 
in the tracking loops is independent of the aiding, the GPS and INS/GPS solutions will be independent. Logic 
in the receivers attempts to recognize when lock is lost and not incorporate the resulting “bad” measurements 
into the GPS solution. This precaution also (arguably) keeps the GPS solution mathematically independent of 
the other solutions. 


The tightly coupled receiver offers elevated jamming resistance. It offers the ability to continue operation 
when GPS is intermittent due to wing shadowing, foliage, or other natural or man-made obstructions. Table 5 
summarizes the benefits that have been gained by coupling GPS with INS. The benefits are cumulative. That 
is, the benefits for each level also include those for the previous level. (The exception is loss of redundancy 
and independence for the simpler of the tight coupling architectures.)  


Table 5: Cumulative Benefits of Increasingly Tight Coupling. 


Coupling Level  Benefit 


Uncoupled/reset INS to GPS 


(Sum of system attributes) 


Position, velocity, acceleration, attitude, and 
attitude rate information  
Redundant systems  
 - A drift-free GPS 
 - A high-bandwidth INS 


 


Loosely coupled 


More rapid GPS acquisition 


In-flight calibration and alignment 
Better inertial instrument calibration and 
alignment 
 - Better attitude estimates 
 - Longer operation after jamming 


 


Tightly coupled 


Better navigation performance 
Better instrument calibration 
Reliable tracking under high dynamics 
Reduced tracking loop bandwidth (jamming 
resistance) 
Optimum use of however many SVs available 
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2.4  Deeply Integrated 
Figure 11 shows the architecture of a deeply integrated INS/GPS navigation system. This figure compares 
most closely with the first tightly coupled architecture shown in Figure 8. In the deeply integrated concept, 
independent tracking loops for the code and carrier have been eliminated.  
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Figure 11: Deeply integrated INS/GPS systems feature a  
single estimator for both detection and navigation. 


In the deeply integrated approach, the problem is formulated directly as an estimation problem in which the 
optimum (minimum-variance) solution is sought for each component of the multidimensional navigation state 
vector.5 By formulating the problem in this manner, the navigation algorithms are derived directly from the 
assumed dynamical models, measurement models, and noise models. The solutions that are obtained are not 
based on the usual notions of tracking loops and operational modes (e.g., State 3, State 5, etc.). Rather, the 
solution employs a nonlinear filter that operates efficiently at all jammer/signal (J/S) levels and is a significant 
departure from traditional extended Kalman filter designs. The navigator includes adaptive algorithms for 
estimating pos-correlation signal and noise power using the full correlator bank. Filter gains continuously 
adapt to changes in the J/S environment, and the error covariance propagation is driven directly by 
measurements to enhance robustness under high jamming conditions (see Figure 12). 
 
 


                                                      
5  The material in this section is from References 9, 10, and 11. “Deep integration” is trademarked by Draper Laboratory. 
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Figure 12: INS/GPS deep integration. 


 
In this system, individual satellite phase detectors and tracking loop filters are eliminated. Measurements from 
all available satellites are processed sequentially and independently, and correlation among the line-of-sight 
distances to all satellites in view is fully accounted for. This minimizes problems associated with unmodeled 
satellite signal or ephemeris variations and allows for full Receiver Autonomous Integrity Monitoring (RAIM) 
capability. 


The design offers several significant benefits at high J/S levels. The effects of measurement nonlinearities, 
which are significant at high J/S levels, are accounted for in an efficient manner. The estimator produces near-
optimal state vector estimates as well as estimates of the state error covariance matrix. The estimator operates 
in real time using recursive algorithms for both state vector and error covariance matrix estimation. The J/S 
levels are estimated adaptively in real time to facilitate seamless transitions between course tracking and tight 
tracking without the use of artificial moding.  


Extended-range correlation may be included optionally to increase the code tracking loss-of-lock threshold under 
high jamming and high dynamic scenarios. If excessively high jamming levels are encountered (e.g., beyond 70 
to 75 dB J/S at the receiver input for P(Y) code tracking), the GPS measurements may become so noisy that 
optimal weights given to the GPS measurements become negligible. In this situation, navigation error behavior 
is essentially governed by current velocity errors and the characteristics of any additional navigation sensors that 
are employed. Code tracking is maintained as long as the line-of-sight delay error remains within the maximum 
allowed by the correlator bank. If there is a subsequent reduction in J/S so that the optimal weights become 
significant, optimum code tracking performance is maintained without the need for reacquisition. Detector 
shapes for each correlator depend on the correlator lag and rms line-of-sight delay error. 


For navigators using GPS only, navigation errors will be reduced significantly by using algorithms that 
approximate the minimum-variance solutions at high J/S. For navigators employing other sensors, a fully 
integrated system will allow simpler, smaller, cheaper hardware to be employed. Superior sensor calibration 
capability will reduce sensor performance requirements, allowing lower-cost sensors to be used. 


Figure 13 shows the information flow between the principal elements of the navigation system. The data from 
each satellite in view are processed sequentially; the figure illustrates processing for a single satellite. The 
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GPS receiver front end performs filtering, carrier wipeoff and sampling to produce I/Q data. These data are 
processed by each correlator to produce the 50-Hz samples I50(j,k) and Q50(j,k) for the kth correlator at the jth 
time point. Square law detection and summation is then used to obtain Zk(n); currently, summation is over five 
samples so that Zk(n) is 10-Hz data. The processor uses inputs Zk(n) to calculate the navigation state estimate 


(n)x̂ . The state estimate is propagated to measurement update time using an assumed dynamical model. As 
shown in the figure (dashed lines), two types of sensors may be optionally added to the GPS-based navigator. 
Inertial sensor data may be incorporated during propagation to reduce the error bandwidth during periods of 
high dynamics and retard error growth if code lock is lost. If inertial sensors are used, the processor accepts 
raw sensor data (e.g., body frame specific force and angular rates for a strapdown configuration) and time-
correlated sensor error states may be included in the navigation state vector in order to perform in-flight 
calibration of significant error sources. At measurement update time, the state is updated using the 
measurements {Zk(n); k = -m,…,m} from 2m + 1 correlators, satellite ephemeris data, and (optionally) 
measurements from other sensors (e.g., radars, altimeters, etc.). The estimated time delay (n)τ̂ , which is a 
function of the state estimate and satellite ephemeris, is fed to the code NCO, which controls correlator code 
phase in order to maintain the mean code tracking error close to zero.  
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Figure 13: Code tracking information flow diagram for GPS-based navigator. 


The navigator includes adaptive algorithms for estimating postcorrelation signal power (S) and noise  
power (N). Noise statistics are assumed to be the same for all correlators. Although the 50-Hz noises are 
uncorrelated over time, the noise in adjacent correlators is correlated. 


3.0 SUMMARY 


This paper has described INS/GPS integration architectures including loosely coupled, tightly coupled, and 
deeply integrated configurations. The advantages and disadvantages of each level of integration were listed. 
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Examples of current and futures systems were cited. In a companion paper, Reference 5, performance 
comparisons between the three major INS/GPS system architectures for various mission scenarios will be 
presented in order to understand the benefits of each. The loosely coupled and tightly coupled systems will be 
compared in several scenarios including aircraft flying against jammers and a helicopter flying a scout 
mission. The tightly coupled and deeply integrated architectures will be compared for several jamming 
scenarios including that of a precision guided munition. 
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ABSTRACT 
Performance comparisons between the three major INS/GPS system architectures for various mission 
scenarios will be presented in order to understand the benefits of each. The loosely coupled and tightly 
coupled systems will be compared in several scenarios including aircraft flying against jammers and a 
helicopter flying a scout mission. The tightly coupled and deep integration architectures will be compared for 
several jamming scenarios including that of a precision guided munition. 


1.0 INTRODUCTION 
In Reference 1, INS/GPS integration architectures defined as loosely coupled, tightly coupled, and deeply 
integrated configurations were described. The advantages and disadvantages of each level of integration were 
listed. Examples of current and future systems were cited. In this paper, performance comparisons between 
the three major INS/GPS system architectures for various mission scenarios will be presented in order to 
understand the benefits of each. The loosely coupled and tightly coupled systems will be compared in several 
scenarios including aircraft flying against jammers and a helicopter flying a scout mission. The tightly 
coupled and deeply integrated architectures will be compared for several jamming scenarios including that of 
a precision guided munition. 


2.0 LOOSELY COUPLED VS. TIGHTLY COUPLED PERFORMANCE 
COMPARISON 


This section shows the jamming-related performance of loosely coupled and tightly coupled INS/GPS 
navigation systems in several hypothetical situations. In addition to comparing navigation architectures, the 
performance of inertial systems of varying quality was evaluated. The analysis considered only the 
performance of the combined INS/GPS solution and is thus appropriate to either of the loosely coupled 
architectures as they share the same INS/GPS solution. This particular example of an INS/GPS loosely 
coupled system has been the subject of numerous published studies [e.g., Ref. 2]. The tightly coupled system 
did not necessarily correspond to any particular existing system. 


Several jamming scenarios were considered. The first scenario was designed to simply show the behavior of 
INS/GPS systems when GPS satellites are lost and reacquired one at a time. That is, there will be four 
satellites in track, then three, two, one, and finally zero. Then they were reacquired one at a time. For one of 
the scenarios, the navigation system was augmented with a Doppler ground speed measuring device. 


2.1  Loosely Coupled System Definition 
The loosely coupled GPS system consisted of a GPS receiver, an inertial navigation system, and an integration 
filter. The PVA solution from a typical receiver like the MAGR was used as the input to the INS/GPS 
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integration Kalman filter. In order to avoid the problem of dealing with correlated measurements, the 
integration filter only used the position from the PVA solution, and this only once every 10 s and only if the 
Expected Horizontal Error (EHE), a receiver output and measure of horizontal navigation quality, was less 
than 100 m. The receiver did not compute a solution if there were fewer than four satellites in track. The state 
elements for the GPS receiver are shown in Table 1. 


Table 1: State Elements for the Unaided GPS Receiver. 


State Element Components 
Position 3 
Velocity 3 
Acceleration 3 
User clock bias 1 
User clock drift 1 
Altimeter bias 1 
Total 12 


Since the GPS receiver solution is the result of a (Kalman) filter, the velocity is correlated with the position, 
and both position and velocity are correlated in time. Process noise, which allows the filter to track changing 
acceleration, also decorrelates the output. The process noise is of such a magnitude that position solutions 
separated by 10-s intervals are not significantly correlated. The state elements of the integration filter that 
processes these measurements is shown in Table 2. 


Table 2: State Elements for the Loosely Coupled Integration Filter. 


Error State Element Components 
Position 3 
Velocity 3 
Misalignment 3 
Gyro drift 3 
Gyro scale factor 3 
Accel. bias 3 
Accel. scale factor 3 
Altimeter bias 1 


Total 22 


Most Kalman filters are suboptimal estimators. Some are less near optimal than others. The cascaded filter 
architecture of loosely coupled systems is certainly far from optimal. These systems are particularly sensitive 
to the procedure known as “tuning,” in which the process noise is added and measurements are down-
weighted or omitted. A considerable effort went into tuning the loosely coupled INS/GPS system such that it 
could be compared fairly with the tightly coupled systems. 
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2.2  Tightly Coupled System Definition 
The tightly coupled system consists of a receiver, inertial instruments, and an integration filter. The 
integration filter accepts measurements of pseudo-range and pseudo-range rate from each satellite at a 1-Hz 
rate. The filter state is extrapolated forward in time using inertial measurements and a model for the earth’s 
gravity field. The state elements for this most straightforward approach are shown in Table 3. These same 
states appear in the cascaded filters of the loosely coupled system. 


Table 3: State Elements for the Tightly Coupled Integration Filter. 


Error State Element Components 
Position 3 
Velocity 3 
User clock bias 1 
User clock drift 1 
Misalignment 3 
Gyro drift 3 
Gyro scale factor 3 
Accel. bias 3 
Accel. scale factor 3 
Altimeter bias 1 


Total 24 


2.3  Initial Errors, Modeling Errors, and Instrument Errors 
These error sources influence the performance of the navigation system, some more than others. The initial 
errors in position, velocity, and misalignment in fact have very little effect on the performance of the system 
as long as it operates for a significant time. They are set to levels that are consistent with some kind of ground 
calibration and alignment mode, but are poor enough to show improvement as in-flight alignment progresses -
- with either system architecture. Other errors can have significant effect on navigation system performance. 
Those errors that are independent of INS quality are given in Table 4. The Markov processes in this table are 
characterized by two numbers, a standard deviation, and a distance constant. 
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Table 4: Error Values for INS Independent Models. 


Bias Errors Modeled Value (1σ) No. Components 
Initial position 16 m (vertical) 


600 m (horizontal) 
1 
2 


Initial velocity 0.3 m/s 3 
GPS user clock 


Initial offset 
Initial drift 
g-sensitive drift 


 
5000 ms 
10-2 ppm 


10-3 ppm/g 


 
3 


GPS pseudo-range 3.0 m 4 
GPS range rate 0.003 m/s 4 
Gravity (Markov) 35 µg/37 km 3 
Barometer (Markov) 150 m/460 km 1 
Noise errors    
GPS pseudo-range from receiver tracking 4 
GPS range rate loop simulation 4 
Barometer  3 m 1 


The performance of four different IMU qualities were analyzed. The four IMUs were characterized by their 
navigation error after 1 h of unaided (inertial-only) operation. The error characteristics of actual inertial 
instruments whose performance was close to 10, 1, 0.5 and 0.2 nmi/h were scaled proportionally to yield those 
exact values.  


The error values for each of these hypothetical instruments are shown in Table 5.  


Table 5: IMU Error Sources. 


 IMU Quality 
(All errors except random walk are 1σ biases) 


Error Source 10 nmi/h 1.0 nmi/h 0.5 nmi/h 0.2 nmi/h 
Accel. bias 
Accel. scale factor 
Input axis misalign. 
Random walk 


223 µg 
223 ppm 
22 arcsec 


56 µg/√Hz 


37 µg 
179 ppm 
3 arcsec 


15 µg/√Hz 


19 µg 
90 ppm 


1.5 arcsec 
7.5 µg/√Hz 


4.2 µg 
21 ppm 


0.4 arcsec 
4.2 µg/√Hz 


Gyro bias 
Gyro scale factor 
Input axis misalign. 
Random walk 


0.11 deg/h 
112 ppm 
22 arcsec 


4.7 deg/h/√Hz 


0.0045 deg/h 
7.5 ppm 


2.2 arcsec 
0.13 deg/h/√Hz 


0.0022 deg/h 
3.5 ppm 


1.1 arcsec 
0.066 deg/h/√Hz 


0.00084 deg/h 
1.67 ppm 
0.4 arcsec 


0.03 deg/h/√Hz 
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Initial misalignment error was derived from “gyrocompassing” each of the inertial units so it is instrument-
dependent. Its values are not critical for the analysis because improvements in alignment due to in-flight 
maneuvers soon dominate the navigation results. 


2.5  GPS Receiver Bandwidth, Loss of Lock and Reacquisition 
For the loosely coupled receiver, the noise bandwidths of the code and carrier loop are fixed. The carrier was a 
third-order loop with bandwidth of 5.83 Hz. The code loop band is first order, but is aided by either the carrier 
loop if the carrier loop is in lock or by the INS if the carrier loop is not in lock. During carrier loop aiding, the 
code loop bandwidth is 1.5 Hz. During inertial aiding, the bandwidth is 0.5 Hz.  


The bandwidths for the tightly coupled receiver were set appropriate to the quality of inertial instruments. 
These bandwidths are determined by the requirement that the loops stay in lock for a 10-g/s jerk, which lasts 
for 0.6 s. (The carrier tracking bandwidth was actually set for this study by requiring that the phase error be 
less than 90 deg for a 6-g acceleration step. This is a slightly more stringent requirement, but is easier to 
analyze.) The next several paragraphs present the method used for setting the tracking loop bandwidths. We 
took maximum advantage of knowing the inertial instrument performance. Closely tuning the tracking loops 
to the inertial performance in this way may not always be practical for actual receivers.  


The phase error in a third-order loop following an acceleration step is shown in the following equation. (Note 
that distance has been converted to phase error in degrees using the code length of 300 m.) 


 ⎥
⎥
⎦


⎤


⎢
⎢
⎣


⎡
⎟
⎟
⎠


⎞
⎜
⎜
⎝


⎛
−+=ΔΦ


−
−


2
3cos3


2
3sin


3
00


2


2
0


0
0 tteeR t
t ωω


ω


ω
ω


 


where:  R is the step magnitude (deg/s
2
) 


 ω0 is  the filter natural frequency (rad/s) 


 ΔΦ is the phase error in degrees 
 
The natural frequency should be selected to keep the peak phase error less than 90 deg. The graph in Figure 1 
shows the response, ΔΦ, for a natural frequency of 17.67 rad/s, the maximum error is 90 deg. 
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Figure 1: Error in third-order loop response to a 6-g step in acceleration. 


With inertial aiding, the tracking loop will not be affected by the full magnitude of the step in acceleration. 
Only a residual part of the acceleration step due to imperfect inertial instruments will affect the tracking loop. 
The error, ΔΦ, is proportional to the step magnitude and inversely proportional to the square of the natural 
frequency. To maintain a 90-deg peak error, the natural frequency can be scaled by the square root of the ratio 
of aided to unaided step magnitude. 


 
ω0,aided =


Raided


Runaided


ω0,unaided


 (2.1) 


 


The residual error (post-calibration) accelerometer scale factor and IMU misalignment cause a residual 
acceleration step to be seen by the tracking loop. Lag in the inertial aiding would also add to the acceleration 
seen by the tracking loop. This lag was assumed to be negligible in this tightly coupled situation.  


The residual acceleration seen by the tracking loop due to scale factor error is shown below. 
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IMU misalignment causes acceleration to be rotated incorrectly. The error in acceleration due to misalignment 
is shown below. 
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The net error caused by scale factor and misalignment due to a unit acceleration step is thus: 
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The covariance of residual acceleration error due to a unit acceleration step is shown below. 
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The quantities σsf, and σmis are the scale factor and misalignment standard deviations. The quantity  
csf-mis is the covariance of these two quantities. This scale factor/misalignment matrix (the middle factor on 
the right) was taken from a covariance analysis after the aircraft had performed in-flight calibration 
maneuvers. If the scale factor is expressed as a fraction and the misalignment is in radians, the acceleration 
variance (on the left) will be the variance in acceleration seen by the tracking loop for a unit acceleration step. 
The radius of the sphere that enclosed 90% of these acceleration errors was taken to be the acceleration 
magnitude to which the tracking loops were tuned. Although a 90% level may not seem very robust, it should 
be remembered that tracking loop errors greater than 90 deg do not necessarily cause loss of lock.  


For the four qualities of IMU studied, the radius of the acceleration sphere and the corresponding bandwidths 
are shown in Table 6. The error due to a unit acceleration step is given in parts per million.  


Table 6: The Residual Acceleration Error and Corresponding Bandwidth  
for the Carrier Tracking Loop for Four IMU Qualities. 


IMU 
Residual Error 


(90%) Due to Scale 
Factor and 


Misalignment (ppm) 


Acceleration Seen 
by Tracking Loop 


Due to 6-g 
Acceleration Step 


Required 
Carrier 


Tracking 
Loop 


Bandwidth 
No inertial aiding Not applicable 6 g 18 rad/s 


10 nmi/h  1880 0.011 g 0.77 
1 nmi/h 431 0.0026 g 0.37 


0.5 nmi/h 311 0.0019 g 0.32 
0.2 nmi/h 225 0.0014 g 0.27 
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The quantity in the second column is the radius of the sphere that encloses 90% of the errors. The quantities in 
the third column are that error times the 6-g acceleration step, and the quantities in the third column are the 
required bandwidth as determined by Eq. 2.1. For example, the bandwidth for the 10-nmi/h system was 
computed as shown below.  


rad/s 0.77  rad/s  
g 6


g 
aided == 18011.0


,0ω
 


For the purposes of the analysis, it was declared that the receiver had lost lock if the carrier phase error 
exceeded 90 deg or if the signal-to-noise ratio dropped below 19 dB. Loss of lock for the code phase was 
declared if the tracking error was greater then 1/2 chip (50 ns) or if the signal-to-noise ratio dropped below 18 
dB. Conversely, reacquisition was dependent on achieving a signal-to-noise ratio of at least 21 dB for the code 
and 22 dB for the carrier for a required amount of time. The required time depends on the uncertainty in the 
range and range rate to each satellite and the rate at which each code phase and frequency combination could 
be searched.  


At the given signal level, a 20-ms integration period should be adequate for accumulating signal energy. The 
size of the phase shift between 20-ms search intervals was 36 deg corresponding to 30 m. The size of the 
frequency bandwidth was 50 Hz corresponding to 10 m/s. The approximate time required to search over this 
position-frequency space (±σ) is given below. 


 
ΔT = 0.020


2σrng


30
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2σrng −rate


10
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Some additional time must be added to allow for receiver moding. That is, the search process must be halted, 
and the receiver tracking loops cycled several times with an adequate signal-to-noise /jammer ratio. 


2.6  Navigation Performance for Four Missions 
Four missions were studied. The purpose of each of these mission scenarios was to observe the effects of 
jamming on loosely and tightly coupled INS/GPS systems and to observe the effect of IMU quality on tightly 
coupled systems. For the first scenario, the loss of lock and reacquisition for each of four satellites was spaced 
out so that the behavior of the navigation solution could be observed for extended periods of time between 
each loss. The other missions consisted of: 1) an aircraft flying past a jammer so that it loses lock then 
reacquires satellites as the jammer recedes into the distance, 2) an aircraft approaching a jammer head on, and 
3) a helicopter operating in the vicinity of a jammer. 


2.6.1 Sequential Outage 


In this scenario, the loss of lock on satellite carrier and code phase was forced at 3-min intervals. Loss of code 
lock began after the fourth carrier tracking loop lost lock. Thus, the sequence began with loss of lock on a single 
carrier signal and ended with the loss of lock of the fourth code loop. Two variations in the study were 
considered at this point. In one of these, the signals were reacquired in inverse order after a total outage of 20 
min. In the other variation, the mission was continued for 84 min using inertial measurements without the aid of 
GPS. 


The behavior of the horizontal velocity error for the loosely and tightly coupled 1 nmi/h systems is shown in 
Figures 2 and 3.  







INS/GPS Integration Architecture Performance Comparisons 


RTO-EN-SET-116(2011) 6 - 9 


 


 


 


Figure 2: Horizontal velocity error for the loosely coupled navigation systems. 


 


Figure 3: Horizontal velocity error for the tightly coupled navigation systems. 


The first loss of carrier tracking occurs at 360 s. The first loss of code at 1020 s. One feature of this loosely 
coupled system is that it does not form a navigation solution if fewer than four satellites are in lock. Thus, the 
immediate rise in velocity error begins at this point in the bottom graph (loosely coupled system). In contrast, 
the increase in velocity error for the tightly coupled system is somewhat delayed. The sequence of code 
reacquisition begins at 2760 s. Since the tightly coupled system makes immediate use of the first code 
measurement, the step improvement in velocity is seen at that time. The correlations between position and 
velocity in the Kalman filter cause the decrease in velocity error, even though it is a range measurement that 
has been made. Each successive code loop reacquisition causes a step improvement in the velocity accuracy. 
In contrast, the loosely coupled system does not get the benefit of the recently reacquired code phase until four 
satellites are in lock. At this point (in the lower graph), the improvement in velocity accuracy is recognized 
easily.  


With four satellites in lock, the loosely coupled system yields perfectly acceptable navigation performance. 
The response to jamming the tightly coupled system is somewhat better. The maximum horizontal position 
error for each system studied is shown in Figure 4. 
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Figure 4: Horizontal position errors at time of reacquisition. 


If the navigation system is denied, GPS measurements for 84 min, the horizontal position errors grow to the 
levels shown in Figure 5. 


 


Figure 5: Horizontal position errors 1 Schuler period after loss of last satellite. 


In addition to the obvious correlation of navigation error to IMU quality, we can make the following general 
observations about these results. The tightly coupled 1.0-nmi/h system does perform better than the loosely 
coupled system. This is due to two factors: 1) the tightly coupled system makes use of measurements even 
when fewer than four satellites are in lock, and 2) the calibration of the inertial instruments is somewhat better 
with the tightly coupled system. This performance difference diminishes with time. A very long time after the 
last GPS measurement, the performance of the tightly coupled and loosely coupled systems would be identical 
-- that of a 1-nmi/h system. The performance of the 1.0-nmi/h system is about 10 times better than that of the 
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10.0-nmi/h system at the end of the 20-min blackout interval. However, at the end of 84 min, the 1.0-nmi/h 
system has only drifted to a 1131 m error. The 10-nmi/h system has drifted to close to 18000 m. This simply 
reflects the fact that the major source of error for the 10-nmi/h system is uncalibratable random errors.  


2.6.2 Jammer Flyby 


For this scenario, an aircraft flies by a jammer, thus losing and regaining lock in a somewhat more realistic 
fashion. A jammer was placed on the ground near the midpoint of the trajectory to cause an approximate 20-
min outage. In contrast to the previous situation in which the period of the outage was specified, in this 
scenario, the actual loss of lock will be determined by the signal-to-noise ratio for each satellite. Reacquisition 
will be determined by the growing uncertainty in range and range rate to each satellite. The period of outage 
will also be a function of the bandwidth of the carrier tracking loops for each of the receivers. We will, again, 
observe position and velocity error growth as GPS measurements are lost. 


Table 7 shows the number of range intervals to be searched for each satellite at the time the signal-to-noise 
threshold rose above 21 dB. In no case did the error growth in velocity cause the range rate uncertainty to any 
satellite to be greater than 10 m/s (one Doppler shift interval).  


Table 7: Search for Range Phase as a Function of IMU Quality. 


 Range (Code Phase) 
Intervals to be Searched 


Navigation Satellite Identification 
System 3 11 12 15 17 18 21 
Tightly coupled 10 nmi/h 73 64 70 42 82 70 43 
Loosely coupled 1.0 nmi/h 8 8 8 6 9 8 6 
Tightly coupled 1.0 nmi/h 7 6 6 5 7 6 5 
Tightly coupled 0.5 nmi/h 6 6 6 5 6 6 5 
Tightly coupled 0.2 nmi/h 6 5 6 5 6 5 5 


For a search time of 20 ms/chip (code phase interval), the better IMUs hold the search time to 0.2 s. The 10-
nmi/h inertial system holds the search time to about 0.8 to 1.6 s. These numbers only reflect the error growth 
in position (and velocity) uncertainty and assume that the entire 1σ search area must be searched before lock 
on is achieved. Sometimes the signal will be found sooner, and of course, 32% of the time, it will be outside 
the 1σ bounds and require a longer search. Unfortunately, these results cannot be generalized. The placement 
of the jammer, its signal strength, the antenna orientation, and gain pattern are unique to the scenario and can 
only be considered typical. 


The blackout period as a function of IMU architecture and IMU quality is shown in Figure 6. 
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Figure 6: GPS loss of lock as a function of IMU architecture and quality. 


(Note the vertical scale does not begin at zero. The difference is not so striking, as the graph seems to 
indicate.) For this particular scenario, the performance difference is due to better calibration of the inertial 
instruments rather than jamming resistance. Even for the best IMU, the blackout time is reduced by only about 
2 min from the 20-min blackout experienced by the loosely coupled receiver with full (unaided) bandwidth. 
Once again, it is difficult to generalize from these results. 


For this jammer flyby scenario, the horizontal position errors (root-sum-squared (rss) 1σ) just prior to 
reacquisition are shown in Figure 7. 
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Figure 7: Horizontal position errors just prior to reacquisition. 
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The ratio of error level between the 10-nmi/h and the 1-nmi/h tightly coupled systems (3300:260) is greater 
than the 10 to 1 ratio implied by their characterization. Noise is a big error source in the 10-nmi/h system and 
cannot be calibrated by the GPS measurements as can biases and scale-factor errors. Thus, the better IMUs 
perform better yet when they are calibrated continuously by in-flight GPS measurements. The tightly coupled 
1-nm/h system benefits somewhat more by the GPS in-flight calibration than the loosely coupled system.  


2.6.3  Head-on Approach to Jammer 


This scenario is meant to simulate the navigation performance of a fighter-bomber mission in which there is a 
jammer at the target. After take-off, the aircraft climbs to 40,000 ft, dodges a surface-to-air missile, then dives 
down to 200 ft to get below radar detection and to avoid GPS jamming. On approaching the target area, the 
aircraft then climbs to a few thousand feet to locate the target, then releases the bomb. The jammer at the 
target overwhelms all variations of IMU quality and architecture as soon as the aircraft climbs above its 
horizon. The time interval between loss of lock and bomb release is about 159 s for the loosely coupled 
system and 153 s for the tightly coupled systems. Figure 8 shows the position error at bomb release for the 
five navigation systems.  
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Figure 8: Position errors at bomb release after about 2.7 min of free inertial navigation. 


In contrast to the previous scenarios, the IMU performance shortly after loss of lock is shown here. The tightly 
coupled 10 nmi/h system has better performance than this particular loosely coupled system when GPS 
measurements are available. After this short a time, 2.7 min, this advantage has not yet been lost. Another 
contributor to the difference is that the tightly coupled systems resisted the jamming for about 6 s longer than 
did the loosely coupled system.  


2.6.4 Helicopter Performance in Jammer Vicinity 


This scenario is meant to depict a helicopter on a scouting mission. The helicopter closely follows the terrain 
in order to avoid detection. The resulting flight profile has high levels of acceleration and jerk, which caused 
occasional momentary loss of carrier lock. No effect on mission performance can be seen.  
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The jamming scenario was simplified for this mission. GPS measurements were available until on-board 
estimates of IMU calibration and alignment had reached steady state. At that point, GPS was assumed to be 
jammed. The mission continued for another 19 min. In a variation from the previous scenarios, the navigation 
system of the helicopter was augmented with ground speed Doppler measurements. These Doppler measurements 
yield velocity in body coordinates. It will be seen that these measurements make a considerable difference in 
navigation performance after GPS is lost. The error model for the Doppler measurements is given in Table 8.  


Table 8: Error Model for Doppler Ground Speed Measurements. 


Error Source Vertical (1σ) Horizontal (1σ)  
(two components) 


Bias 0.05 nmi/h 0.1 nmi/h 


Scale factor 0.1% 0.25% 


Misalignment 2.0 mrad 2.0 mrad 


At the end of the mission, the task of the helicopter is to define coordinates of a target at some distance (8 km) 
from its own position. The error in target coordinates, δrtgt, is thus due to a combination of helicopter location 
error, δrhelicopter, and IMU misalignment, δα. 


δrtgt = δrhelicopter + δα × r
 


where r is the vector from helicopter to target. 


Figure 9 shows the error in helicopter position and target location as a function of two IMU qualities when no 
ground-speed Doppler measurements are included in the navigation solution.  
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Figure 9: Position and target location errors for a helicopter 19 min after GPS  
loss of lock without the aid of Doppler ground-speed measurements. 
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As seen in an earlier scenario, the ratio of the errors between the 10 nmi/h and the 1 nmi/h navigation system, 
2750:192 in this case, is greater than the characterization ratio, 10:1. The pointing error is negligible compared 
with the position error so that the target location errors and the aircraft position errors are essentially the same.  


Figure 10 shows the same errors when the navigation solution is aided with ground-speed Doppler 
measurements. Results for both an INS/GPS system and for an INS/GPS system supplemented with Doppler 
ground-speed measurements are shown.  
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Figure 10: Position and target location errors for scout helicopter 19 min after  
GPS loss of lock with the aid of Doppler ground-speed measurements. 


As expected, the Doppler ground-speed measurements slow the error growth that is seen with the free inertial 
system. These errors in these velocity measurements integrate into growing position errors so they are not 
equivalent to GPS, which provides position as well as velocity. But they provide much better results than the 
inertial instruments whose measurements must be integrated twice before yielding position. The improvement 
with the Doppler ground-speed sensor is dramatic. Note that when aided by these measurements, the 
performance of the 10-nmi/h system is nearly the same (50% greater target location errors) as that of the 1-nmi/h 
system.  


2.8 Summary of Comparison Results – Loosely Coupled vs. Tightly Coupled 
This comparison has illustrated several features of INS/GPS systems that are true in many cases, but there is 
some danger in drawing general conclusions because the flight profiles and jamming scenarios are quite specific. 
A particular flight profile may allow more or less in-flight calibration, depending on aircraft maneuvers. These 
differences can be minimized by including maneuvers whose specific purpose is in-flight calibration and 
alignment. Jamming scenarios, however, are more difficult to characterize in a general way. Jammers can be on 
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the ground, in which case, they are shadowed by the terrain for low-altitude approaches. They could also be 
airborne, in which case, their effective range will be greater, but for which their signal strength will grow with 
closing distance uncomplicated by shadowing considerations. Furthermore, there may be focused jammers and 
as a countermeasure to jamming, receiver antennas whose gain can be made a function of direction. All these 
variables make it difficult to generalize about how much longer a tightly coupled system will be able to maintain 
lock on the GPS signals. Perhaps the most general statement that can be made is to state the improvement in 
decibels in signal-to-noise (jammer) ratio that inertially aided receivers achieve. 


The in-flight calibration and alignment of the tightly and loosely coupled receivers is simpler to assess. As in 
this study, loosely and tightly coupled architectures can be proposed. The resulting performance after loss of 
lock can then be assessed by either Monte Carlo techniques or, as in this study, by linearized covariance 
analysis. 


After doing the analysis and observing simulation results, the following cautious assertions can be made:  
1) When GPS is available, its measurements dominate navigation performance. The steady-state 


navigation error will be reduced by inertial aiding, which simply considered, allows GPS 
measurement noise to be “averaged out.” Improvement of steady-state error with improving inertial 
quality is not as dramatic.  


2) Tight coupling is superior to loose coupling for maintaining lock in a jamming environment, but the 
gain is hard to quantify, except by improvement in the signal-to-noise (jammer) ratio. 


3) Better inertial instruments gain more from in-flight alignment and perform better after GPS is lost. 
This is because poorer instruments in general have larger proportions of uncalibratable noise.  


4) For short time intervals after GPS loss, coupling architectures can make a difference in performance 
(because they affect calibration and alignment quality). 


5) In the long run, basic IMU quality will dominate navigation accuracy due to instrument noise and loss 
of calibration accuracy. 


Finally, it was shown that there is a dramatic difference in jammed performance if Doppler ground-speed 
measurements were available. 


3.0 DEEP INTEGRATION VS. TIGHTLY COUPLED PERFORMANCE 
COMPARISON1 


The inertial sensor error model used was representative of a particular Microelectromechanical System 
(MEMS) IMU capability. Rms accelerometer errors were characterized by 1-mg bias stability, 100-ppm scale-
factor stability and 1-cm/s/ h  random walk. Rms gyro errors were 10-deg/h bias stability and 0.03-deg/ h  
random walk. All stability errors were modeled as first-order Markov processes with a time constant of 5 min, 
which is representative of expected in-flight error characteristics. Accelerometer and gyro input axis 
nonorthogonalities of 1 mrad, rms were assumed and were treated as fixed biases. 


A full 6-degree-of-freedom simulation was used with four satellites continuously in view. The navigation state 
vector consisted of 3 components of position, velocity, inertial sensor stability errors (bias, scale factor, and 
misalignment for both accelerometers and gyros), user clock, and clock rate. Clock errors were treated as biases. 
Satellite ephemeris errors were accounted for by including an unestimated range bias of two meters, rms. 
                                                      


1 The material in this section is from References 3 and 4. “Deep integration” is trademarked by Draper Laboratory. 
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The navigation algorithms are nonlinear. Thus, it was not possible to perform an accurate error covariance 
analysis based on linearization. As a consequence, the results in this section are based on Monte Carlo analysis.  


The measurements from all correlators were processed simultaneously, while the measurements from each 
satellite were processed sequentially. An ideal correlation function was assumed in the navigation algorithms, 
with Rc(τ) = 1 - |τ| for |τ| ≤ 1 and Rc(τ) = 0 for |τ| > 1. A correlator spacing of ½ chip was used throughout. 
Two types of jammers were assumed: 1) wideband Gaussian jammer with a 20 MHz bandwidth, and 2) 
narrowband jammer with a 1 kHz bandwidth. Jammer outputs were generated using a first-order Markov 
process driven by pseudorandom Gaussian noise.  


In order to assess performance relative to conventional systems, a tightly coupled INS/GPS system was also 
simulated. The simulation model assumed a GPS receiver capable of calculating pseudo-range and delta-
range. The receiver outputs and the simulated MEMS sensor outputs were fed to an INS/GPS integration 
filter. This filter was mechanized as a standard extended Kalman filter and used the same navigation state 
vector as the deeply integrated system. The receiver was velocity aided using the velocity components of the 
state vector estimate. The tightly coupled receiver filter bandwidth was 0.1 Hz while in State 3 tracking. Code 
loop loss-of-lock was assumed to occur at J/S = 54 dB. Above this threshold, GPS data were not used and free 
inertial navigation was assumed.  


3.1  Constant Wide-Band Gaussian Jamming 
Performance comparisons between the deeply integrated and tightly coupled systems were first conducted for 
two scenarios in which the navigator is subject to a constant wide-band Gaussian jamming. This allows the 
assessment of the additional loss-of-lock capability due to deep integration in a relatively straightforward 
manner. Dynamic maneuvers were simulated: body-frame specific force was pulsed between 0 and ±1 g along 
all axes; pulsewidth was 10 s with a period of 90 s.  


Results for the first scenario are shown in Figure 11 using 27 Monte Carlo runs. J/S was maintained at 30 dB 
over the first 60 s of flight and then instantaneously switched to a higher value and held there for the 
remainder of the 5-min flight. Initial rms navigation errors were 30 m and 1 m/s along each axis. Initial rms 
clock errors were 20 m and 2 m/s. J/S levels used were 40 to 80 dB in increments of 5 dB, as shown outside 
the right edge of the figures. The deeply integrated system was able to maintain code lock up to 65 dB J/S, an 
improvement of approximately 15 dB over the tightly coupled system. Note also that the deeply integrated 
system achieves lower rss error during the 60-s initialization phase. 
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Figure 11: Navigation performance comparison: first scenario. 


The second scenario used a constant value of J/S over a 7-min flight. Initial rms position and velocity errors 
were 2 m and 1 m/s along all axes. The rms clock errors were 1 m and 0.1 m/s. J/S was varied between 50 and 
80 dB in 5-dB increments. The results are shown in Figure 12, using 35 Monte Carlo runs and for both  
10-deg/h and 1-deg/h INS error models. The results again indicate a significant improvement in loss-of-lock 
capability due to deep integration. This improvement is shown quantitatively in Figure 13, in which the results 
of Figure 12 are replotted vs. antijam (A/J) improvement. A/J improvement is in excess of 10 dB at all values 
of rss error and exceeds 15 dB for rss error greater than 35 m. Note that the A/J improvement also increases 
when higher quality inertial sensors are employed. This is primarily due to the enhanced in-flight error 
calibration capability of the deeply integrated system.  
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Figure 12: Navigation performance comparison: second scenario. 
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Figure 13: A/J improvement due to deep integration. 


3.2 Precision Guided Munition Scenario 
The performance of the deeply integrated navigation system was evaluated for a precision guided munition 
(PGM) scenario in which the target was at a range of 63 nmi. The altitude profile is plotted in Figure 14.  
A single wideband Gaussian jammer was placed 5 nmi in front of the target in an attempt to simulate a worst-
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case scenario for a single jammer. This placement gives maximum J/S prior to final target approach with a 
resultant loss of navigation system performance just prior to target impact. The J/S history for a 100 W 
jammer is shown in Figure 15. 
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Figure 14: PGM altitude profile. Figure 15: PGM scenario: J/S vs. time. 


Performance was evaluated by varying the jammer power from 1 W to 10 kW. A total of 25 Monte Carlo runs 
was made at each power level. Initial rms navigation errors were 10 m and 0.2 m/s per axis; initial rms clock 
errors were 10 m and 0.2 m/s. The CEP at target impact is plotted vs. jammer power for wideband jamming in 
Figure 16 and for narrowband jamming in Figure 17. Comparing the results in the figures, it can be seen that 
the deeply integrated system offers significant improvement over the traditional tightly coupled system for 
both wideband and narrowband jamming. As an example, a 100-W wideband jammer results in a CEP of  
11 m for the deeply integrated system, compared with a CEP of 120 m for the tightly coupled system. If the 
jammer power is reduced to 10 W, the CEP values are 2.6 m for the deeply integrated system and 71 m for the 
tightly coupled system. 
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Figure 16: CEP vs. jammer power: 
wideband jammer. 


Figure 17: CEP vs. jammer power: 
narrowband jammer. 
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A/J improvement capability may be quantified by comparing jammer power at a constant value of CEP. The 
resulting improvement in A/J capability due to deep integration can be seen in Figure 18. For wideband 
jamming, improvements of at least 15 dB are seen for CEP values ranging from 6 to 120 m. For narrowband 
jamming, improvements of at least 15 dB are seen for CEP values ranging from 4 to 80 m. Improvement is 
seen to decrease as the CEP decreases below 10 m. In this case, the decrease in CEP results from a decrease in 
jammer power, and the tightly coupled system tends to maintain lock with higher probability as the jammer 
power decreases. In the limit as the jammer power approaches zero, the tightly coupled system approaches 
efficient operation, and both systems give comparable performance. The improvement is also seen to decrease 
as the CEP increases beyond 100 m. In this case, the increase in CEP results from an increase in jammer 
power and the tracking quality of the deeply integrated system begins to degrade. In the limit as the jammer 
power increases without bound, the deeply integrated system can no longer maintain lock, and both systems 
are operating in a free inertial mode where the CEP is determined solely by initial navigation errors and 
inertial sensor errors. 


CEP (m)


63-nmi PGM


MEMS:  1998


CEP (m)


63-nmi PGM


MEMS:  1998


25


A/
J 


Im
pr


ov
em


en
t (


dB
)


20


15


10


5
100 101 103102


WB


NB


CEP (m)CEP (m)


63-nmi PGM


MEMS:  1998


CEP (m)


63-nmi PGM


MEMS:  1998


25


A/
J 


Im
pr


ov
em


en
t (


dB
)


20


15


10


5
100 101 103102


WB


NB


CEP (m)  


Figure 18: A/J improvement due to deep integration. 


3.3 Final Comment on Deep Integration Comparison 
As shown in Reference 5, every 20 dB increase in A/J improvement in the INS/GPS system requires that the 
jammer increase its power by a factor of 100 to maintain the same effectiveness as a jammer. Yet the increase 
in jammer power makes its detection and attack much more probable. Thus, the potential benefits of deep 
integration are substantial in both comparisons reported here. Additional comparisons can be found in 
Gustafson and Dowdle, “Deeply Integrated Code Tracking,” ION GPS/GNSS Portland, OR, 2003. 


4.0 CONCLUDING REMARKS 


This paper has presented several options for the integration of INS and GPS systems in order to benefit from 
the advantages of each system. As been shown, if the integration level between the two systems increases, the 
benefits also generally increase. The comparison of deeply integrated vs. closely coupled indicates that the 
deeply integrated approach will likely find more applications in the future. 
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ABSTRACT 


This paper focuses on the latest technology trends for navigating in difficult urban, indoor, and underground 
environments where typical Global Positioning System (GPS) receivers do not function. The latest alternative 
navigation (Alt-Nav) technologies based on electro-optical techniques are described. These techniques extract 
features from electro-optical images (for example, a point feature associated with a corner of a building or a 
line associated with a wall of an indoor hallway) and then utilize those features as navigation related 
landmarks to enable aiding of inertial navigation system (INS). The Alt-Nav technologies presented include 
optically-aided INS and Ladar-aided INS. Tightly integrating these technologies with an INS should lead to 
navigation performance similar to that is achieved in today’s GPS/INS integrations. An Alt-Nav integration 
vision for the future is given with some example configurations that improve overall navigation system 
robustness. 


1.0 MOTIVATION AND BACKGROUND 


Over the past couple of decades, there have been a number of navigation trends that have driven the desire to 
improve our ability to navigate in all environments. Table 1 notionally represents these trends. Previously, the 
primary desire was to navigate single, stand-alone systems (such as a car), but now, the desire is increasingly 
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to have simultaneous navigation awareness of multiple interdependent systems (such as a traffic notification 
system in a car). Previously, navigation capability was not always counted on, but increasingly navigation is 
considered to be an assumed infrastructure (like knowing the lights will come on when you turn on the light 
switch). Previously, navigation accuracy of 5-10 m seemed almost extravagant when other worldwide 
navigation options prior to GPS (namely, Omega [1] and stand-alone inertial) had accuracies more on the 
order of 1-2 km. Now, there are many applications that require meter or sub-meter level accuracy (such as 
precision agriculture). Previously, due to cost, power, and size constraints, it was generally only feasible to 
know where the “big things” are (such as airplanes). Now, navigation is desired on more and more, smaller 
and smaller objects (such as cell phones).  


Table 1: Navigation Trends. 


Then → Now 


Single, stand-alone systems → 
Multiple interdependent systems 
work together to achieve goal 
(requires navigation) 


Precise navigation as a “nice-to-
have” entity → 


Complete dependence on reliable 
navigation (navigation as an 
assumed infrastructure) 


Navigation accuracy:  
5-10 m is sufficient → Sub-meter to cm-level accuracy 


desired (“Accuracy is addictive”) 
We want to know where the “big 
things” are → We want to know where 


everything is 


While GPS has been the driving factor behind most of these trends, there are limitations to GPS that have 
become more evident over time as we have increasingly come to rely on navigation. The shortfalls in GPS 
could be called the “navigation gap”, as depicted notionally in Figure 1. The horizontal axis in this figure 
represents the continuum between urban/indoor and rural/open environments. The vertical axis roughly 
represents altitude, from ground level all the way up to space.  


 


 


Figure 1: The Navigation Gap. 
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GPS does a great job of covering much of this two-dimensional trade space (indicated by the solid blue 
shape), but GPS by itself is not sufficient when moving close to the bottom left corner of the graph. Recent 
advancements in high-sensitivity GPS have helped to decrease the size of this gap (indicated by the striped 
blue shape), but there still remains a gap where availability, accuracy, or reliability of GPS by itself is not 
sufficient for many applications. Ironically, it is in just such urban/indoor locations where many people spend 
most of their time. (In fact, odds are that you would have a hard time obtaining a high accuracy GPS fix 
wherever you are reading this paper!) 


Summarizing the navigation requirements in a manner similar to [2], it would be desirable to develop a 
navigation system that (a) supports an indefinite mission duration, (b) supports real-time 3D location 
performance, (c) supports localization in urban environments and inside residential and most commercial 
buildings, (d) supports operation in an unknown (unmapped) or sparsely known (partially mapped) 
environment, (e) supports localization from the power-off condition and requires no separate starting location 
initialization of the user equipment, (f) supports individual isolated user terminals, (g) shall be able to re-
acquire the navigation capability after a temporary loss, (h) is low-cost and low-weight, (i) does not require 
user motion to work, (j) shall have a level of integrity (assurance), accuracy, availability and continuity of 
service consistent with the tactical mission requirements. 


Alternative Navigation Techniques 


For the reasons described above, alternative navigation techniques have been and are currently being developed 
to help fill this navigation gap. At least three broad categories of alternative navigation techniques exist: 


1) Image/ladar/Doppler/DR aiding of inertial. These techniques attempt to use an inertial system, but 
constrain the drift by incorporating another source or sources of aiding. Such systems are typically 
self-contained. Examples include image-aided inertial navigation [3], ladar-aided inertial navigation 
[5], and pedometry-based DR-aiding of inertial [6]. This area of alternative navigation will be the 
focus of this paper. 


2) Beacon-based navigation (including pseudolites). If the GPS signal is not adequate for navigation 
in a particular environment, it is possible to transmit an additional signal or signals that are 
specifically designed for navigation purposes. If the transmitted signals are similar to GPS signals, 
then such beacon transmitters are usually called “pseudolites.” Examples of beacon-based navigation 
systems for indoor navigation can be found in [7] and [8]. 


3) Navigation using signals of opportunity (SoOP). Signals of opportunity, as defined in this paper, 
are radio frequency (RF) signals that are not intended for navigation. Examples from previous 
research include digital television [9], analog television [10], and AM radio [11][12]. Part 2 of this 
paper series focused on these techniques [13]. 


This paper is focused on the first category listed above—navigation techniques that use Electro-optical 
sensors such as vision cameras and Ladar (laser radar or laser detection and ranging) sensors to aid an Inertial 
Measurement Unit (IMU). The basic idea behind these techniques is to extract features from electro-optical 
images (for example, a point feature associated with a corner of a building) and apply those features for 
landmark-based inertial aiding. Even though we focus on vision-aided and Ladar-aided navigation in this 
paper, it does not imply that the other alternative navigation approaches are inferior. There are strengths and 
weaknesses to each approach, and selecting the appropriate approach requires knowledge of the constraints 
and requirements of a specific application. 







Navigation in GPS Denied 
Environments: Feature-Aided Inertial Systems 


7 - 4 RTO-EN-SET-116(2011) 


 


 


2.0 IMAGE-AIDED INS 


Image-aided navigation serves as an excellent example of passive signal-of-opportunity navigation for the 
following reasons. First, there is a strong natural precedent in the animal kingdom. Many animals have been 
shown to utilize visual information for navigation. In fact, the ocular-vestibular system provides the primary 
navigation suite for humans. Secondly, optical sensors are inherently high-bandwidth. This results in the 
potential for very precise angular resolution. Finally, digital imaging sensors are readily available and easy to 
interface with, which makes them a very practical solution for investigation of navigation potential. Parts of 
this section are based on work presented in more detail in [3] and [4]. 


Image-aiding methods are typically classified as either feature-based or optic flow-based, depending on how 
the image correspondence problem is addressed. Feature-based methods determine correspondence of features 
(or “landmarks”) in the scene over multiple frames, while optic flow-based methods typically determine 
correspondence for a whole portion of the image between frames. Optic flow methods have been proposed 
generally for elementary motion detection, focusing on determining relative velocity, angular rates, or 
obstacle avoidance [14]. Feature tracking-based navigation methods have been proposed both for fixed-mount 
imaging sensors or gimbal-mounted detectors which “stare” at the target of interest, in a manner similar to the 
gimballed infrared seeker on heat-seeking, air-to-air missiles. Many feature tracking-based navigation 
methods exploit knowledge (either a priori, through binocular stereopsis, or by exploiting terrain 
homography) of the target location and solve the inverse trajectory projection problem [15][16]. If no a priori 
knowledge of the scene is provided, estimation of the navigation state is completely correlated with estimating 
the scene. This is referred to as the structure from motion (SFM) problem. A theoretical development of the 
geometry of fixed-target tracking, with no a priori knowledge is provided in [17]. An online (extended 
Kalman filter-based) method for calculating a trajectory by tracking features at an unknown location on 
Earth’s surface, provided the topography is known, is given in [18].  
 


2.1 Basic Concept 
The basic concept of the feature-based vision/inertial integrated navigation is illustrated in Figure 2.  
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Figure 2: Overview of the image-aided inertial algorithm [4]. 


The algorithm consists of the following fundamental steps: At time epoch ti the system captures an image of 
the environment using its digital imaging device and converts this image to a set of discrete features expressed 
in a space referred to as the feature space. Next, both the navigation state and the feature space state are 
propagated to time epoch ti+1, the next imaging event. At ti+1 another image is captured and transformed to 
feature space. Both the feature space of the captured image frame at time ti+1 and the propagated feature space 
are input to the statistical feature correspondence algorithm that associates features at time ti to features at time 
ti+1. Finally, the trajectory error is estimated using these associated features in a Kalman estimator. The next 
couple of paragraphs will explain these steps in more detail. 


A digital imaging device (the vision camera) measures the light intensity pattern projected through optics onto 
a sensor. The projection is a nonlinear function of the scene and lighting conditions, the camera optics, and the 
pose of the camera relative to the scene. The measured image can be thought of as a surface in three 
dimensions (two spatial and one intensity), which is corrupted by measurement noise, optical distortions, and 
possibly spatial aliasing. While humans easily interpret camera images, an automated navigation algorithm 
would require an automated image pre-processing step that consists of the extraction of distinct features (or 
landmarks in terrain referenced navigation (TRN) applications) in the image. Since the features are 
represented in their own space, the so-called “feature space”, the process is often referred to as the 
transformation of the image frame to feature space. In summary, the feature space transformation converts the 
image array into a collection of feature vectors, located in the feature space.  


Many potential feature transformation methods have been proposed. The most desirable feature space 
transformation for image-aided navigation decomposes the feature space into separable pose and object 
dimensions. An ideal set of pose dimensions would be completely dependent on the relative pose of the 
object, and independent on the type of object or feature. Conversely, the ideal set of object dimensions would 
be completely independent of the relative pose of the object, and only depend on the type of object. This is 
similar to human interpretation of objects. For example, to our eyes a pencil always looks like a pencil, 
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regardless its orientation or size. Although no algorithm is currently known which can achieve true 
independence between the pose and object bases, feature transformation algorithms have been proposed which 
display scale and rotation independence. An example of such a transformation is based on the scale-invariant 
feature-tracking (SIFT) algorithm developed by Lowe [19][4]. 


Once a collection of features is identified for the current image at time ti, the estimated changes in the 
navigation state are used to predict the location of features at time ti+1 through a stochastic projection 
transformation. This transformation operates on the pose dimensions of each feature vector from the previous 
image and uses IMU measurements in a Kalman filter to predict pose and pose uncertainty at the time of the 
next image. The concept is illustrated in Figure 3.  


 


Figure 3: Stochastic feature projection. Optical features of interest are mapped into  
future images using inertial measurements and stochastic projections [3]. 


This predicted set of feature vectors is then compared to the features detected in the next image (ti+1). This 
comparison or matching procedure compares the respective feature vectors using a rigorous, statistical 
weighting. This rigorous statistical feature matching method is based on inertial measurements and integrates 
the image and inertial sensors at a deeper level than previous methods. Once feature matches are determined, 
the errors between the predicted feature location and the actual feature location are used to correct errors in 
the navigation state. This is accomplished through the use of a Kalman filter. The Kalman filter mechanization 
will be described in more detail in Section 2.2. The cycle is then repeated for each image captured. In the next 
section, a detailed discussion of the components of the image and inertial fusion algorithm is presented. 


2.2 Mechanization 
Fusion of image and inertial data is accomplished through the implementation of an Extended Kalman Filter 
(EKF) [20][21]. The EKF estimates the errors in the calculated system parameters. In order to minimize the 
effects of linearization errors, the system parameters are periodically corrected by removing the current error 
estimate. A block diagram of the image-aided navigator is shown in Figure 4. To enable derivation of the EKF 
a relationship between the basic measurement (the pixel location of the feature in the image plane) and the 
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state (position and velocity of the user) must be established. This relationship is non-linear and a general 
expression is given by: 


 ˜ z (t i) = h pN(t i),Cb
N(t i),yN(t i),Tc


pix{ }+ ν(t i)    (1) 


 


 


Figure 4: Image-aided inertial navigation filter block diagram with EKF. 


In (1), pN is the user position in the navigation frame, Cb
N is the body to navigation frame direction cosine 


matrix (DCM), yN is the feature location in the navigation frame, Tc
pix  is the homogeneous camera projection 


matrix, ν  is additive white Gaussian noise (AWGN), and h is a non-linear function.  
 
Similar to equation (1), a non-linear relationship exists between the feature location in the navigation frame 
and the feature location measurements output by the feature extraction: 


 ˜ y N(t i) = g ˜ p N(t i), ˜ C b
N(t i), ˜ z (t i), ˜ d (t i),Cc


b,Tc
pix{ }  (2) 


where d is the distance form the camera to the landmark and Cc
b is the camera to body DCM. In equations (1) 


and (2) the tilde indicates that these quantities include an error component.  


In the EKF implementation described in [4], the navigation error state vector, δx, consists of the following 
fifteen elements: 


 δx = δpN
T δvN


T ψT ab
T bb


T[ ]T
 (3) 


 
where δpN is the position error state expressed in the navigation frame (3x1 vector), δvN is the velocity error 
state expressed in the navigation frame (3x1 vector), ψ  is the attitude (3x1 vector), ab is the accelerometer 
bias expressed in the body frame (3x1 vector), and bb  is the gyroscope bias expressed in the body frame (3x1 
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vector). Feature locations are incorporated in the Kalman filter by augmenting the state vector in equation (3) 
with a vector containing the feature (landmark) errors: 


 
 


δy = [ δyN,1
T L δyN,M


T


Features
1 2 4 4 3 4 4 


]T  (4) 


 
This addition enables tracking of these features over time and using the features for IMU error calibration. 
The linearized measurement model required for the EKF implementation can now be derived from equation 
(1) by linearizing the non-linear function h around the nominal trajectory by finding the derivatives of h with 
respect to the state vector elements x and feature elements y, and evaluating these at the nominal trajectories 
x , and y :  


 δzz,i(t i+1) = Hzxδx(t i+1) + H zy n,i
δyn,i(t i+1) + ν(t i)   (5) 


 
where Hzx and Hzy are referred to as the influence or observation matrices.  
 
Incorporating landmarks or features of opportunity into the navigation filter requires two steps: 1) determining 
the initial feature location and associated influence matrices (Hzy), and 2) calculating the measurement errors 
and associated influence matrices (Hzy). Various methods exist to determine the initial feature location and 
associated influence matrices. The methods differ in the manner in which they estimate the distance, d, from 
the camera(s) to the feature used in equation (2). Reference [4] addresses three methods in detail: a) 
feature/landmark location estimation using a statistical terrain model (one camera and a map), (b) a feature 
location estimation using binocular stereopsis (two cameras), (c) and a feature location estimation using 
egomotion and monocular measurements (one camera over time). 


To complete the EKF, a state equation is required as well. This state equation or system model is 
characterized by state transition matrix F. The EKF implementation is a discrete-time implementation of the 
continuous-time first order Gauss-Markov state space equation: 


 δÝ x (t) = F(t)δx(t) + G(t)w(t)  (6) 
 
The state-transition matrix F and its entries can be found in [4], and for the derivation of its discrete-time 
version, Φ, the reader is referred to references [4] and [20].  
 
In the EKF implementation, the state-transition matrix Φ is used to project both the navigation error state ( δx ) 
and the feature error state ( δy ) and the covariances of these error states from one time epoch to the next 
epoch, resulting in an navigation and feature error prediction. Next, the observations, the influence matrix, and 
the prediction covariances are used to calculate the Kalman gain and update the prediction to obtain the error 
estimate for time epoch ti+1. This iterative process of projecting and updating the state vector is illustrated in 
Figure 5.8 of [21]. 
 


2.3 Performance Demonstration 
This section will show some test results of the algorithms discussed in the previous section including 
simulation results and results from actual operation in a real world environment. The environment in both 
scenarios was an indoor hallway environment. The simulated hallway environment was simulated to be 
straight and 3m-by-3m-by-100m in size with randomly spaced features on walls, floors, and ceilings (0.25 
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features / m2). The motion profile consisted of a 10-minute straight trajectory. Figure 5 shows the results for 
the horizontal error. 


 


Figure 5: Simulated 60-run Monte Carlo root-sum-squared (RSS) horizontal position error  
for indoor profile using both consumer-grade and tactical-grade inertial sensors. 


Figure 6 shows the results for some real indoor test data using both tactical and navigation-grade sensors. The 
profile consisted of a closed path in an indoor environment. The path began and ended at the same location 
and orientation in the Advanced Navigation Technology (ANT) Center laboratory, at the Air Force Institute of 
Technology. As in the previous profile, the data collection began with a 10 min stationary alignment period, 
followed by a 10 min loop around the hallways of the building. The sensor was pointed primarily in the 
direction of travel. No prior knowledge was provided to the algorithm regarding the location of features or 
structure of the environment. A sample image from the indoor profile is shown in Figure 7. The indoor profile 
presents the algorithm with various challenges from a feature tracking perspective. The repetitive, visually 
identical features (e.g., floor tiles, lights, etc.) present in the indoor environment at times confuse the feature-
tracking algorithm. In addition, reflections from windows and other shiny surfaces are not always properly 
interpreted the filter resulting in the occasional navigation errors. Finally, the lower light intensity levels and 
large areas with poor contrast (e.g., smooth, featureless walls) present a relatively stark feature space.  
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Figure 6: Results of the image-aided inertial navigator using tactical and navigation grade IMUs. 


 


Figure 7: Example of the feature-tracking algorithm in an indoor environment. 


2.4 Multi-Aperture Vision Aiding  
This section discusses extension of the vision-aided inertial navigation approach for multi-aperture camera 
cases. Inspired from biological systems, a multi-aperture vision processing system allows for accurate motion 
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estimation by observing optical flow across all apertures. The multi-aperture approach is particularly well 
suited for resolving the motion scale-factor ambiguity (i.e., for the estimation of ranges to vision-based 
features) by providing a wide filed of regard for detecting and tracking visual features. Figure 8 illustrates an 
example implementation of the multi-aperture camera system. 


 


Figure 8: Multi-aperture experimental setup developed by the Alt-Nav team of the  
Air Force Research Laboratory’s Munitions Directorate; the setup includes  


three video cameras with a 90-deg separation of their optical axes. 


A unified coordinate frame has to be chosen for multi-aperture image processing. Particularly, features 
observed by different cameras must be converted into a single frame of reference. Each camera originally 
represents its pixels by their two-dimensional (2D) Cartesian coordinates resolved in the camera focal plane 
(these coordinates are generally referred to as homogeneous coordinates). In principle, a Cartesian 
representation can be also adapted for the unified frame, which, in this case, will be represented by a planar 
surface. However, this representation has a drawback of singularity cases as shown in Figure 9.  


 


Focal point


Unified plane Unified plane


Focal plane


Focal point


No projection exists for features 
with unit vectors e collinear to the 
unified planar surface.


e


Feature unit 
vector


e


For features whose unit vectors are almost 
collinear to the unified plane, small feature 
errors result in large projection errors.  


Figure 9: Drawbacks of the Cartesian representation of the unified  
coordinate frame for the multi-aperture camera case. 
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Homogeneous feature coordinates extracted from an image of a particular camera must be projected onto a 
planar surface that is chosen for the multi-aperture frame. For those features whose unit vector (i.e., a unit 
vector pointed from the camera focal point to the feature) is collinear to the unified plane, such a projection 
does not exist. If the unit vector is almost collinear to the unified plane, then small errors in feature 
measurements result in large projection errors.  


To remove singular cases associated with the Cartesian representation, a unit sphere approach is chosen for 
multi-aperture cameras. This approach is motivated by nature’s multi-aperture vision systems, such as the 
compound eyes of insects, which process optical flow by projecting it onto a sphere. The unit sphere provides 
a natural framework for wide field-of-view (>180 degree) sensors, where the traditional focal plane 
representation is not possible. Figure 10 shows the unit sphere feature projection.  


Features that are extracted from multiple cameras are projected on the surface of a unit sphere and represented 
by their spherical azimuth and elevation angles. In Figure 10, the unit sphere origin is collocated with the 
camera’s focal point. However, this is not required, and the unit sphere projection can be generalized for cases 
where cameras’ focal points are not collocated with the sphere origin and with each other. Figure 11 illustrates 
the feature projection for the non-collocated case.  


X


Y


Z


Focal plane


Unit sphere


Feature extracted from 
the image


Projection onto a 
unit sphere frame


Focal point


1=R


 


Figure 10: Unit sphere frame and unit sphere feature projection. 
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Figure 11: Unit sphere feature projection for the case of non-collocated cameras. 


Equation (7) defines unit sphere projections: 


 


Rf = Cc
us ⋅ ˜ m x ˜ m y F[ ]T


− Rc


ef = Rf / Rf


ϕ = arctan(efy ,efx ) ϕ = arcsin(efz)


 (7) 


 
where Cc


us is the coordinate transformation matrix from the camera {Xc,Yc,Zc}-frame into the {Xs,Ys,Zs}-
frame attached to the unit sphere; ˜ m x , ˜ m y  are homogeneous feature coordinates extracted from the image, F is 
the camera focal length, Rc is the vector that originates from the unit sphere origin and ends at the camera 
focal point, and arctan(,) is the four-quadrant arctangent function. The main advantage of the unit sphere 
formulation is the removal of singularity projection cases that are present if Cartesian representation is utilized 
(see Figure 9 above).  
 
The use of the unit sphere feature projections requires the transformation of motion equations (i.e., relationships 
between feature parameters and motion parameters) from the Cartesian frame into the spherical frame. This 
transformation is illustrated below for a 2D motion case where only a translation motion component is present. 
In this case, the unified frame is represented by a unit circle as shown in Figure 12.  
 







Navigation in GPS Denied 
Environments: Feature-Aided Inertial Systems 


7 - 14 RTO-EN-SET-116(2011) 


 


 


R(1)
ΔRf


ϕ(1)


ΔR


R(2)


ϕ(2)


Feature at image 1


Feature at image 2


Unit circle frame


ΔR


Δϕ
)1(


⊥ee(1)


ba


ΔR


Δϕ
)1(


⊥ee(1)


ba


Camera 
displacement


Feature 
displacement in 
the camera 
frame


 


Figure 12: Unit circle representation for a 2D, translation only motion case. 


From the geometry shown in Figure 12: a /cos Δϕ = b /sin Δϕ ; where a = ρ(1) − ΔR,e(1)( ); b = − ΔR,e⊥
(1)( ); 


Δϕ = ϕ(1) − ϕ(2) ; (,) is the vector dot product; ρ(1) = R(1)  is the distance to the feature for image 1; e(1)  is the 


feature unit vector for image 1; and, e⊥
(1)  is the unit vector perpendicular to e(1) . Correspondingly, the 


following constraint equation is formulated: 


 ρ(1) − ΔR,e(1)( )( )⋅cos Δϕ = − ΔR,e⊥
(1)( )⋅cos Δϕ  (8) 


 
This equation can be rearranged as follows: 


 ρ(1) ⋅cos Δϕ = − ΔR,e⊥
( 2)( ) (9) 


 
Note that Δϕ  is directly calculated from camera measurements. Also, equation (9) only includes the unknown 
range to the feature at the first image. The knowledge of range information for other images (second, third, 
etc.) is not required. Once the initial range is estimated, the motion constraint (9) can be applied to formulate 
Kalman filter vision/inertial measurement observables for other images without the need to know (or measure) 
their feature ranges. As compared to a complete motion formulation that includes feature range variables for 
the current image (see equation (2) above), the motion constraint formulation is beneficial for a monocular 
camera case, as well as for stereo cases with a limited baseline, where direct measurements of the range value 
are not possible or inefficient.  
  
For a general 3D case that includes translational and rotational motion components, two motion constraint 
equations are derived in a manner similar to the 2D consideration above. The first constraint is obtained by 
considering the horizontal component of the translational motion, and the second constraint is formulated by 
adding the vertical motion to it. Constraint equations are then modified to incorporate the rotational motion 
component. The final constraint equations are as follows: 
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e( 2)( )T


⋅ ΔCN
b ⋅ B ⋅ ΔR = e(1)( )T


⋅ BT ⋅ ΔCb
N ⋅ e( 2) ⋅ρ(1)


e( 2)( )T
⋅ ΔCN


b ⋅ Dp ⋅ ΔR = e( 2)( )T
⋅ ΔCN


b ⋅ e⊥
(1) ⋅ρ(1)


 (10) 


where ΔR  and ΔCb
N are position and orientation changes between images 1 and 2; and, matrices B and D are 


defined as: 


 B =
0 −1 0
1 0 0
0 0 0


⎡ 


⎣ 


⎢ 
⎢ 
⎢ 


⎤ 


⎦ 


⎥ 
⎥ 
⎥ 
, D =


0 0 −cos(ϕ(1))
0 0 −sin(ϕ(1))


cos(ϕ(1)) sin(ϕ(1)) 0


⎡ 


⎣ 


⎢ 
⎢ 
⎢ 


⎤ 


⎦ 


⎥ 
⎥ 
⎥ 
 (11) 


 
Motion constraint equations (10) are applied to formulate Kalman filter observables ηp


Kalman  for the multi-
aperture vision inertial aiding:  


 ηp
Kalman =


˜ e p
( 2)( )T


⋅ Δ ˜ C N
b ⋅ B ⋅ Δ ˜ R INS − ˜ e p


(1)( )T
⋅ BT ⋅ Δ ˜ C b


N ⋅ ˜ e p
( 2) ⋅ ˆ ρ p


(1)


˜ e p
( 2)( )T


⋅ Δ ˜ C N
b ⋅ Dp ⋅ Δ ˜ R INS − ˜ e p


( 2)( )T
⋅ Δ ˜ C N


b ⋅ ˜ e ⊥ p
(1) ⋅ ˆ ρ p


(1)


⎡ 


⎣ 


⎢ 
⎢ 
⎢ 


⎤ 


⎦ 


⎥ 
⎥ 
⎥ 
, p =1,...,P  (12) 


 
where ˜ e p


( s) , p =1,..,P, s =1,2  is the unit vector of the feature p that is extracted from image s; ˆ ρ p
(1)  is the 


estimated feature range for image 1, and, Δ ˜ R INS  and Δ ˜ C b
N are INS position and orientation changes between 


images. Image 1 is generally the image where the feature was first observed and image 2 is the current image. 


The initial feature range ρ(1)  is estimated by observing the feature from two different locations of the platform 
and using inertial displacement and orientation change measurements. This estimation is derived from 
Equation (12) and is formulated as follows:  


 


ˆ ρ p
(1) = Hρ


T ⋅ Hρ( )−1
⋅ Hρ


T ⋅
˜ e p


( 2)( )T
⋅ ˜ C N


b ⋅ B ⋅ Δ ˜ R INS


˜ e p
( 2)( )T


⋅ ˜ C N
b ⋅ Dp ⋅ Δ ˜ R INS


⎡ 


⎣ 


⎢ 
⎢ 
⎢ 


⎤ 


⎦ 


⎥ 
⎥ 
⎥ 


Hρ =
˜ e p


(1)( )T
⋅ BT ⋅ Δ ˜ C b


N ⋅ ˜ e p
( 2)


˜ e p
( 2)( )T


⋅ Δ ˜ C N
b ⋅ ˜ e ⊥ p


(1)


⎡ 


⎣ 


⎢ 
⎢ 
⎢ 


⎤ 


⎦ 


⎥ 
⎥ 
⎥ 


 (13) 


 
Essentially, the image depth is initialized using synthetic stereo-vision: camera motion is applied to synthesize 
a stereo-vision baseline, which is measured by the INS. Note that in this case a correlation between depth 
estimation errors and inertial position and orientation errors is introduced. This correlation must be taken into 
account by the Kalman filter design. Particularly, the filter states include INS error states, and errors in initial 
range estimates. Hence, the correlation between INS position and orientation errors and range estimation 
errors must be incorporated into the state covariance matrix of the Kalman filter. An approach for computing 
the INS/vision correlation for the multi-aperture case is similar to the computation of INS/vision correlation 
for a single aperture case, which is described in [4]. 
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Performance of multi-aperture/vision inertial aiding was assessed in a simulated indoor environment. Figure 
13 shows a 2D projection of the simulation environment. The simulation scenario included motion in an 
indoor hallway. Hallway walls were simulated as vertical with a 2.5-m height. For each wall, four point 
features were uniformly distributed over its length and height. The simulated motion trajectory was two-
dimensional. However, the vision/inertial system estimated all six degrees of motion freedom. Inertial 
measurement unit was simulated as a lower-grade unit with an accelerometer bias of 1 mg and a gyro drift 
stability of 50 deg/hr. Specifications of video cameras were simulated as follows: 640x480 resolution, 10 Hz 
update rate, 40 deg by 30 deg field-of-view (FoV). Errors of extracting a point feature from camera images 
were simulated as a camera quantization error plus a random Gaussian noise error with a standard deviation of 
one pixel.  
 


point features


walls


motion trajectory


Simulated indoor environment


X, m


Y, m


  


Figure 13: Simulated indoor environment implemented for the  
evaluation of multi-aperture vision/INS integration. 


Figure 14 exemplifies simulation results. Position accuracy performance is shown for cases of a free-running 
inertial, a single camera/INS integration, and a multi-aperture vision/INS integration including cases of three 
and eight apertures. For the multi-aperture cases, the angular separation between individual cameras was 
implemented as 120 deg and 45 deg for the three-aperture and eight-aperture cases, accordingly.  
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Figure 14: Example simulation results for the indoor simulation environment. 


Simulation results presented demonstrate that for the simulation scenario implemented the use of multi-
aperture INS aiding allows reducing position errors by two orders of magnitude as compared to the single-
aperture case: position drift is reduced from a 100-m level to a 1-m level. The accuracy performance is 
improved due to the following factors. Firstly, the number of available features generally increases by 
increasing the camera FoV using multiple apertures. Secondly, and more importantly, the use of multiple 
apertures enhances the feature range initialization capabilities. Figure 15 illustrates this effect. The range 
estimation accuracy is primarily influenced by the feature angular change between images that are used for the 
estimation. The determinant of the Hρ


T ⋅ Hρ matrix in the pseudo-inverse formulation of equation (13) is 
directly related to changes in spherical angles. An increased angular change increases the determinant value 
and thus improves the estimation accuracy. The maximum angular change is accumulated when passing over 
a feature and observing this feature with a side-looking camera as shown in Figure 15. As a result, this feature 
is efficiently initialized after a small platform displacement. Kalman filter observables for this feature are then 
applied to correct inertial drift over longer displacement intervals that are required in order to accumulate an 
angular change that is sufficient to initialize the feature range for the front-looking camera. 
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Figure 15: Improved range initialization capabilities using multi-aperture vision: large angular 
change is accumulated over a small distance for the feature observed by the side-looking  


camera; this feature is initialized and then applied to correct inertial drift over a  
longer distance that is required to accumulate an angular change sufficient  


for initializing the feature observed by the front-looking camera. 


3.0 LADAR-AIDED INS 


Whereas image-aided navigation uses passive electro-optical sensors, laser-based navigation makes use of 
active sensors: laser scanners (Ladars) or imaging lasers. The use of Ladar for navigation purposes has been 
demonstrated for both en-route navigation [22] and precision approach guidance [23] in a laser-based TRN 
and has been shown to provide meter-level accuracies [2]. However, TRN techniques are operationally limited 
by the availability of an on-board terrain database at the location of interest. More recently, a method has been 
proposed to perform the navigation function using two airborne scanning Ladars integrated with an INS [24]. 
Due to the lack of terrain in urban and indoor environments, the Ladar-based methods must exploit features 
such as surfaces, corners, points, etc. For the feature-based navigation, changes in position and orientation are 
estimated from changes in the parameters of features that are extracted from Ladar images. Two-dimensional 
(2D) laser scanners and feature-based localization methods have been used extensively to enable navigation of 
robots in an indoor environment. For example, reference [25] describes a method to estimate the translation 
and rotation of a robot platform from a set of extracted lines and points using a 2D sensor. Reference [26] 
discusses the feature extraction and localization aspects of mobile robots and addresses the statistical aspects 
of these methods, whereas reference [27] introduces improved environment-dependent error models and 
establishes relationships between the position and heading uncertainty and the laser observations, thus 
enabling a statistical assessment of the quality of the estimates. In [28], 2D scanning LADAR measurements 
are tightly integrated with IMU measurements to estimate the relative position of a van in an urban 
environment. The idea of using 3D measurements and planar surfaces for 2D localization is introduced in 
[29]. Note that the above applications focus on 2D navigation (two position coordinates and a platform 
heading angle). However, for applications such as autonomous aerial vehicles, a 3D navigation solution is 
required, especially, for those cases where the platform attitude varies in pitch, roll, and yaw directions. To 
enable 3D navigation, the utilization of the laser range scanner measurements must, somehow, be expanded 
for estimation of 3D position and attitude. The use of 3D features from 3D imaging cameras was introduced in 
[30]. The discussion in this paper will limit itself to 2D and 3D navigation using 2D scanning Ladar sensors. 
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3.1 Basic Concept 
Figure 16 illustrates the basic measurement mechanism that underlies laser scanner-based navigation. The 
system uses a scanning Ladar to make range and angular measurements of its environment and converts these 
“raw” measurements to a set of points in a two-dimensional (2D) Ladar coordinate frame using a polar 
coordinate transformation. Features are extracted from Ladar scans at different times and used to determine a 
change in position and orientation of the user. Data from scanning Ladar sensors can support both 2D [28] 
and, by enabling gimballing of the sensor, three-dimensional (3D) navigation [31].  


 


 
Figure 16: Laser Scanner-Based Navigation. 


The discussion in this paper will focus on 3D navigation since 2D navigation (with line segments) is a 
considered a special case of 3D navigation. The features that are exploited are “lines” for 2D navigation and 
“planar surfaces” for 3D navigation. The rationale for the use of lines and planar surfaces for navigation in 3D 
urban environments is that these features are common in man-made environments. To exemplify this, Figure 
17 shows images of typical urban indoor (hallway) and outdoor (urban canyon) environments. Multiple planes 
can be observed in both images. Since changes in image feature parameters between scans at different time 
epochs are used for navigation, the feature must be observed in both scans. Feature repeatability is thus 
essential for Ladar-based navigation. Planar surfaces satisfy this requirement, as they are highly repeatable 
from scan to scan. As long as a wall of a building stays within the Ladar measurement range and FoV, the 
plane (or line) association process is likely to be successful.  


 Indoor image Outdoor image 


 


Figure 17: Examples of planar surfaces observed in urban images: multiple  
planes can be extracted for indoor and outdoor image examples. 
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Figure 18 shows a block diagram of the Ladar-based navigation method. The desired features (“lines” or 
“planar surfaces”) are extracted from the Ladar scans and used to estimate the navigation solution that is 
comprised of changes in Ladar position and orientation. In order to use a planar surface for the estimation of 
position and orientation changes, this planar surface must be observed in both scans and it must be known 
with certainty that the plane in one scan corresponds to the plane in the next scan. Hence, the feature 
association (or matching) procedure establishes a correspondence between planes extracted at the current scan 
time epoch and the planes extracted at previous scan epochs. The navigation routine stores planes extracted 
from previous scans into the plane list, which is initialized with the planar surfaces of the first scan. If a new 
planar surface is observed during one of the following scans, the plane list is updated to include this new 
plane. Reference [28] discuses how INS data is used to match extracted “line” features for the 2D navigation 
case. In order to use INS data for plane matching, the line-matching algorithms developed in [28] were 
extended to the 3D case. The feature matching procedure uses position and orientation outputs of the INS to 
predict the planar surface location and orientation at the current scan time based on planar surface parameters 
observed at previous scan time epochs. If the predicted planar surface parameters and the parameters of one of 
the extracted planar surfaces match closely, a successful association is declared. Following successful feature 
association changes in the associated planar surface parameters are used to estimate the navigation and 
attitude solution. Furthermore, these changes in planar surface parameters are also applied to periodically re-
calibrate the INS to reduce drift terms in inertial navigation outputs in order to improve the quality of the INS-
based plane prediction used by the feature matching procedure. 


 


Figure 18: Generic routine of 3D navigation that uses images of a scanning LADAR. 


The position and orientation data from the INS is also used to compensate for the motion of the platform 
(Ladar) during the scans in those cases where such motion could introduce significant distortions to Ladar 
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scan images. The above method results in the calculation of a relative navigation solution. Estimating local 
frame position and orientation in one of commonly used navigation frames (e.g. East-North-Up and Earth-
Centered-Earth-Fixed frames) allows for the transformation of the relative navigation solution into an absolute 
navigation solution. Navigation herein is performed in completely unknown environments. No map 
information is assumed to be available a priori. 


3.2 Mechanization 
Planar surface based navigation is performed using the perceived location changes of the normal point on the 
planar surface between scans at different time epochs. A planar surface normal point is defined as the 
intersection of the plane and a line originating from the Ladar location perpendicular to the plane of interest. 
Figure 19 illustrates the geometry involved in navigating off the plane normal points. 


 
Figure 19: Use of plane normal points for navigation: changes in perceived location of the  


normal point between scan i and scan j are applied to estimate position changes. 


In Figure 19, ΔR is the delta position vector (displacement vector between scans i, at time ti, and scan j, at 
time tj, in this case); ni is the plane normal vector whose components are resolved in the Ladar body frame at 
scan epoch ti; nj is the plane normal vector whose components are resolved in the Ladar body frame at scan 
epoch tj ; and, ρi and ρj are the shortest distances from the Ladar to the plane at epochs ti and tj , respectively. 
These distances are referred to as the normal point distances. Note that in the navigation frame, the planar 
surface normal vectors at epochs ti and tj are equal since stationary planar surfaces are assumed. However, 
expressed in the Ladar body frame both normal vectors are likely to be unequal due to the body frame rotation 
between epochs ti and tj. From the geometry presented in Figure 19, a relationship can be derived between the 
projection of the displacement vector (between epochs ti and tj) onto the planar surface normal vector and the 
change in the normal point range between scans i and j: 
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  ΔR ⋅ ni = ρi − ρ j   (14) 


Given M associated planar surfaces, a set of linear equations like (14) can be set up in matrix form:  


  H ⋅ ΔR = Δρ    (15) 


where: 
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Note that a minimum of three non-collinear planar surfaces is required for the observation matrix, H, to be 
non-singular and thus allowing for a unique solution of equation (16). Using Ordinary Least Squares (OLS),  
a solution can be computed from equation (16) as follows:  


 
 
Δ ˆ R = HT H( )-1


HT Δ ˆ ρ    (17) 


In equation (17), Δ ˆ ρ  is the estimated delta range vector obtained from the planar surface extraction and 
parameter estimation process. For 2D navigation, “lines” are used and assumed to be part of a vertical planar 
surface where possible tilt of the vehicle or planar surface is estimated separately [28]. In 3D navigation the 
Ladar scanner is rotated intentionally and scans at three (or more) discrete and known elevations are used to 
estimate the planar surface parameters [31].  


The attitude of the Ladar platform is estimated using the planar surface normal vectors. Equation (18) relates a 
change in the Ladar orientation from time epoch tj to ti , given by DCM  C j


i , to the change in the orientation of 
the normal vectors:  


  C j
in j = ni   (18) 


To compute the DCM, the attitude estimation algorithm needs to solve Wahba’s problem [32]: given a first set 
of normal vectors with vector components resolved in the Ladar frame at ti and the second set of the same 
vectors with their components resolved in the Ladar frame at tj, find the DCM that brings the second set into 
best least square correspondence with the first. At least two non-collinear normal vectors are required for the 
attitude estimation. Attitude is generally estimated by solving an eigenvalue/eigenvector problem, which 
requires solution of non-linear equations. Solution approaches have been described by various sources such as 
[33], [34] and [35].  


In order to use planar surfaces for the estimation of position and orientation changes as formulated earlier in 
this section, it must be known with certainty that a plane at time epoch ti corresponds to the plane in at time 
epoch tj. To enable association of planar features, INS data can be used to predict the planar surface range and 
normal vector at time tj based on range and normal vector estimated at time ti: 


 
 


ˆ ρ j
− = ˆ ρ i − Δ ˜ R INS ,ni( )


ˆ n j
− = Δ ˜ C i


j ⋅ ˆ n i
   (19) 
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where  ˆ ρ j
− and   


ˆ n j
−  are the predicted range and normal vector; ˆ ρ i  and  ̂  n i  are plane range and normal vector 


extracted at time i; and,   Δ ˜ R INS  and Δ ˜ C i
j are the INS measurements of the position change vector and DCM 


increment from time epoch ti to time epoch tj . If the predicted range and normal vector ( ˆ ρ j
− and  


ˆ n j
− ) match 


closely to the range and normal vector extracted from scan j ( ˆ ρ j  and  
ˆ n j ), the planar surface correspondence is 


established between scans i and j. Note that planar surface matching thresholds must accommodate both 
planar surface extraction errors and INS drift errors.  
 
Ladar data is also used for the in-motion calibration of the inertial error states in order to reduce drift of the 
INS navigation outputs. The INS calibration part and Ladar-based position computations are separated. Since 
the INS is calibrated in the Ladar measurement domain, the integration mechanization is considered tightly 
coupled. Similar to the case of GPS/INS integration, one of the main advantages of tight coupling over a 
loosely coupled position-domain INS calibration is the ability to reduce inertial drift for those cases where 
Ladar scans do not contain enough features to compute a laser-based position. In those cases where not 
enough features are present for a Ladar-based position solution, the navigator of Figure 18 will employ inertial 
coasting.  
 
The dynamic-state INS calibration uses a Kalman filter to periodically estimate inertial error states. The 
estimation process is based on a complementary Kalman filter methodology [21], which employs differences 
between INS and laser scanner observables as filter measurements. Changes in planar surface ranges between 
consecutive scans are used as laser observables. Correspondingly, laser scanner observables of the Kalman 
filter are formulated as follows for the scan at time epoch tm: 
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ρ1(tm−1) − ρ1(tm )


...
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where K is the number of features for which the match is found between time epochs tm and tm-1.  


Equivalent observables can be synthesized from INS measurements by transformation of the INS 
displacement vector into the range domain as follows: 


   
ΔρINS(tm ) = H(tm−1) Δ ˜ R INS(tm ) + ˜ C b


N(tm ) − ˜ C b
N(tm−1)( )lb( )  (21) 


where H(tm-1) is the observation matrix at time epoch m-1 given by equation (9),  Δ ˜ R INS(tm )  is displacement 
from time epoch m-1 to m calculated from the IMU measurements, and lb is the lever arm vector pointed from 
the IMU to the Ladar scanner with the vector components given at the laser scanner-defined body frame. As 
mentioned previously, filter measurements are defined as differences between inertial and laser scanner 
observables: 


 yKalman (tm ) = ΔρINS(tm ) − ΔρLS(tm )   (22) 


The filter operates with dynamic states only (position error states are not used). Particular filter states include: 
errors in position changes between consecutive scans, velocity errors, attitude errors, gyro biases, and 
accelerometer biases:  
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For this state vector, the observation matrix HKalman can be derived directly by augmenting the geometry 
matrix of equation (16) with zero elements: 
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The measurement noise matrix RKalman is derived from the line and planar surface estimation processes 
performing a comprehensive covariance analysis of the feature extraction method [27][28][31]. 


Derivation of the filter state transition matrix and the system noise matrix for the filter states chosen employs 
a standard Kalman filter formulation, which can be found in [21]. Now, the complementary Kalman filter can 
be implemented to estimate the inertial error states in a manner similar to the once discussed in the image-
aided navigation section using the filter states, the filter measurements, and the filter matrices. Note that the 
Kalman filter implementation considered herein does not take into account a correlation between errors in 
estimated ranges of extracted line normal points and inertial attitude errors.  


It is important to mention that the addition of new lines to the line list generally improves the feature geometry 
and availability but at the same time creates a drift in the relative position solution. If the same lines are seen 
in the initial scan and the following scans then errors in the relative position estimate are due to line extraction 
errors in the current and initial scans only. For this case, the position solution does not drift. If a new line is 
seen, it is transformed into the initial frame using the current position estimate. Errors in the position estimate 
are thus transformed into errors in line parameters and add up to line extraction errors. As a result, the current 
position error contributes to the position error for the next scan where the new line is used for navigation. A 
position drift is thus created. This position drift is however generally significantly smaller as compared to the 
case where position increments are estimated based on consecutive scans thus introducing a random walk. 


Parameters of a planar surface can be estimated by exploiting motion of a 2D Ladar scanner in order to 
observe the surface from different points of view. This is illustrated in Figure 20. Now the multiple observed 
lines can be transformed to a common frame using the INS data and associated to form lines belonging to the 
same planar surface. Multiple of these lines can then be used to estimate the planar surface parameters. More 
details of this method can be found in [31]. 
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Figure 20: Estimating planar surface parameters using 2D Ladar scans and the Ladar’s motion. 


3.3 Performance Demonstration 
To show the performance of the algorithms discussed in Section 3.2 for 2D and 3D navigation, three sets of 
results are shown. In all three cases a SICK LMS-200 Ladar scanner and a Systron Donner DQI tactical grade 
IMU were used. For the first test the equipment was mounted on a test cart that was manually pushed through 
hallways of the Ohio University Stocker Engineering Center. To create a reference trajectory, marks were put 
on the floor along the test path as illustrated by Figure 21. These marks were used as reference points. The 
cart was stopped at each reference point and the laser/inertial-integrated readings were compared with 
reference point locations. The true trajectory and the estimated trajectories are shown in the graph in Figure 
21. The relative position errors of the indoor test were found to be limited to 10 cm after traveling a distance 
of 9 m (or 1.1% of distance traveled). A cm-accurate accurate trajectory reconstruction is thus demonstrated 
for the indoor test scenario considered. 
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Figure 21: Indoor hallway test environment and test results. 


In the second scenario, the test setup was mounted on a van and driven through some of the more challenging 
urban environment of Athens, Ohio. Since GPS was unavailable on much of the trajectory, a good truth 
reference could not be established. Hence, the overall performance was measured by investigating the residual 
errors of the Kalman filter as well as the overall drift after each of the scenarios. This drift error was estimated 
by computing the van’s beginning and end position using kinematic GPS and computing the difference 
between the end position from the survey and the end-position as calculated by the algorithm. Figure 22 
shows the scenario for the urban environment scenario and the trajectory as estimated by the algorithm. The 
drift error over the whole trajectory was determined to have a magnitude equal to 1.59 m. 
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Figure 22: Outdoor urban environment scenario and van trajectory. 


Finally, the 3D navigation scenario was evaluated in a laboratory environment using actual test equipment as 
shown in Figure 23. Position errors shown are at the cm-level. Standard deviations of the errors in x, y, and z 
position components are computed as 3.5 cm, 0.7 cm, and 2.1 cm, respectively. As shown in more details in 
[31], orientation measurements were made as well. The standard deviation of the errors in pitch, roll, and 
heading angles are estimated to be 1.6 deg, 2.5 deg, and 1 deg, respectively. It is noted that attitude errors for 
the live data test are increased notably as compared to attitude errors that were done using simulations (from 
sub-degree level to degree level). This error increase is mainly attributed to the deviation between the 
commanded angular value and the actual elevation angle of the low-cost servomotor used in the test setup.  
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Figure 23: Test environment, planar surfaces and the reconstruction of 3D translational motion:  
true trajectory vs. motion trajectory estimated by the 3D planar-based navigation algorithm. 


4.0 A LOOK INTO THE FUTURE 


Advances in navigation sensor and integration technologies have allowed us to equip a wide variety of 
platforms with an integrated navigation capability that has not been cost effective in the past. The modern 
commander demands precise location information of operational assets, be they aircraft, ships, spacecraft, 
ground vehicles (both manned and robotic) as well as individual soldiers. This capability will enhance 
situational awareness and command and control, increase speed of maneuver, improve weapon effectiveness, 
and simplify communications and logistics requirements. 


Navigation systems will continue to get progressively smaller and more affordable. Technological advances, 
improved mass production techniques and further cost reductions are forecast for the foreseeable future for 
both inertial sensors and satellite systems. Integrated navigation systems, such as INS/GPS, will continue to 
be the standard and applicable to almost any platform or application. These systems will provide accurate 
position, attitude, velocity and extremely accurate time information to the user continuously. New sensor 
technologies, innovative methods for exploiting signals of opportunity, bio-inspired navigation concepts, and 
improved data integration algorithms are all actively being pursued to handle the difficult case of navigating 
when satellite navigation is not always available. This will be particularly useful for ground forces operating 
in complex urban, indoor and subterranean environments. 


Some of the new and emerging military applications of future integrated navigation systems will include: 


• Networking of sensor platforms to create new and highly effective integrated network sensor systems. 


• Robotic assets that use precise navigation systems to allow autonomous maneuver, alone or in concert 
with others. 


• Guided munitions (e.g. artillery shells) that can attack a given coordinate precisely, independent of 
aiming accuracy will soon be a reality. 
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• Accurate positioning of all platforms even when operating in GPS denied environments. 


• Other innovative applications that we have not yet imagined. 


5.0 SUMMARY 


Navigating in indoor and highly urban locations is a “navigation gap” where GPS cannot currently perform, 
and the use of Alt-Nav techniques is one potential way to fill that navigation gap. The concept of integrated 
navigation is to combine the outputs of different types of sensors (see Figure 24). As we have discussed, 
navigation sensors, like any system, have strengths and weaknesses. For example, GPS has exceptional 
accuracy, but it is subject to outages due to the loss of satellite signals. Inertial sensors rely only on gravity 
and platform dynamics, which cannot be jammed, but they exhibit errors that grow over time and eventually 
become unacceptable. Through the careful design of the integrated system, the limitations of individual sensor 
technologies can be greatly mitigated and improved accuracy and robustness can be achieved. 


 


Figure 24: Modular, adaptive, multi-sensor integrated systems provide a possible solution  
to providing robust navigation to dismounted soldiers in complex terrain. 


DISCLAIMER 


The views expressed in this article are those of the authors and do not reflect the official policy or position of 
the United States Air Force, Department of Defense, or the U.S Government.  
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ABSTRACT 


This paper focuses on multi-sensor fusion for navigation in difficult environments where none of the existing 
navigation technologies can satisfy requirements for accurate and reliable navigation if used in a stand-alone 
mode. A generic multi-sensor fusion approach is presented. This approach builds the navigation 
mechanization around a self-contained inertial navigator, which is used as a core sensor. Other sensors 
generally derive navigation-related measurements from external signals, such as Global Navigation Satellite 
System (GNSS) signals and signals of opportunity (SOOP), or external observations, for example, features 
extracted from images of laser scanners and video cameras.  Depending on a specific navigation mission, 
these measurements may or may not be available. Therefore, externally-dependent sources of navigation 
information (including GNSS, SOOP, laser scanners, video cameras, pseudolites, Doppler radars, etc.) are 
treated as secondary sensors. When available, measurements of a secondary sensor or sensors are utilized to 
reduce drift in inertial navigation outputs. Inertial data are applied to improve the robustness of secondary 
sensors’ signal processing. Applications of the multi-sensor fusion approach are illustrated in details for two 
case studies: 1) integration of Global Positioning System (GPS), laser scanner and inertial navigation; and, 
2) fusion of laser scanner, video camera, and inertial measurements. Experimental and simulation results are 
presented to illustrate performance of multi-sensor fusion algorithms.  


1.0 MOTIVATION  


Many existing and perspective applications of navigation systems would benefit notably from the ability to 
navigate accurately and reliably in difficult environments. Examples of difficult navigation scenarios include 
urban canyons, indoor applications, radio-frequency (RF) interference and jamming environments. In 
addition, different segments of a mission path can impose significantly different requirements on the 
navigation sensing technology and data processing algorithms. To exemplify, Figure 1 shows a mission 
scenario of an autonomous aerial vehicle (UAV). 
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Figure 1: UAV mission example. 


For this example, the UAV is deployed in an open field; next, the vehicle enters an urban canyon to perform 
tasks such as surveillance and reconnaissance; and, finally, it returns to the deployment point. To enable 
operation of the UAV at any point on the flight path, a precision navigation, attitude, and time capability on-
board the vehicle is required. Global Navigation Satellite System (GNSS) generally provides satisfactory 
performance in open fields and suburban areas, but has fragmented availability in urban environments due to 
satellite blockages by buildings and other obstacles. Feature-based navigation techniques demonstrate a 
promising potential in dense urban areas where enough navigation-related features can be extracted from 
images of digital cameras or laser scanners. However, the feature availability can be limited in relatively open 
areas. A self-contained inertial navigation system (INS) can provide navigation solution at any environment; 
however, the solution accuracy drifts over time. In a stand-alone mode, none of the existing navigation 
technologies has a potential to satisfy the requirements for the navigation accuracy, continuity and availability 
over the entire duration of the UAV flight. Therefore, multi-sensor fusion techniques are pursued. In other 
words, to be able to navigate at any environment at any time, it is beneficial to utilize any potential source of 
navigation related information. 


Example applications that involve navigation in difficult environments include but are not limited to 
navigation, guidance and control of autonomous ground vehicle (UGV) and autonomous aerial vehicle 
(UAV), as well as teams of UGVs and UAVs for urban surveillance and reconnaissance tasks; geographical 
information system (GIS) data collection for mapping applications on open highways and dense urban 
environments; indoor search and rescue applications; monitoring of urban infrastructure for situational 
awareness; and, precise automotive applications such as automated lane keeping. Meter-level to decimeter-
level reliable positioning capabilities are generally needed for these application examples. As stated 
previously, none of the existing navigation technologies can currently satisfy these requirements or has a 
potential to provide these capabilities in a stand-alone mode. 


This paper discusses multi-sensor fusion approaches for navigation in difficult environments. A generic concept of 
the multi-sensor fusion is first presented. Next, the paper exemplifies applications of the generic multi-sensor fusion 
concept for the development of specific multi-sensor mechanizations. Specifically, integrated Global Positioning 
System (GPS)/laser scanner/INS and laser scanner/video camera/INS mechanizations are considered.   


2.0 MULTI-SENSOR FUSION APPROACH 


The generic concept of the multi-sensor navigation utilizes a self-contained inertial navigator as a core 
navigation sensor. The INS does not rely on any type of external information and as a result can operate in any 
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environment. However, inertial navigation solution drifts over time [1]. To mitigate INS drift, this core sensor 
is augmented by reference navigation data sources (such as, for example, GPS or a laser scanner). Reference 
data sources generally rely on external observations or signals that may or may not be available. Therefore, 
these sources are treated as secondary sensors. When available, secondary sensors’ measurements are applied 
to reduce the drift in inertial navigation outputs. Inertial data are used to bridge over reference sensor outages. 
In addition, inertial data can be applied to improve the robustness of reference sensor signal processing: for 
instance, to significantly increase the GPS signal integration interval in order to enable processing of very 
weak GPS signals and to reduce the susceptibility of GPS to radio-frequency interference [2]. Figure 2 
illustrates the multi-sensor fusion approach. 


INS 
Core-sensor, self-contained


INS 
Core-sensor, self-contained


Reference 
data
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Motion 
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Figure 2: Generic multi-sensor fusion approach. 


Figure 3 provides a more detailed illustration of the interaction between the INS and a secondary navigation 
sensor.  
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Figure 3: Data fusion between the INS and a secondary navigation sensor. 


The secondary sensor generally includes a signal processing part and a navigation solution part. The signal 
processing part receives navigation-related signals and measures their parameters. For example, GPS receiver 
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tracking loops [3] or open-loop batch estimators [4] measure parameters (pseudoranges, Doppler frequency 
shift, and carrier phase) of the received GPS signals. Another example is a laser scanner time-of-flight 
measurement that is directly related to the distance between the scanner and a reflecting object. Measurements 
of signal parameters are then applied to compute the navigation solution. For example, GPS pseudoranges are 
used to compute the GPS receiver position [3], changes in distances to reflecting stationary objects are 
exploited to compute the change in the position of the laser scanner [5]. Note that the navigation solution can 
only be computed if a sufficient number of signal measurements is made. For example, at least four 
pseudorange measurements must be available to compute the GPS-based position; at least two lines must be 
extracted from an image of a two-dimensional (2D) laser scanner to compute a 2D laser position [5].  
 
The multi-sensor fusion architecture above applies secondary sensor’s signal measurements to estimate drifts 
in inertial navigation outputs. This approach is generally referred to as tight coupling. The use of signal 
measurements for the INS drift re-calibration is more beneficial as compared to the use of the secondary 
sensor’s navigation solution (this form of sensor fusion is referred to as loose coupling). As opposed to loose 
coupling, tight coupling still allows for the INS drift mitigation even for those cases where insufficient 
number of signal measurements is available and the complete navigation solution cannot be derived.  
 
The estimation of the INS drift terms is performed using the mechanism of a complementary Kalman filter. 
The idea is that a signal parameter can be generally represented as a function of position, velocity and attitude. 
This function is computed based on INS navigation outputs and then compared to the actual signal 
measurement. A discrepancy between the INS-based signal prediction and the signal measurement is used by 
the complementary Kalman filter mechanization to estimate INS drift terms. A generic Kalman filter 
measurement observable y  is formulated as follows: 
 
 ρ−ρ= ~),,(y INSINSINS αVR  (1) 


where: 


INSR  is the INS position vector;  


INSV  is the INS velocity vector;  


INSα  is the INS attitude (that can be represented as a direction cosine matrix, rotation vector, rotation 
quaternion, or Euler angles [1]);  


),,( INSINSINS αVRρ  is the signal value predicted based on the inertial output; and, 
ρ~  is the actual signal measurement.  


 
The signal measurement herein is denoted by ρ  since the tight coupling approach was first applied to the 
GPS/INS integration case in order to fuse GPS pseudorange measurements and integrated Doppler range 
measurements with inertial data [6]. For this reason, the INS calibration in the signal measurements’ domain 
is also often referred to as the range-domain data fusion. Obviously, the formulation above is not limited to 
the GPS/INS integration case and is applicable to any type of navigation-related signal measurements. It is 
important to mention that video measurements serve as an exclusion for this general rule of the observation 
formulation. For a vision-based case where the distance to a navigation-related feature is unknown and cannot 
be measured (for example, a monocular camera case without any prior feature information), image features 
are related to navigation parameters not in the form of a non-linear function, but rather in the form of a non-
linear motion constraint. This constraint is formulated as  f(R,α,m,ρ) = 0 , where m  represents feature 
homogeneous coordinates (i.e., Cartesian coordinates scaled by the image depth) and ρ is the distance to the 
feature. In this case, non-linear motion constrains and inertial data are used to formulate Kalman filter 
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observables: i.e.,   f(R INS,α INS, ˜ m ,ρ) = 0, where m~  denotes homogeneous feature coordinates that are extracted 
from video images. 


To implement a complementary Kalman filter, equation (1) is linearized as using a Taylor series expension: 
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where: 


ρ  is the true value of the signal parameter;  


ρn  is the measurement noise; and 


INSRδ , INSVδ , and INSαδ  are the INS position, velocity and attitude errors, respectively.  


Non-linear motion constraints are linearized for the case of video measurements. These linearized 
formulations are then utilized by standard Kalman filter routines (i.e., prediction, estimation and covariance 
updates) to estimate INS error states. 


For those cases where multiple measurements are available from secondary navigation sensors, the 
measurement observation vector is expressed as follows: 


 


    


y l
(i){ }= ρl


(i)(R INS,VINS,α INS) − ˜ ρ l
(i)


l =1,...,L
i =1,..., I


 (3) 


In (3), l is the reference sensor index and i is the measurement index for a particular reference sensor. For 
example, reference sensors can include GPS, laser scanner and Doppler radar with corresponding indexes 1, 2, 
and 3. In this case, )5(


2y  represents a 5th measurement observable for laser scanner measurements. Specific 
formulations of Kalman filter measurement observations are exemplified in Section 3 for cases of GPS, laser 
scanner and vision reference sensors. 


As mentioned previously, while the secondary sensors’ measurements are used to improve the inertial 
accuracy, the INS data can be applied to improve the robustness of the secondary sensor’s signal processing. 
For example, inertial data can be used for robust matching of features between different images of a video 
camera or a laser scanner. Another example is the use of inertial aiding for GPS signal integration in order to 
enable tracking of signals that are attenuated by buildings [7].  


Secondary navigation sensors that can be applied for the multi-sensor fusion with the INS include:  


GNSS and partial GNSS: GPS and GNSS signal measurements can be efficiently integrated  with 
inertial data in open areas and also in difficult GPS signal environments (such as urban areas) where 
limited GNSS signals may still be available [7], [8]. 
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Feature-based navigation sensors:  Examples include image-aided inertial navigation [9] and ladar-
aided inertial navigation [5].  


Beacon-based navigation (including pseudolites):  If the GPS signal is not adequate for navigation in a 
particular environment, it is possible to transmit an additional signal or signals that are specifically 
designed for navigation purposes.  If the transmitted signals are similar to GPS signals, then such beacon 
transmitters are usually called “pseudolites.”  Examples of beacon-based navigation systems for indoor 
navigation can be found in [10] and [11]. 


Signals of opportunity (SoOP).  Signals of opportunity, as defined in this paper, are radio frequency 
(RF) signals that are not intended for navigation.  Examples from previous research include digital 
television [12], analog television[13], and AM radio [14], [15].  


The remainder of this paper illustrates application of the generic multi-sensor fusion approach described 
above GPS/laser/inertial and vision/laser/inertial integrated mechanizations. 


3.0 EXAMPLE MULTI-SENSOR FUSION MECHANIZATIONS  


3.1 GPS/Laser Scanner/Inertial  
Feature-based navigation techniques represent a viable option for navigation in difficult GPS environments. 
For example, the integrated laser scanner/INS solution was demonstrated to provide sub-meter accurate 
navigation for dense urban environments where multiple lines can be extracted from scan images [5]. 
However, the feature-based navigation approach clearly has its limitations. Relatively open streets represent 
challenging conditions for the line-based navigation due to limited line availability. To illustrate, Figure 4 
shows a scan image recorded on a relatively open street. For this example, only one line is extracted from the 
image and the system must augment its position computations by the INS coasting option. 


Scan location  


Figure 4: Example of the laser scan image taken on a relatively open street: only one line  
is extracted from the image, which is insufficient to compute the position solution. 


In addition, even in dense urban canyons, line geometry observed in scan images can be insufficient to support 
complete observability of the navigation states.  


Figure 5 illustrates the case where lines in the scan image are created by two nearly parallel building walls. In 
this case, lines extracted from laser scans are nearly collinear. This line geometry allows for the estimation of 
the cross-track position component only: i.e., the vehicle motion component in the direction perpendicular to 
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the walls can be estimated, while the along-track (parallel to the walls) motion component is unobservable and 
INS coasting has to be used to compute vehicle displacement in this direction. 


 


Figure 5: Example of the laser scan in an urban canyon: nearly collinear  
lines are extracted, which limits the observability of position states. 


The use of GPS can efficiently augment the feature-based navigation approach. Relatively open streets (see, 
for example, Figure 4) generally provide enough open sky visibility to track a number of GPS satellite signals 
that is sufficient for navigation computations. In dense urban canyons where only limited feature geometry is 
available (see, for example, Figure 5), a reduced number of satellite signals can be still trackable through 
limited portions of an open sky. Combining line measurements with these additional GPS measurements can 
complete the observability of navigation states. To exemplify, the availability of high-elevation satellites that 
have line-of-sight azimuth angles aligned with the direction of an urban canyon shown in Figure 5 can 
complete the observability for the along-track position component. In this case, two satellites are required to 
complete the 2D position and clock solution. One satellite is sufficient for the case where a reliable estimate of 
the GPS receiver clock bias is available: i.e. the receiver clock bias and clock drift have been previously 
estimated and the clock stability figures allow for an accurate propagation of the clock state estimates from the 
estimation time to the current measurement epoch.  


Integration of GPS, laser scanner and inertial data is discussed in the remainder of this subsection. Figure 6 
illustrates the integrated system architecture.  
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Figure 6: Integrated GPS/laser scanner/INS system architecture. 


This architecture combines GPS, laser scanner, and inertial data for trajectory reconstruction, i.e. the 
estimation of changes in the user position (or delta position) between successive GPS and laser measurement 
epochs. An open loop software GPS receiver [4] is exploited for robust carrier phase tracking in difficult 
environments. The integrated solution utilizes INS navigation outputs to improve the solution robustness. 
Particularly, inertial data are applied to 1) predict feature displacements between laser scans for robust feature 
association between scan images, and, 2) computationally adjust a 2D scan plane for tilting of the laser 
scanner platform.  


As shown in Figure 6, a Kalman filter is used to periodically compute estimates of inertial error states that are 
then applied to mitigate the drift in INS navigation outputs. Kalman filter observables are formulated in the 
measurement domain of GPS and laser scanner, which is, as mentioned previously, referred to as range-
domain data fusion. Specifically, changes in GPS carrier phase measurements and changes in ranges to lines 
extracted from scan images serve as filter measurement observables. A complementary filter formulation [16] 
is utilized for the efficient linearization of system state relations: i.e., filter measurement observables are 
computed as differences between GPS (and/or laser scanner) measurement observables and INS navigation 
outputs transformed into the GPS (and/or laser scanner) measurement domain. In addition, a dynamic-state 
filtering approach [17] is exploited. In this case, the filter implements displacement error states (dynamic 
states) rather than absolute position error states. 


GPS observables of the Kalman filter are based on carrier phase single differences (SDs) between the filter 
update epochs. The SD approach allows exploiting mm-level accurate carrier phase measurements for 
trajectory reconstruction without the need to resolve integer ambiguities. Equation (4) formulates the carrier 
phase SD equation [18]: 


jjrcvrj1MjMjj errorstr )t(~)t(~~ ηΔ+Δ+δΔ+Δ=ϕ−ϕ=ϕΔ −                              (4)  
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where:  


j
~ϕΔ  is the carrier phase SD for satellite j;  


j
~ϕ  is the carrier phase measurement for satellite j;  


GPS0M tMtt Δ⋅+=  is the discrete time and GPStΔ  is the GPS measurement update interval;  
)t(r)t(rr 1MjMjj −−=Δ  is the SD of the range rj between the GPS antenna and satellite j;  


rcvrtδΔ  is the SD of the receiver clock bias, or, equivalently, the receiver clock drift accumulated over the 


GPStΔ  interval;  
the jerrorsΔ  term represents changes in deterministic error components of stand-alone GPS measurements 
and includes changes in ionospheric and tropospheric delays, changes in the satellite clock bias, and drift 
components of relativistic corrections; and,  


jηΔ  is the joint noise and multipath term, which includes carrier noise and multipath.  
 
The SD in satellite/receiver range is expressed as follows: 


   Δrj = SV Dopplerj − Δgeometryj − e j(tM),ΔR( ) (5) 


where:  


j DopplerSV  is a change in the range due to the satellite motion along the line-of-sight (LOS);  


jgeometryΔ  accounts for changes in the relative satellite/receiver geometry;  


je  is the unit vector pointed from the receiver to the satellite, this vector is generally referred to as the LOS 
unit vector;  


RΔ is the receiver position change vector for the interval [tM-1,tM]; and,  
(,) is the vector dot product.  


 
Carrier phase SDs are adjusted for the satellite motion terms, geometry terms, and delta error terms prior to 
their exploitation as Kalman filter measurement observables. For the SD adjustment, satellite motion and 
geometry terms are computed as follows [18]:  


 
  SV Dopplerj = e j(tM),RSVj(tM)( ) − e j(tM−1),RSVj(tM−1)( ) (6)  


 
 


  Δgeometryj = e j(tM) − e j(tM−1),R(tM−1)( ) (7)                


In (6) and (7): 


SVjR  is the satellite position vector; and,  
R  is the receiver position vector.  


 
For geometry compensation, the receiver position vector R  at the previous update (tM-1) is estimated based on 
GPS pseudorange measurements. For those cases where not enough pseudorange measurements are available, 
the position estimate is propagated using inertial data. Note that a sub-hundred-m level accurate position 
estimate is generally sufficient to support mm-level accuracy in the carrier phase SDs [18].  The satellite 
position SVjR  vector is computed from ephemeris data, and the LOS unit vector je  is computed based on 







Navigation in Difficult Environments: Multi-Sensor Fusion Techniques 
 


8 - 10 RTO-EN-SET-116(2011) 


 


 


ephemeris data and the pseudorange-based receiver position estimate. Tropospheric drift terms are 
compensated based on tropo models [3]. Iono delta errors are normally compensated using dual frequency 
measurements [3]. However, generally, iono drift terms stay at a mm/s level or less unless ionospheric 
scintillations are present [18]. Thus, for most operational scenarios, uncompensated iono drift does not 
significantly influence the accuracy of carrier phase SDs. For this reason, the system mechanization reported 
in this paper does not implement iono corrections. 


From equation (4) and (5), carrier phase SDs that are adjusted for the satellite motion, geometry changes, and 
delta error terms are expressed as follows:  


   Δ
˜ ϕ j


adj(tM) = − e j(tM),ΔR( )+ Δδt rcvr + Δη j  (8) 
 


GPS observables of the Kalman filter are computed as differences between INS-based predicted values of 
carrier phase SDs and carrier phase SDs that are actually measured by the GPS receiver. For satellite j, this 
difference is formulated as:  


 adj
j


INS
j


Kalman
j


~~u ϕΔ−ϕΔ=  (9) 
where: 


 
  
Δ ˜ ϕ j


INS = − e j(tM),Δ ˜ R INS + Δ ˜ C b
N ⋅LIMU


GPS( ) (10) 


In (10), )t(~)t(~~
1M


N
bM


N
b


N
b −−=Δ CCC  and GPS


IMUL  is the lever-arm vector between the inertial measurement unit 
(IMU) and GPS antenna with the lever arm vector components being resolved in the body frame. Equations 
(9) and (10) illustrate the specific implementation of the generic multi-sensor fusion observable, which is 
formulated by equation (1), for the case where GPS carrier phase measurements serve as reference 
measurements for the INS drift estimation. 


Laser scanner observables of the Kalman filter are computed from navigation related features observed in scan 
images. These observations are illustrated in Figure 7.  


 


Figure 7: Laser scanner motion and observed change in line parameters. 
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For the laser scanner case, lines are chosen as the basis navigation feature [5]. Kalman filter observables are 
formulated based on changes in line parameters between consecutive scans. As illustrated in Figure 7, changes 
in the scanner location between scans create changes in parameters of lines observed in scan images. In Figure 
7, line is represented by its normal point, where a normal point is defined as a perpendicular intersection of the 
line itself and the line originating from the scanner location. Line normal points are characterized by their 
polar parameters: range ρ and angle α. From the geometry shown in Figure 7, position change is related to the 
line range change as follows [5]: 


 Δ˜ ρ k = ˜ ρ k (tM) − ˜ ρ k (tM−1) = −ΔR X cos αk (tM−1)( )− ΔR Y sin αk (tM−1)( )+ Δεk  (11) 


where:  
k


~ρΔ  is the line range change for line k;  


k
~ρ  is the line range estimated by a line extraction procedure (e.g., using a modified iterative split and 
merge line extraction algorithm described in reference [19]);  


XRΔ  and YRΔ  are position change components;  


kα  is the line angle; and,  


kεΔ  is the noise in estimated line delta range that is due to line extraction errors; these errors generally 
comprise of laser measurement noise and a texture of a scanned surface.  


Note that equation (11) operates with line parameters that are transformed into the horizontal plane using the 
laser tilt compensation procedure described in [5]. Lines are observed at the laser scanner body frame. This 
frame can be tilted due to non-zero pitch and roll angles of the scanner platform. The tilt compensation 
procedure exploits INS attitude outputs to project lines observed in the scanner body-frame onto a horizontal 
plane of the navigation frame in order to mitigate the influence of laser tilt angles on the navigation solution 
accuracy. Thus, equation (11) relates changes in line parameters with changes in position vector components 
that are resolved in the axes of the navigation frame. For the system implementation considered in this paper, 
navigation is performed at the East-North-Up (ENU) frame. Laser scanner body-frame and body-frame of the 
inertial measurement unit (IMU) are computationally aligned to the axes of the navigation frame during the 
system initialization stage. IMU body-frame is physically aligned with the laser body-frame and misalignment 
errors are calibrated during the system initialization. 


Below, equation (11) is reformulated in a vector form:   


 ( ) kMkk ),t(~ εΔ+Δ−=ρΔ Rn  (12) 


where: 


 
  
nk (tM−1) = cos αk (tM−1)( ) sin αk (tM−1)( ) 0[ ]T


 (13) 


A laser scanner observable of the Kalman filter is computed as a difference between line delta range predicted 
based on inertial data and a line delta range extracted from scanner measurements. For line p, this is 
formalized as follows:  


 k
INS
k


Kalman
k


~~v ρΔ−ρΔ=  (14) 
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where: 


 
  
Δ˜ ρ k


INS = − nk (tM),Δ ˜ R INS + Δ ˜ C b
N ⋅LIMU


Laser( ) (15) 


and, Laser
IMUL  is the IMU to laser scanner lever arm resolved in the body-frame. Note that equations (14) and (15) 


represent a specific implementation of the generic multi-sensor fusion observable defined by equation (1) for 
the case of laser/inertial data fusion. 


GPS and laser observables of the Kalman filter are combined into a joint filter measurement vector: 


 
  
y Kalman = u1


Kalman ... uJ
Kalman v1


Kalman ... vK
Kalman[ ]T


  (16) 


As mentioned previously the Kalman filter implements the dynamic-state estimation approach: i.e., the filter 
does not estimate absolute position; instead, position changes between GPS and laser scanner measurement 
updates are estimated. The state vector for the dynamic-state filter formulation includes twenty states: delta 
position error states (three states); velocity error states (three states); attitude error states (three states); delta 
attitude error states (three states) - these are attitude errors accumulated over the filter update interval; gyro 
bias states (three states); accelerometer bias states (three states); and, GPS receiver clock states that include 
delta bias state and drift state. For this state vector, the filter observation matrix (HKalman) is derived from the 
filter observation equations (9), (10), (14) and (15). Elements of this matrix projections of filter states into the 
filter observation domain as illustrated in Figure 8. 


 


Figure 8: Kalman filter observation matrix: matrix elements define projection  
coefficients for projecting filter states into the filter observation domain. 


In Figure 8:  


0’s are 3x1 zero rows;  
and a, b, c, d are 3x1 rows that account for the transformation of INS attitude error terms into the filter 
observables through the lever-arm compensation.  







Navigation in Difficult Environments: Multi-Sensor Fusion Techniques 
 


RTO-EN-SET-116(2011) 8 - 13 


 


 


These matrices were derived using the approach proposed in [17]. Results of the derivation are as follows:  


 


  


a j = e j × Δ ˜ C b
N ⋅LIMU


GPS( )( )T


b j = e j × ˜ C b
N(tM−1) ⋅LIMU


GPS( )( )T


ck = nk × Δ ˜ C b
N ⋅LIMU


Laser( )( )T


dk = nk × ˜ C b
N(tM−1) ⋅L IMU


Laser( )( )T


  (17) 


where:  


×  is the vector dot product.  


The filter measurement noise matrix is a diagonal matrix defined by variances in carrier phase SDs and line 
delta ranges: 


 
  
RKalman = diag σΔϕ1


2 ,...,σΔϕ J


2 ,σΔρ1


2 ,...,σΔρK


2( )  (18) 


 
Carrier phase sigmas (


kϕΔσ ) are computed as follows: 
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  (19) 


where:  


1Lλ  is wavelength of the GPS link 1 (L1) carrier (0.19 cm, approximately);  
Tint is the GPS receiver signal integration interval; and,  
C/No is the carrier-to-noise ratio that is routinely estimated by the open loop GPS receiver.  


 
Laser delta range sigmas (


kρΔσ ) are calculated based on equation (20): 
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σ+σ=σ −ρρρΔ   (20) 


where:  


kρΔσ are line range sigmas that are estimated using the approach reported in [20].  
 
With the filter states listed above, filter measurements formulated by equations (9), (10), (14) and (15), and 
filter matrices represented in Figure 8 and defined by equations (17) and (18), the INS drift estimation 
procedure implements a complementary Kalman filter algorithm for the estimation of the inertial error states 
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and GPS receiver clock states. The filter formulation is similar to the GPS/INS Kalman filter model found in 
[16]. 


Performance of the GPS/laser scanner/inertial solution is illustrated below using experimental data collected 
in real urban environments. A test van was used as a platform for urban data acquisition. The data were 
acquired in Athens, Ohio, USA. Figure 9 shows a photograph of the data collection setup.  


 


Figure 9: Data collection setup used for the acquisition of GPS/Laser scanner/inertial urban test data. 


The setup used to acquire and process live GPS, laser scanner, and inertial urban data includes:    


• Laser scanner: SICK LMS-200. A centimeter distance measurement mode was chosen. For this mode, 
a standard deviation of the laser ranging noise is specified as 5 mm. The maximum measurement 
range is 80 m. A scan angular range is from 0 to 180 deg with an angular resolution of 0.5 deg. A 
scanner update rate of one scan per 0.4 s was used.   


• IMU: Systron Donner DQI IMU. This IMU represents a tactical-grade unit whose main 
characteristics are summarized in Table 1. 


• GPS receivers: A software receiver front-end developed at the Ohio University Avionics Engineering 
Center was used for collection of raw GPS signal samples [21]. A NovAtel Superstar II receiver 
provided 1 PPS signal for time-stamping of laser scanner and inertial measurements.  


• Synchronization and data collection board: Xilinx Spartan-3 Field Programmable Gate Arrays 
(FPGA). The board decodes laser and inertial data from corresponding measurement sensors, time 
stamps the measurements decoded using 1 PPS signal, and then sends time-stamped measurements 
via a Digilent USB board to a PC that collects the data for post-processing.  


• Data processing: Post-processing implemented in MatlabTM. 
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Table 1: IMU characteristics. 


Parameter Value  
Gyro bias in-run stability 3 deg/hr (sigma) 


Gyro noise hrdeg/ 035.0 (sigma) 
Gyro scale factor 350 ppm (sigma) 


Accelerometer bias in-run stability 200 μg (sigma) 
Accelerometer noise Hzg/ 002 μ  (sigma) 


Accelerometer scale-factor 350 ppm (sigma) 
Sensor axis non-orthogonality 0.5 mrad 


Figure 10 shows test trajectory implemented for the first test scenario. This figure shows the vehicle trajectory 
along with images of the environment taken at select trajectory points. The test trajectory shown is 
reconstructed by the laser/INS integration that is described in [5].  


 
Figure 10: Test trajectory: trajectory reconstructed by the laser/INS integration is  


shown along with images of the environment taken at select trajectory points. 


As it can be seen from the images represented, the test trajectory includes both relatively open streets as well 
as dense urban canyons. Thus, this trajectory allows testing performance of the integrated solution in a variety 
of urban environmental conditions.  


Figure 11 illustrates complementary availability of GPS and laser measurements for the first test scenario. 
Availability of GPS measurements is represented by satellite tracking statuses. A particular satellite is 
designated by its pseudorandom code number (PRN). The satellite tracking status is shown using a black-to-
white color scheme. Black color indicates satellites with a strong C/No (50 dB-Hz or higher). White color is 
used for satellites with a C/No value below the tracking threshold of 32 dB-Hz: i.e. white color indicates that a 
satellite is not visible. The black-to-white color scheme is also applied to illustrate the availability of features 
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extracted from scan images. Black color indicates that multiple lines are extracted from scan images and the 
line geometry allows for complete navigation computations. White color designates cases where no lines are 
extracted. As shown in Figure 11, GPS and laser scanner measurements exhibit complementary availability. 
Limited or no GPS measurements are available in dense canyons where multiple lines are extracted from scan 
images: see, for example, a portion of the plot that corresponds to the urban canyon image. Vice-versa,  
a sufficient number of visible satellites is present on open streets where limited or no lines are extracted from 
laser scans: see, for example, a portion of the plot that corresponds to the open street image. 


 


Figure 11: Complementary availability of GPS and laser scanner measurements. 


Delta position residuals are applied to characterize the trajectory estimation performance. Residual vector 
( Rδ ) is computed as the difference between the laser/GPS weighted LMS estimate of the delta position 
( GPS/LaserRΔ ) and inertial delta position ( INSRΔ ) that is compensated for drift terms using Kalman filter 
predictions:  


 
  
δR = ΔRLaser / GPS − ΔR INS − ˜ C b


N(tM) − ˜ C b
N(tM−1)( )⋅LIMU


GPS    (21) 


The GPS/Laser LMS delta position solution is computed based on GPS carrier phase SDs and laser line delta 
ranges without the use of the inertial. LMS estimation details are given in [8]. Essentially, delta position 
residuals characterize the level of noise in the reconstructed trajectory. This noise is a combined effect of the 







Navigation in Difficult Environments: Multi-Sensor Fusion Techniques 
 


RTO-EN-SET-116(2011) 8 - 17 


 


 


GPS carrier phase noise, noise in line ranges and the noise component of INS position drift. Figure 12 shows 
residual plots for East and North components of delta position.  


 
Figure 12: Delta position residuals for the GPS/laser/INS urban test example. 


The standard deviations of East and North residual components are computed as 3.0 cm and 2.0 cm, 
respectively. For a similar test trajectory, residual standard deviations of the laser/INS integrated 
implementation (i.e., when GPS observables of the Kalman filter are not used) are at a 7-cm level [5]. GPS/ 
laser/INS residual noise is generally increased when the LMS solution relies primarily on line ranges as 
compared to cases with good satellite availability. This is due to a higher level of noise in line ranges (caused 
mostly by the texture of scanned urban surfaces) as compared to the carrier phase noise. For example, an 
increased residual noise can be observed for the time interval starting at approximately 60 s and ending at 
approximately 130 s. This interval corresponds to a part of the trajectory that belongs to dense urban 
environments where limited satellites are available: for illustration of the environment, see the third image 
from the trajectory start in Figure 10. 


3.2 Vision/Laser Scanner/Inertial Integration 
Vision-based navigation techniques serve as a viable option for autonomous, passive navigation and guidance 
in Global Positioning System (GPS)-denied environments [9]. However, vision-based methods, including 
stereo-vision, are known to be brittle to signal noise, particularly in terms of estimating the image depth. 
Stereo vision suffers from several disadvantages.  The first is synchronization: if the stereo system is moving, 
and the two images are not captured at the same time, the time discrepancy between the two images can 
invalidate the stereo reconstruction.  This timing discrepancy cannot be completely compensated using the 
relative motion information (provided, for example, by the inertial navigation) due to the unknown image 
depth. A second problem is "vergence," i.e. the fact that the area of interest must be in the field of view (FoV) 
of both cameras, and must be focused in both cameras.  This typically requires different orientation of the 
cameras for close targets (e.g. more "cross-eyed") and far targets.  Differences in the optical response of the 
two cameras can also make matching more difficult.  Monocular vision methods give a scaled estimate of 
camera motion and a scaled estimate of scene structure.  This scaled estimate is the major drawback of 
monocular methods, and requires additional sensors or information to recover the correct scale.  


The fusion of vision and laser data is applied for efficient resolution of the scale ambiguity and performance 
enhancement of the navigation accuracy and reliability in the face of image noise. Laser scan data are 
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exploited to initialize three-dimensional (3D) tracking of stationary features and to enhance the feature 
tracking performance. Example 3D features include planar surfaces (characterized by range and normal 
vector) and point features (characterized by their Cartesian coordinates). Changes in feature parameters 
between images are used for navigation. Inertial data are applied to perform robust feature matching between 
images and coasting in environments where insufficient features are available. INS data can also be used to 
adjust laser scan range measurements for platform motion in order to compensate for the time discrepancy 
between camera images and laser scans. The proposed integration concept allows for the initialization of 3D 
feature tracking based on a limited number of laser scans: two scans are required, after which the system can 
operate in a completely passive mode. This serves as an important aspect for many surveillance, 
reconnaissance and navigation missions. 


To improve the robustness of the navigation solution, the vision/laser integrated mechanization is augmented 
with inertial sensor measurements. INS outputs are exploited for robust matching of the features that are 
extracted from vision and laser data. The use of INS outputs for feature matching in video images is described 
in [9]. Details of the INS-based feature matching in laser scan images are discussed in [5]. Inertial data are 
also used to coast through those cases where a limited number of features is available. Figure 13 shows a 
high-level diagram of the Vision/Laser/INS integrated mechanization.  


 


Figure 13: Vision/Laser/INS Integrated Solution. 


Laser scanner measurements are used to initialize the depth estimate of the vision-based features. As stated 
previously, a very limited number of scans (two scans) is sufficient for the image depth initialization. 
Following the initialization step, the system can operate in a complete passive mode using vision-based 
features only. Navigation accuracy can be improved considerably if periodic scans at a limited rate (such as, 
for example, one scan per 30 s) are applied. This aspect is explained in more details in the feasibility 
demonstration discussion below. For those cases where the active component of the laser measurement 
mechanism does not represent a concern (i.e. for the majority of civil use cases), laser scanner can operate 
continuously to provide additional feature measurements in order to improve the navigation performance.  
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The vision/laser/INS mechanization shown in Figure 13 estimates the navigation solution (position, velocity, 
and attitude) from the INS. Vision and laser feature measurements are applied to estimate inertial error states 
in order to mitigate drift in inertial navigation outputs. Laser-based observables of the Kalman filter are 
defined by equations (12) through (15) above.  


Equation (22) formulates vision-based observables of the Kalman filter using the unit sphere representation of 
image features that supports multi-aperture camera cases [22]: 


 
ηp


Kalman =
˜ n p


( 2)( )T
⋅ Δ ˜ C N


b ⋅ B ⋅ Δ ˜ R INS − ˜ n p
(1)( )T


⋅ BT ⋅ Δ ˜ C b
N ⋅ ˜ n p


( 2) ⋅ ˆ ρ p
(1)


˜ n p
( 2)( )T


⋅ Δ ˜ C N
b ⋅ Dp ⋅ Δ ˜ R INS − ˜ n p


( 2)( )T
⋅ Δ ˜ C N


b ⋅ ˜ n ⊥ p
(1) ⋅ ˆ ρ p
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⎥ 
⎥ 
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p =1,...,P


  (22) 


where:  


˜ n p
( s) , p =1,..,P, s =1,2  is the unit vectors of the feature p (i.e. the unit vector pointed from the center of the 


camera to the feature p) that is extracted from image s;  
˜ n ⊥ p


( s)  is the unit vector that is perpendicular to the feature unit vector; ˆ ρ p
(1)  is the estimated feature range for 


image 1;  
Δ ˜ R INS  and Δ ˜ C b


N are INS position and orientation changes between images 1 and 2; and,  
matrices B and D are defined as follows: 
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 (23) 


where:  


ϕp
(1)  is the feature spherical azimuth angle as measured from image 1.  


 
Image 1 is generally the image where the feature was first observed and image 2 is the current image. 
Equation (22) is linearized to support the linear formulation of the complementary Kalman filter.  


As stated previously the key motivation for combining vision and laser data is the use of laser scan 
measurements for the estimation of the unknown depth of video images. The estimation approach is illustrated 
in Figure 14.  
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Figure 14: Image depth initialization method. 


The depth estimation exploits two images from a video camera and two laser scan images that are acquired at 
two different locations. It is assumed that the camera and the laser are mounted on the same platform and their 
measurement frames are collocated. Parameters of features that are extracted from laser scan images and 
video images at two locations of the platform are used to estimate the image depth. The estimation does not 
require the camera and the laser to observe the same features: i.e., video and laser features can be completely 
unrelated to each other. The initialization method discussed in this paper assumes that point features are 
extracted from video images and lines are extracted from laser scans. This method can be generalized to 
include other types of features. 


To provide a conceptual illustration of the depth initialization method, a simplified 2D case is considered 
below. This case is illustrated in Figure 15.  


 


Figure 15: Illustration of the depth initialization method: simplified 2D case. 


Camera and laser are placed on the same moving platform and their measurement frames are aligned. The 
platform moves along the X axis of the XZ navigation coordinate frame. The camera optical axis is aligned 
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with the Z axis of the frame. For simplicity, it is assumed that the camera focal length F equals unity. Feature 
1 is observed by the camera and feature 2 is observed by the laser scanner. As stated previously, these features 
may be completely unrelated. The platform displacement ΔX transforms into the displacement of the vision-
based feature as:  


 Δx(1) = ΔX / Z(1)  (24) 


where:  


Z(1) is the unknown depth.  


The laser scanner observes feature 2. The distance to this feature is directly measured by the scanner: 2D scan 
points are generally represented by their polar coordinates that include range and polar angle. Polar 
coordinates of feature 2 that are extracted from two scan images are applied to estimate the platform 
displacement: 


 Δ ˆ X = − ρ2
(2) sin(α 2


(2)) − ρ1
(2) sin(α1


(2))( )  (25)                  


where:  


ρ1
(2),α1


(2)( ) and ρ2
(2),α 2


(2)( ) are the range and polar angles of feature 2 in the first and second scan images, 


accordingly.  


Platform displacement that is estimated based on scan data is then used to initialize the depth of the image-
based feature:   


 ˆ Z (1) = Δ ˆ X / Δx(1)  (26) 


A similar approach is applied to estimate the image depth for a general 3D case. Equation (27) relates 3D 
Cartesian feature coordinates Mp to its homogeneous coordinates mp in the 2D image frame: 


 


 


Mp
(1) = Zp


(1)mp
(1)


Mp
(2) = Zp


(2)mp
(2)


p =1,...,P


 (27) 


where: 


 )j(
kZ  is the depth of the kth feature in the jth image.  


Cartesian feature coordinates in two images are related through the orientation change matrix and the 
translational vector: 


 
 
Mp


(2) = ΔCb
N Mp


(1) − ΔR( )  (28) 


Substituting equation (27) into (28) then yields: 


 
  
Mp


(2) = ΔCb
N Zp


(1) ⋅ mp
(1) − ΔR( )  (29) 
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Assuming that the optical axis is aligned with the Z- axis of the camera frame, the depth of the feature is 
related to its Cartesian coordinates as follows: 


  Zp
(j) = nZ


T ⋅ Mp
(j)  (30) 


where: 


  nZ = 0 0 1[ ]T .  


From equations (27) through (30), the following relationship can be derived [23]: 
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where:  
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A ;  


  I3x3 is the 3-by-3 unit matrix; and,  
02x1 is a 2x1 zero column.  


Equation (31) formulates vision-based linear equations for the estimation of the image depth. Note that 
unknowns include the depth components ( Zp


(1) , p=1,…,P) and the displacement vector ΔR. The orientation 
change matrix is computed from the inertial data and is not estimated based on the laser/vision fusion. This 
allows for the linear formulation of the depth estimation problem. Note that in this case a correlation between 
inertial angular errors and initial depth estimates is created. This correlation must be taken into account in the 
design of the Kalman filter that estimates inertial drift states.   
    
The solution of the equation system (31) is not unique. The displacement vector and depth can only be 
determined within an ambiguity of a scale-factor γ: i.e., if  Δ ˆ R  and ˆ Z p


(1)  satisfy the system (31), then  γΔ ˆ R  and 
γ ˆ Z p


(1) satisfy this system as well. To remove the scale-factor ambiguity, the system (31) is augmented by laser 
measurement observables. Line features are extracted from laser images and applied for the image depth 
initialization. It is assumed herein that lines are created in 2D scan images as a result of the intersection of the 
horizontal laser scanning plane with vertical planes (such as building walls in urban environments). In this 
case, the relationship between changes in line parameters and displacement vector components is formulated 
by equation (11) above, which, in the matrix form, is expressed as follows: 
 


 


  


nk
T ΔR = ρk


(1) − ρk
(2)


nk = cos(α k
(1)) sin(α k


(1))[ ]T


k =1,...,K


  (32) 
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Equation (32) provides the laser part of the mage depth estimation relations. Combining (32) with the vision-
based part defined by equation (31) yields:  
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Equation (33) defines a linear system of equations for the estimation of image depth. Note that the minimum 
feature configuration that is required to initialize the image depth based on equation (33) includes three vision 
features and one laser feature. In this case, seven equations are available (two per vision feature and one for 
the laser feature) to estimate six unknowns (three depth values and three components of the displacement 
vector). 
 
The image depth initialization method was verified with experimental data. Indoor experimental data were 
collected in hallways of the Air Force Research Laboratory at Eglin Air Force Base. Figure 16 shows a 
photograph of the data collection setup.  
 


 


Figure 16: Data collection setup used for demonstrating  
the feasibility of the laser/vision depth estimation. 


The data collection setup includes a laser scanner and three video cameras. This setup was assembled for the 
development and verification of the laser scanner/multi-aperture video data fusion. Only one video camera 
was used for the experiment discussed herein. A straight motion trajectory was implemented. Two laser scans 
were used to initialize the depth of video images. Following the depth initialization, the displacement vector 
was estimated based on vision features only without the use of laser scan data. Vision-based displacement 
estimates were compared to the reference motion trajectory. To construct the reference trajectory, cm-accurate 
displacement information was estimated from laser scan images as described in reference [5].  Figure 17 
exemplifies experimental results.  
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Figure 17: Example of the vision/laser trajectory estimation performance: only two laser scans are 
applied to initialize the image depth (at the system start-up and at about 5 seconds after  


the beginning of the experiment); following the depth initialization, 3D position  
components are estimated based on video images only. 


Experimental data presented show that decimeter-level positioning accuracy that is achieved using video 
images and two laser scans to initialize the image depth. These results clearly demonstrate the feasibility of 
the semi-passive navigation approach that uses very limited laser scans (two scans for the example case 
considered herein) for the initialization of 3D image-based navigation.   


Feasibility of the vision/laser/INS mechanization described above was assessed in an indoor simulated 
environment that was implemented in Matlab. For the simulation, the sensor specifications were implemented 
as follows: 


• Video: a multi-aperture camera head that includes three video cameras (see Figure 16 for the 
illustration of the multi-aperture implementation); the angular separation between the camera optical 
axis is 120 deg; for each camera the resolution is 640x480, the azimuth FoV is 40 deg, the elevation 
FoV is 40 deg, and, the update rate is 10 Hz; 


• Laser scanner: measurement range is 80 m; angular range: is from 0 to 360 deg; range noise is 1 cm 
(std); and, angular resolution is 0.5 deg;   


• Inertial measurement unit: accelerometer bias is 1 mg; and, gyro drift is 50 deg/hr. 


Figure 18 illustrates a 2D horizontal projection of the simulated indoor environment that includes multiple 
indoor hallways. Hallway walls were simulated as vertical with the wall height equal to 2.5 m. A horizontal 
motion trajectory with the absolute velocity value of 1 m/s was implemented as shown in Figure 18.  
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Figure 18: Simulated indoor environments. 


Figure 19 shows performance of the vision/inertial integration, i.e., the use of laser measurements.  
 


 


Figure 19: Performance of the vision/inertial integration for the indoor simulated environment. 


In this case, the feature depth is initialized by observing the feature from two different location of the platform 
and using inertial displacement and orientation change measurements for the unambiguous estimation of the 
image depth as described in [22]. Simulation results shown in Figure 19 indicate that position errors of the 
vision/INS integration stay in the range from -10 m to 20 m. This level of navigation performance is improved 
significantly if laser scanner measurements are incorporated into the solution. Figure 20 illustrates 
performance of the vision/laser/INS mechanization for the case where a 1-s update rate of laser images is 
used.  
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Figure 20: Performance of the vision/inertial integration for  
the indoor simulated environment: 1-s laser updates. 


The use of a 1-s laser updates enables cm-accurate estimation of the 3D position vector. Figure 21 shows 
simulation results for the case where periodic laser scans at a very limited rate are applied. In this case, laser 
scans are made only once per 30 s.  


 


Figure 21: Performance of the vision/inertial integration for the  
indoor simulated environment: 30-s laser updates. 


It is important to note that the system that employs laser scans at this low rate can be still considered as 
practically passive since, from the practical point of view, a laser scanning at this rate cannot be detected. 
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Positioning accuracy is maintained at a sub-m-level, which provides an order of magnitude performance 
improvement as compared to the vision/laser implementation. Therefore, for the vision/laser/INS integration it 
is extremely beneficial to use the system implementation that operates in a semi-passive mode employing 
periodic scans at a limited scan rate. 


4.0 SUMMARY 
Navigating in difficult environments requires the use of multi-sensor fusion techniques. This paper proposes a 
generic multi-sensor fusion approach and applies this approach for developing GPS/laser scanner/inertial and 
vision/laser/inertial integrated mechanizations. Simulated data and data collected in various urban indoor and 
outdoor environments show that multi-sensor fusion techniques developed demonstrate a significant potential 
for enabling reliable and accurate navigation capabilities for a variety of challenging navigation scenarios. 


DISCLAIMER 
The views expressed in this article are those of the authors and do not reflect the official policy or position of 
the United States Air Force, Department of Defense, or the U.S Government. 
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ABSTRACT 


In this talk we will discuss reliable and high precision pedestrian positioning in GNSS denied 
environments. We will begin with a brief introduction into non-linear sequential Bayesian estimation 
principles and their application to sensor fusion. We shall present the p9roperties of pedestrian odometry 
(step measurement) based on foot mounted IMUs (Inertial Measurement Units) with zero velocity updates 
and the nature of the resulting error process. Next, we shall introduce an approach using sequential 
Monte-Carlo algorithms (“particle filters”) to stabilize the location estimate by the use of map 
information (e.g. a-priori known building layouts). Because such maps are not always available, we shall 
conclude with a presentation of purely inertial-based Simultaneous Localization and Mapping (SLAM) 
technologies and how to use them to learn the map based on pedestrian odometry data. Applications can 
range from offline map learning to real-time collaborative SLAM in unmapped environments. 


1.0 INTRODUCTION 


Accurate long-term pedestrian localization is a particularly challenging task in GPS denied environments. 
While deep indoor reception is often possible with high sensitivity receivers, achieving meter-level 
accuracy is a different matter entirely. An approach that can be followed to address this problem is multi-
sensor fusion, the principle being that sensors with different characteristics can augment each other. A 
particularly useful sensor in this context is the inertial measurement unit consisting of one or more 
accelerometers and/or gyros. The advantages of inertial measurements lie above all in its resilience and 
autonomy and its ability to measure short-term motion (changes). Recent research in the navigation 
community has focussed on pedestrian dead reckoning which uses inertial sensors to measure individual 
human steps. The result is a relative positioning system with reasonable short-term accuracy in two or 
three dimensions. To achieve long term accuracy, however, without any additional aiding such as GPS or 
wireless positioning one can resort to (known) building layouts that allow us to constrain the pedestrian’s 
estimated trajectory. The more a building constrains motion, the more accurate the resulting location 
accuracy. The main disadvantage is that an accurate building plan is required a-prior. 


This contribution is structured as follows. We begin with an exposition of sequential Bayesian estimation 
which is the theoretical and conceptual cornerstone of the localization and mapping techniques reviewed 
thereafter. The main flavours of pedestrian dead reckoning are then explained and this serves as the basis 
for map-aided approaches. The main contribution of the paper is to motivate and introduce the concept of 
odometry based simultaneous localization and mapping (SLAM) for pedestrians. The objective of SLAM 
– a principle developed by the robotics industry- is to perform a joint estimate of maps and location based 
on sensor measurements, which means that maps (or building plans, in our case) are not needed a-priori. 
In robotics, sensors used in SLAM comprise devices such as laser scanners or cameras in addition to 
odometry (motion change) information from the robot. The main variant of SLAM for humans 
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(“FootSLAM”) discussed here, however, needs no sensors apart for the inertial-based human step 
measurement. Before sketching the mathematical foundations we shall present some important application 
scenarios of FootSLAM. This is followed by an example of the attainable performance accuracy. Finally, 
we present an augmentation of FootSLAM – “PlaceSLAM” which requires active participation of the 
pedestrian to improve mapping and location accuracy. 


2.0 NON-LINEAR SEQUENTIAL BAYESIAN ESTIMATION 


2.1 Principles 
If we are interested in finding out as much as possible about the state of a system we need a measurement 
device that provides an output (“measurement”) that is somehow influenced by the state of interest. In our 
application domain the state of interest might be the position of a pedestrian and the measurement device a 
GPS receiver, whose output hopefully depends on the actual position of the bearer. In real-world physical 
systems the state cannot change arbitrarily fast, due to some form of inertia. Hence, knowledge about a 
system’s previous state tells us something about the system’s current state. In order to obtain the best 
possible estimate of some state variable x at a time instant k, we should not only consider the available 
measurements, but also the past evolution of this state variable. If all information that we consider relevant 
for the future evolution of the state is represented in that state variable, say the current position and 
velocity for our location determination problem, we can model the evolution as a first order Hidden 
Markov Model as depicted in Figure 1. 


“Likelihood”


p(zk+1| xk+1)


zk-1


xk-1


zk zk+1


xk xk+1


measurement


current state  (cannot be measured)


“Prior”
p(xk+1| xk)


transition model (state at step k
depends on previous state and 
process noise)


),( 11 −−= kkkk vxfx


measurement model (measurement depends 
on current state and measurement noise)


),( kkkk nxhz =
“Likelihood”


p(zk+1| xk+1)


zk-1


xk-1


zk zk+1


xk xk+1


measurement


current state  (cannot be measured)


“Prior”
p(xk+1| xk)


transition model (state at step k
depends on previous state and 
process noise)


),( 11 −−= kkkk vxfx


measurement model (measurement depends 
on current state and measurement noise)


),( kkkk nxhz =


 


Figure 1: First order Hidden Markov Model. The current states depends only on the previous 
state and the current measurement depends only on the current state. In the general case,  


both the measurement model and the transition model may be nonlinear functions.  
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Figure 2: Derivation of the general Recursive Bayesian Filter.  
The Markov condition is applied to the prediction and update step. 
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Figure 3: Final posterior equations of the Recursive Bayesian Filter. 


2.2 Kalman Filter 
Under the assumption that the measurement and transition functions are linear and the measurement and 
process noise are Gaussian, it can be shown that the Kalman filter is the optimal recursive Bayesian filter 
that minimizes the mean square error. Furthermore, the Kalman filter is computationally fairly efficient. 
The effort for each iteration is primarily determined by the cost for a matrix inversion. Today’s fastest 
matrix inversion algorithms are O(d2.4), for a d x d matrix. In the Kalman filter d is determined by the size 
of the measurement vector zk. Interestingly and initially counter-intuitively, the covariance matrix is not a 
function of the measurement data and can therefore be pre-computed without taking the actual 
measurement data into account. It asymptotically reaches a steady state. 


2.3 Extensions to the Kalman filter for Nonlinear Problems 
A number of extensions and modifications to the Kalman filter exist that relax the Kalman filters 
assumptions with respect to the linearity and Gaussianity of its measurements and transitions. Among 
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these modifications the Extended Kalman filter (EKF) is the “workhorse” in many applications of 
estimation. While the EKF is no longer an optimal filter it can be efficiently applied to a wide range of 
problems. Closely related to the EKF is the Unscented Kalman filter (UKF) and the Extended Information 
Filter. For a detailed introduction and discussion of these filters see [3]. 


2.4 Particle Filter 
The key idea of a particle filter is to approximate the posterior density by a set of random samples 
(“particles”). Each particle is then associated with a scalar value (“weight”).  For large numbers of 
samples the Random (Monte Carlo) Sampling approximation converges to the true PDF. However, the 
particle filter is a non-optimal approximation for any finite number of particles. The key advantage of a 
particle filter is its ability to incorporate nonlinear functions in its transition and measurement models as 
well as non-Gaussian process and measurement noise processes. 


3.0 PEDESTRIAN DEAD RECKONING 


3.1 Approaches 
The basis for inertial based mapping for pedestrians is based on a concept from robotics: odometry, 
meaning measurement of a trajectory. In robotics one can view the input signals (control input) to the 
driving wheel motors as odometry since knowledge of these signals will allow one to estimate the change 
in the robot’s trajectory during the application of the control input. Alternatively, one can measure the 
wheels’ rotation rates. Due to wheel slippage one is unable to determine the actual trajectory with absolute 
certainty and a performing odometry with a sequence of control inputs will lead to a random walk in terms 
of the odometry error. In humans various approaches have been investigated to perform odometry and it is 
illuminating to compare these to the robotic approaches. Traditionally, most methods have attempted to 
detect individual steps of a pedestrian and to estimate parameters such as distance travelled and change in 
heading. Recently, work has been directed to actually measure the electrical “control input” to groups of 
leg muscles to estimate the resulting step the person took [1]. A very promising approach is to use an 
inertial sensor (IMU – Inertial Measurement Unit) located on the shoe. This allows true 6-DOF (degrees of 
freedom) inertial navigation within a relative coordinate system. The cubic error growth can be reduced to 
a linear error growth over time by performing a zero velocity update during the rest phase of every step 
[2]. This is because an inertial navigation system (INS) can use the ZUPTs to accurately compute the 
displacement of the foot during a single step before errors would start to grow. Researchers have also 
looked at other sensor placements such as inertial sensors on the head [4], knee and waist [5] or simply in 
trouser pockets. The difference between foot mounted approaches and those that use placements on other 
parts of the body is that the former perform a 6-DOF computation of the shoe’s pose (position and 
attitude); this is in contrast to step estimation techniques which compute features in the IMU signals to 
detect steps and estimate their length and the direction change of the pedestrian.  


We shall briefly give an overview of the approach chosen to validate “FootSLAM” – inertial based 
mapping for pedestrians – the foot mounted IMU and computation of the shoe’s pose. We have, however, 
made no limitations that exclude other forms of human odometry from being used. As long as we have 
estimates of the length and heading change of each human step, the techniques presented here can be 
applied. 


3.1.1 Three Dimensional Step Measurement 


We shall briefly summarize the processing architecture used to drive FootSLAM with appropriate step 
measurements. In Figure 4 we have shown the two-layer approach presented in [11]. The gyroscope and 
accelerometer signals are processed in a standard inertial navigation computer at the frequency of the 
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sensor measurements (around 100 Hz or higher). An Extended Kalman Filter (EKF) operates on the error 
domain of the inertial navigation computer and we have used a very simple EKF with nine error states: 3 
each in position, velocity and attitude dimensions. The zero velocity update is applied when a step has 
been detected (see below) and is used as a velocity-error pseudo-measurement [2]. When a zero update is 
performed this marks the transition between one pedestrian step and the next and the pose change is output 
to a higher processing layer which will be described in following sections. 


 


Figure 4: Processing architecture for inertial based step computation and sensor fusion. 
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Stride Rest phase  


Figure 5: Trajectory of a walk around a building – EKF output with no further  
processing. Resulting sequence of steps was aligned with the  


starting pose for illustration and comparison purposes. 


3.1.3 Zero Velocity Updates 


As mentioned above we can use foot-mounted inertial measurement units themselves to provide zero 
velocity updates — ZUPTs — during the rest phase of a pedestrian’s stride. 


The zero update tells us when the step has been completed (resting phase of the foot, see Figure 6) and 
enables us to estimate some aspects of the IMU sensor error states because we know that the velocity of 
the sensor array at that point in time must be zero in all axes. Nevertheless, errors still accrue over time, 
especially the heading error, which is only weakly observable from these ZUPTs. In [6] we have described 
and compared different simple ZUPT algorithms. 
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Figure 6: Sequence of human steps and an exemplary plot of  
the accelerometer outputs from a shoe-mounted IMU. 


3.2 Error Characteristics  
We have carried out a number of experiments to analyze the error characteristics of Pedestrian Dead 
Reckoning. For this purpose a ground truth trajectory has been determined with an optical motion capture 
system. The optical tracking system is not subject to relevant drift errors and provides between one and 
two orders of magnitude better positioning accuracy than the pedestrian dead reckoning under test.  
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Figure 7: Estimated trajectory by a an EKF filter (blue) and ground truth obtained via an optical 
motion capture system (red) of a walking pedestrian with a foot-mounted IMU. Detected  


steps are represented by blue dots. Red triangles mark the true position  
for ground truth positions with corresponding timestamps. 
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Figure 8: Estimated trajectory by a an EKF filter (blue) and ground truth obtained via an optical 
motion capture system (red) of a walking pedestrian with a foot-mounted IMU. Detected steps 
are represented by blue dots. Red triangles mark the true position for ground truth positions 
with corresponding timestamps.  Walk duration was approximately 3 minutes. Clearly visible  


is the catastrophic effect of an angular drift that occurs 40 seconds into the experiment. 


4.0 MAP-AIDED PEDESTRIAN DEAD RECKONING 


4.1 Motivation 
Dead reckoning is generally subject to unbounded error growth over travelled distance and to some extend 
time (when resting phases are detected, the integration can be stopped and error only is incurred during 
movement phases). This unbounded error growth is unavoidable in open space. However, when the 
environment sufficiently constrains the movements and these restrictions are known, it has been shown 
that the error can be limited. Figure 9 shows a comparison between a filter that ignores the building layout, 
and therefore incurs significant and growing error, and a filter that utilizes the knowledge about the layout, 
i.e. the map.   
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Figure 9: Influence of map knowledge on positioning error. In this experiment GPS coverage is 
available in the beginning and in the end (outdoor phases). During the indoor phase the  


position is determined solely from measurements provided by a foot-mounted IMU  
and building layout information. While After approx. 5 minutes in the building  


the error builds up to almost 30 meters if no map is used, whereas the  
error remains consistently below 5 meters when the map is used. 


The map’s value in terms of its error limiting effect, becomes even clearer in Figure 10, where a map is 
used to decrease uncertainty from a uniform a priori distribution over the entire building, via a strongly 
multimodal probability density to finally a multimodal probability density that tracks the pedestrian.  
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Figure 10 Integration with map-matching in the particle filter: A pedestrian wearing a foot-
mounted sensor walked the indicated track (black line). At each figure the posterior  
position estimate (green) becomes increasingly accurate, after 80s it is unimodal. 


5.0 SLAM BASED PEDESTRIAN DEAD RECKONING 


5.1 Motivation for the Learning of Maps 
The physical environment constrains the pedestrian’s movement. We have seen in the previous section 
how valuable information about this environment, typically encoded in a map, can be for the 
determination of the pedestrian’s position. If properly utilized, the map not only increases the accuracy of 
the location determination but also reduces computational complexity by ruling out hypotheses that 
conflict with the map. Without the map a particle filter would need to consider, i.e. represent these 
hypotheses which would consume computational resources in terms of system memory and processing. 
Additionally, maps per se may have value for better informing the user (via an appropriate user interface) 
on his current status or the environment or as the basis for routing the user through a building. 


5.1.1 Usage Scenarios 


A multitude of usage scenarios exist for SLAM based pedestrian dead reckoning, both in the consumer 
and the professional realm. We give three prototype scenarios that shall serve to illustrate how SLAM 
based pedestrian dead reckoning may be used under various circumstances and that are intended as 
building blocks for applying the scheme to a variety of other scenarios with similar characteristics. 
Common to all three is the assumption that no up-to-date and accurate map information of the building 
structures exist or are not readily accessible. Despite the existence of building plans in some form, be it in 
paper or electronic format, such plans are rarely reflecting the current state of the building in terms of its 
relevant features that facilitate or constrain movement, such as furniture, displays or dry-wall structures. 
Furthermore, it is unlikely that in the near future up-to-date building plans will be available for all 
buildings in the required electronic format within minutes or even seconds, which for some usage 
scenarios, such as in law enforcement or emergency response may be the relevant timeframe. 
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5.1.1.1 Rapid Mapping of Buildings 


The most straightforward usage scenario is the rapid mapping of buildings without any prior information 
on their internal layout. In this scenario we wish to derive a map that will then serve as basis for localizing 
pedestrians by map-aided pedestrian dead reckoning. For this purpose one pedestrian needs to roam 
through all accessible rooms and areas on all levels of a building. The pedestrian carrying out the mapping 
task needs to be equipped with some form of odometry-generating sensor, such as a foot-mounted inertial 
measurement unit (IMU) shown in Figure 6. In this scenario the measurement data needs to be recorded 
and will then be processed offline. The resulting map is then stored at a server or distributed to localization 
devices that use it to perform map-aided pedestrian dead reckoning. Since it is not necessary to carry out 
specific measurements, such as setting up surveying equipment, no dwell time during mapping occurs and 
the duration of the entire mapping process is determined by the path length and the walking speed. 


5.1.1.2 Refining and Updating Maps of Buildings 


Probably the most frequent scenario will involve some existing map of a building, which may either stem 
from a rapid mapping as described in the previous section or information on the basis of CAD-derived 
building plans. In this case deviations from the map and the true layout become observable in the 
measurement data generated by pedestrians that are using their devices to perform map-aided pedestrian 
dead reckoning. Repeatingly occurring conflicts between their trajectories and the map are detectable. In 
such cases their measurements can be easily integrated in an offline map generation process that then 
combines the measurement used for the previous map and the latest measurements. However, it is 
important to be aware of the fact that detectable conflicts are newly passable regions that were considered 
to be blocking the pedestrians’ movement in the old map. Detecting newly blocked regions is more 
difficult and would involve some form of aging the measurements, i.e. discarding older measurements 
(that would hint am area to be passable). Fortunately, the easily detectable discrepancies are the critical 
ones that may lead to tracking loss or reduced accuracy (for a more detailed discussion on the effect of 
map errors on map-aided pedestrian dead reckoning see [8]). 


5.1.1.3 Real-Time Collaborative Mapping of Buildings 


The most challenging scenario is the mapping of a building by multiple collaborating pedestrians with the 
objective to provide real-time map and position information of all collaborating pedestrians. Such a 
scenario may occur in emergency situations were multiple teams of fire-fighters enter a building through 
the same of different entrances and carry out search and rescue tasks and want to avoid unnecessarily 
revisiting areas or involuntarily leaving out areas. Figure 11 shows a training situation were members of a 
SWAT team enter a building about which they may have no prior layout knowledge. In law enforcement 
applications, accurate determination of every team member’s position and providing this information on a 
map may significantly improve mutual situation awareness and potentially reduce the risk of accidentally 
harming a team member. In this application the real-time requirements may be severe and no a priori map 
data may be available. Hence, the collaborative mapping needs to be carried out and displayed in real-time 
with positions estimates (and the respective uncertainties) of all team members. 
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Figure 11: Members of the 37th Training Wing's Emergency Services Team entering  
a target building during training (U.S. Air Force photo by Robbin Cresswell). 


5.2 Brief Introduction to Simultaneous Localization and Mapping (SLAM) 
The robotics community has for many years used numerous sensors such as laser ranging scanners and 
cameras to perform high precision positioning of robots in buildings. A difficult problem known as SLAM 
- Simultaneous Localization and Mapping - has been defined as a way of allowing robots to navigate in a-
priori unknown environments. In SLAM, a moving robot explores its environment and uses its sensor 
information and odometry control inputs to build a “map” of landmarks or features. Odometry usually 
refers to the control signals given to the driving wheels of the robot - and simple integration of these 
odometry signals can be seen as a form of dead reckoning.  
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Figure 12: The essential SLAM problem. A simultaneous estimate of both robot and landmark 
locations is required. The true locations are never known or measured directly. Observations  


are made between true robot and landmark locations (illustration and caption from [19]). 


There are two main strands of SLAM: EKF-SLAM that employs an extended Kalman Filter (EKF) to 
represent the large joint state space of robot pose (position and orientation) and all landmarks identified so 
far. Since the state vector needs to be augmented with every additional landmark, the covariance matrix 
needs to grow correspondingly. An alternative approach, known as FastSLAM uses a Rao-Blackwellized 
Particle Filter (RBPF) where each particle effectively represents a pose and set of independent compact 
EKFs for each landmark. The conditioning on a pose allows the landmarks to be estimated independently. 
SLAM implementations for robot positioning always build on sensors and robot odometry, as these are 
readily available on robot platforms. The sensors can, for example, consist of laser rangers or a single or 
multiple cameras mounted on the robot platform, and the features are extracted from the raw sensor data. 
Simultaneous Localization and Mapping is considered to be a “hard” problem, in contrast to the two easier 
special cases: Positioning in an environment with known landmarks or building a map of features given 
the true pose of the robot. For a very thorough introduction into SLAM see [10]. 


5.3 Principles of FootSLAM 
We now present a new pedestrian localization technique that builds on the above explained principle of 
simultaneous localization and mapping. Our approach is called FootSLAM because it depends largely on 
the use of shoe-mounted inertial sensors that measure a pedestrian’s steps while walking – but it will work 
with any other kind of human odometry.  


In contrast to SLAM used in robotics, FootSLAM does not require specific feature–detection sensors, such 
as cameras or laser scanners. Using this technique, building plans (i.e., maps) can be learnt automatically 
while people walk about in a building, either directly to localize this specific person or in a offline fashion 
in order to provide maps for other people.  
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Human motion is a complex stochastic process, and one needs to model it in a sufficiently simple fashion 
in order to develop a FootSLAM model and the algorithms that build on this model. A person may walk in 
a random fashion whilst talking on a mobile phone, or they might be following a more or less directed 
trajectory towards a certain destination. Such phases of motion are governed by the person’s inner mental 
state and, consequently, cannot be easily estimated.  In order to understand the concept of the kind of map 
that FootSLAM can generate let us consider the following situation: An able-sighted person (for our 
purposes, equipped with foot mounted sensors) is standing inside a shopping center facing a wide area in 
front of him. The next step(s) that this person chooses to take is influenced by two main kinds of 
governing factors: 


• The presence of nearby physical constraints, such as walls, obstacles, other people, and so forth.  


• The presence of visual cues in the environment that allow the person to orientate himself and 
enable him to decide which future trajectory he wishes to follow in order to achieve some higher 
level goal, such as reaching a destination. 


In contrast to robotic SLAM there is, of course, no direct access to the visual cues that our subject sees. 
However, one does have noisy measurements of the resulting motion, i.e., the steps taken from an initial 
position. Therefore, one can indirectly and very loosely observe these physical constraints and visual 
features/cues by observing the pedestrian’s steps as measured by the foot-mounted IMU.  


In principle one could take one of two approaches to assess possible human motion at a particular location: 
either interpret the local scene and somehow infer from the overall context what steps are most likely to 
follow next, or observe many previous similar trajectories by the same person or other people in this 
environment and make a prediction based on such a learnt Markov process.  


FootSLAM follows the second approach and currently limits the associated Markov process to just a 
single step (first order). In other words, it represents the possible future next step of the subject based only 
on their current location, and learns the probabilities of each possible next step through observation. This 
would be simple enough given perfect knowledge of the person’s location at all times, just as robotic map 
learning is simple for the case of known pose.  


In a nutshell, the FootSLAM derivation follows FastSLAM approach [9] whereby each particle assumes a 
certain pose history and estimates the motion probabilities conditioned on its particular assumption. Given 
a sufficient number of particles we can, in principle, cover the entire space of possible position histories. 
Particles are weighted by how “compatible” their motion is with their previous observations of how the 
subject had walked when in a certain position. The algorithm converges remarkably quickly as long as the 
person revisits locations once or twice during the estimation process. 


A realistic derivation needs to be based on a theoretically well-grounded representation of the Dynamic 
Bayesian Network (DBN) that represents the pedestrian’s location, her past and present motion, the step 
measurements computed by the lower level EKF, and the “map” (see Figure 13).  
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Figure 13: Dynamic Bayesian Network (DBN) for FootSLAM showing three time slices and all 
involved state (random) variables. The map can include any features and information  


to let the pedestrian choose their Intention Int. This DBN is the basis for  
the formal derivation of the Bayesian filtering algorithm. 


In this DBN we see the following nodes (random variables, written in bold): 


• Pose Pk: The location and the orientation of the person in two dimensions (2D) - with respect to 
the main body axis. 


• Step vector Uk: the change from pose at time k−1 to pose at time k. Note that the step transition 
vector Uk has a special property: knowing the old pose Pk−1 and the new pose Pk enables one to 
determine the step transition Uk entirely — just as knowledge of any two of the states Pk−1, Pk, and 
Uk determines the unknown third variable. 


• Inertial sensor errors Ek: all the correlated errors of the inertial system, for instance, angular 
offsets or drifts. 


• Step measurement ZU
k: A measurement subject to correlated errors Ek as well as white noise. See 


Figure 14 for a definition of the pertinent coordinate systems and step representations. Note that 
p(ZU


k|Uk,Ek) encodes the probability distribution of the step measurement conditioned on the true 
step vector and the inertial sensor errors. 


• The visual cues which the person sees at time k: Visk. 


• The intention of the person at time k: Intk is memoryless in that the resulting intention given a 
visual input is fully encoded in the probability density p(Intk|Visk). 


• The map M is time invariant and can include any features and information (such as human-
readable signs) to let the pedestrian choose Int.  


5.3.1 FootSLAM Sensors: The Step Measurement 


In this section we will show details on how we represent the step transition vector between two steps that a 
person takes and also discussed in further detail in [21]. 
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In order to separate the process of updating the inertial computer driven by the IMU and the ZUPTs from 
the overall SLAM estimation, it is advantageous to resort to a two-tier processing in which a low-level 
extended Kalman filter computes the length and direction change of individual steps (see Figure 4). This 
step estimate is then incorporated into the upper level particle filter in the form of a measurement. Note 
that this is a mathematical model that links the measurements received from the lower level EKF to the 
modeled pedestrian and his/her movement, as well as a simple representation of errors that affect the 
measured step. 


A step is defined to be the movement of the shoe that is equipped with the IMU from one resting phase to 
the next. The transition and orientation change of the foot is strongly coupled to that of the rest of the 
body: it is assumed that the position of the pedestrian to be that of the relevant foot but will follow a 
different definition of the person’s orientation.  


The orientation of the pedestrian could be interpreted as where the person is looking (head orientation).  
In the FootSLAM and dead reckoning context, however, it is more useful to interpret the main body axis 
as defining orientation, because this axis is usually close to that of the foot.  


5.3.2 FastSLAM Factorization 


The overall goal is to estimate the states and state histories of the DBN given the series of all observations 
ZU


1:k from the foot-mounted IMU (and any additional sensors, if they are present). The goal in a Bayesian 
formulation is to compute the joint posterior, 


p(P0:kU0:kE0:k,M|ZU
1:k) = p({P U E}0:k,M|ZU


1:k) ,     (1) 
 
which following the RBPF particle filtering approach one can factorize into 
 


p(M|{P U E}0:k,ZU
1:k) · p({P U E}0:k|ZU


1:k) = p(M|P0:k) · p({P U E}0:k|ZU
1:k) .   (2) 


 
One must emphasize that the additional states introduced in the above DBN — encoding vision and 
intention — of the pedestrian are never actually used; they only serve as important structural constraints 
in the DBN (linking Pk−1 and M as “parent” nodes of Uk).  


5.3.3 Step and Global Coordinate Systems 


The complete system has, in total, four coordinate systems: 


• The IMU local reference system with respect to the beginning of step measurements (i.e., INS 
calculation) at the lower filtering level. 


• A coordinate system aligned to the heading of the IMU at the last step rest phase at the lower 
filtering level (called IMU zero heading). 


• A coordinate system at the higher level filter aligned to the heading of the person’s body at the 
last step rest phase (called person zero heading). 


• The global navigation coordinate system at the higher level filter in which the position estimate 
and orientation are computed (as well as the map). 


In Figure 14 we show the final three of these coordinate systems but have not explicitly represented the 
angles linking the last two (which are trivial). It is assumed that the step measurement suffers from both 
additive white translational noise and white noise on the estimated heading change of the IMU.  
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Figure 14: Coordinate systems and step definition used in FootSLAM. The misalignment  
angle as well as the odometry heading drift constitute the state variable Ek. 


Moreover, it is assumed that an additive colored angular error appears between the true directional change 
of the person’s body and that measured by the INS (which is called IMU heading drift). Finally, the model 
includes a very slowly changing angular offset between the person’s body heading and IMU heading — 
for illustrative purposes it called the duck angle because such an animal would typically experience a large 
static angular deviation if equipped with an IMU mounted on its outward-pointing foot.  


Because the additive noise components are modeled as being white, they do not form a part of the error state 
of the odometry. The “duck angle” as well as the odometry heading drift are modeled as random walk 
processes and are formally encoded in the state variable Ek. Hereby the IMU heading drift is unbounded but 
the “duck angle” random walk process is restricted to ±20 degrees (essentially limited by human physiology). 


5.3.4 Probabilistic Map Representation 


The map is a probabilistic representation of possible human motion based on the subject’s location in a 
certain part of a building. It can be interpreted in this way: a person’s next step will be determined only by 
his or her current location in the sense that each future step is drawn from a location-dependent probability 
distribution. This corresponds to the fictive pedestrian behavior in which a person looks at a probability 
distribution posted at each location, and “draws” the next step using exactly this governing distribution. 


A Rao-Blackwellized particle filter (RBPF) that follows the above FastSLAM partitioning lets each particle 
represents the pedestrian’s location track and a probabilistic representation of possible motion for each 
location in a two-dimensional space. This means that human motion is represented as a first-order Markov 
process: the next step taken by the pedestrian is solely a probabilistic function of the current location. 
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In present realizations of FootSLAM the space (restricted so far to two dimensions) is partitioned into a 
regular grid of adjacent and uniform hexagons of a given radius (e.g., 0.5 meters).  


Six ways out of the 
hexagon Edge:


 


Figure 15: Definition of the step Uk and two adjacent hexagons in the FootSLAM map. 


Every particle holds (conditional) estimates of the transition probabilities across the edges of all visited 
hexagons and updates these based on the motion taken by the particle hypothesis. A particle explores 
possible deviations of the true pedestrian’s path as a result of the sequence of the IMU errors E0:k (refer to 
Figure 14). When using a large number of particles (Np) in the particle filter the particle cloud is exploring 
a very large space of possible odometry errors and at least one particle will usually be very close to the 
true odometry error sequence. The larger Np , the more reliable FootSLAM becomes. 


A loaded dice follows a Discrete Distribution:
t is the outcome of the dice roll (1...6)


This means that the dice is completely characterized by the set of 
physical probabilities θi with 1≤i≤6, and θi summing to unity.


Suppose that we have now observed some rolls of the dice (or human transitions 
across a hexagon edge), our observed counts D. The parameters of the dice, the 
physical probabilities θi, now individually follow a Beta distribution (assuming a 
Dirichlet prior):


θ6


p(θ6|D) 


θ5


p(θ5|D) 


θ4


p(θ4|D) 


θ3


p(θ3|D) 


θ2


p(θ2|D) 


θ1


p(θ1|D) 


The parameter vector θ, i.e. the vector of six physical probabilities, however, 
follows a Dirichlet distribution.


The more rolls of the dice / transitions we observe the more the Dirichlet
distribution of θ will tend to a dirac distribution.


 


Figure 16: The analogy between learning the probabilities of a loaded dice  
and learning the transition probabilities of a hexagonal FootSLAM map. 







Inertial-Based Joint Mapping and 
Positioning for Pedestrian Navigation  


9 - 20 RTO-EN-SET-116(2011) 


 


 


The following assumes a two-dimensional position domain populated with hexagons of radius r. One can 
restrict this space to the region visited by any particle and define the hexagon Hh where the index h 
uniquely references a hexagon’s position. Furthermore, Mh = {M0


h,M1
h, · · · ,M5


h} is the set of transition 
probabilities across the edges of the h-th hexagon and the map is defined as: 


 
 


so the step Uk moved from Hh to a new hexagon Hj , where 0 ≤ e(Uk) ≤ 5 is the edge of the outgoing 
hexagon associated with this step, i.e., the edge of the hexagon in which Pk−1 lies and that borders the 
hexagon in which Pk lies (see right part of Figure 15). When Me


h is written in boldface we are denoting a 
random variable. This underlines the notion that Me


h, a probability, is unknown. FootSLAM estimates 
p(Me


h|P0:k−1) as the result of observations of the sequence of positions up to step k. In the following we 
will use the tilde symbol ~ with h for outgoing hexagon h(Pk−1), and with e for the crossed edge e(Uk) for 
brevity. 


Learning the transition map on a particle-by-particle basis is very easy and is based on a Bayesian 
inference of multinomial and binomial distributions based on observations of a random variable  
(see Figure 16 for an explanation of terms). Each time a specific particle with index i makes a transition 
Pk−1


i  Pk
i across hexagon edge e one counts this transition in the local counter store of the pertinent 


hexagon for particle i and this akin to making one observation of a (loaded) dice roll in Figure 16.  


5.3.5 Algorithm Summary 


We can take good advantage of a Likelihood Particle Filter [12] because the step measurement ZU
k is very 


accurate [11]. Weighting with a “sharp” likelihood function p(ZU
k|Uk ,Ek) would cause most particles 


outside the measurement to receive very low weight and effectively be wasted. Thus, it is better to sample 
using the likelihood function rather than sampling from the state transition model. The particle filter is 
summarized in Figure 17 and Figure 18. 
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Figure 17: Processing in FootSLAM at the per-step and per-particle levels. The lower  
layer processing is completed once per (pedestrian) step and this initiates  


all particles to be processed. The notation /i refers to particle i. 
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Figure 18: Summary of the FootSLAM algorithm. 


A number of implementation issues need to be addressed in order for the algorithm to work in practice. 
First of all, when computing the counts for each particle, one assumes that observing a certain transition 
from an outgoing hexagon to an incoming one allows the algorithm to increment the counts for the 
outgoing as well as the incoming hexagon (on the appropriate edge). This is the same as assuming that a 
person is equally likely to walk in either direction and one should not waste this information. 


Next, it is assumed so far that an increment of the time index k is associated with a step that leads from 
one hexagon to an adjacent one. In reality a step might keep the particle in the hexagon or it might lead it 
over several. To address this one simply performs a weight update only when the step leads out of the last 
hexagon and applies multiple products in the weight update (6) for all edges crossed if the step was a 
larger one. Consequently, one needs to update the counts of all edges crossed between Pk−1


i and Pk
i. 


It is also necessary to incorporated a small correction term in the weight update equation in step 2.c. of the 
algorithm (raising it to a power depending on the step vector angle within the hexagon grid) in order to 
account for the fact that straight tracks with different angles traversing the grid will each yield a slightly 
different total number of hexagon edge transitions per distance travelled. (Otherwise, particles with some 
directions would be slightly favoured.) 


5.4 Experimental Results 
FootSLAM has been verified for INS-alone [20] and in combination with GPS [21]. When combined with 
GPS the pedestrian enters a building from outside and walks around within this building. The GPS 
position at the entry to the building provides a point of beginning for subsequent positioning/mapping 
without GPS. Experiments were undertaken by recording the raw sensor data and ground truth reference 
information. Offline processing and comparison with the ground-truth reference information allows 
quantitative evaluation of the achieved localization accuracy. Figure 19 shows an example of a FootSLAM 
map learnt after about 12 minutes of walking inside the building. During the processing with the particle 
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filter the estimate start converging once the pedestrian backtracks or revisits a region for about 10 meters. 
Hexagons have to be re-visited once or twice in each main undirected traversal axis for a usable map to 
emerge, and this governs the required duration of a walk. Accuracy will be limited by the average physical 
structure dimension, such as corridors and doors which is about 1-2 m. 


5 meters


 


Figure 19: An  indoor FootSLAM hexagon map learnt from foot mounted IMU data alone  
plotted on the actual building layout for reference; see [20] and for further details. 


To obtain quantitative error assessments of FootSLAM we recorded ground truth location for two 
positions at opposite corners of the main corridor of our test building. The error growth (as the walk 
progressed) for FootSLAM processing is shown in Figure 20. Our coordinate system origin was both the 
starting point and one of the reference points and we restricted the hexagon area to remove rotation 
ambiguity With sufficient particles FootSLAM achieves an accuracy of relative position to within two 
meters at the two reference points. Without FootSLAM one sees error growth after some time - the INS 
“coasted” without too much error for about 300 seconds. As discussed earlier such periods of little 
odometry error change range typically from 30s - 300s and suggest that without maps the PF can bridge 
areas like large halls where there are no features for FootSLAM to map; at least to let someone find a 
destination or till a restricting door/corridor is again reached. In order to work, we expect FootSLAM to 
need a certain minimum average restrictedness of motion (related to entropy) but it can survive some open 
areas given sufficient particles. To achieve accurate mapping, especially in the rooms, we need a large 
number of particles (> 10, 000). 
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Figure 20: Relative Positioning Accuracy of FootSLAM – indoor with INS only.  
Each curve is a single run of the particle filter on one data set. 


5.5 Principles of PlaceSLAM 
To improve on stand-alone FootSLAM we conclude this paper with an overview of an extension - 
“PlaceSLAM” [22]. It is based on the following idea: If a volunteer, say, performing a mapping walk of a 
building, were to report their close physical proximity to some reliably detectable “place” to the system, 
then this would comprise a direct human observation of some aspect of the physical world that is linked to 
the person’s location. To put this into a realistic perspective, let us consider the case where a person starts 
a walk outside a building and enters through the front entrance. They might choose a spot just inside the 
door as a suitable “place” and flag their presence when passing this spot. On their subsequent walk 
through the building, they may remember to indicate their presence when revisiting that same spot. 
Alternative visual cues could be the entrance to one’s own office room, a prominent item such as a fire 
extinguisher or anything that would allow reliable and repeatable indication of location to within, say, 1 to 
2 meters. These observations, as will be shown in this paper, can be used by the map building algorithm to 
improve accuracy and reliability of the FootSLAM maps, or may aid in a real-time positioning approach. 
The PlaceSLAM approach is applicable not only to the case of human generated measurements. It pertains 
also to the situation where RFID tags or other machine-recognizable signals or features are used. For 
instance, RFID tags might be installed in the environment and the pedestrian might carry an RFID reader. 
Similarly, the approach could be combined with automatic recognition of prominent visual features by a 
camera or any other similar sensor. An important contribution of this paper is to distinguish different 
variants of the approach. First of all, we can distinguish between cases where the true location of these 
locations is known to the system or not. Secondly, we can look at cases where some unique place 
identifier (i.e. a name or number) can be reliably associated to an observation or not. In the next section 
we shall introduce these cases more thoroughly.  


 


5.5.1 Variants of PlaceSLAM 


To illustrate the approach we shall use an example. Figure 21 shows an abstracted trajectory of a 
pedestrian in a certain area. The circles represent places (see definition below) and letters and colors are 
possible identifiers. On the right side of the figure we see three possible kinds of placestamp sequences as 
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input to the estimator: One with perfect association where the placestamps carry the unique letters; one 
with partial association (colors); and finally the case where only the fact that some place is seen is reported 
by the user – unknown association. 


 


5.5.1.1 Place with Known Location 


The most straightforward case which we can distinguish is human observation of places with known 
location with perfect association. Here, one or more recognizable places are flagged each time (or just 
sometimes) when the pedestrian passes them within some small distance. For example, the pedestrian 
might press a button on their mobile device corresponding to a number posted on a door through which 
they pass. The location of these places is assumed to be known to the system, at least within a coordinate 
system relative to the starting position of the pedestrian’s current trajectory. Obviously, the easiest such 
marker is the starting position itself. An abundance of such markers is unrealistic, but one or two markers 
at known places, such as entrances, could be feasible. For example, such entrances could be reasonably 
well mapped using GPS from the outside. 


5.5.1.2 Unique Place with Unknown Location 


Here, one or more recognizable places are flagged each time the pedestrian passes them within some small 
distance and with a unique signal that allows these places to be differentiated. However, in contrast to 
above, we do not assume a known location of these features. There is one exception: If the user flags their 
starting point when starting then this will be essentially equivalent to the above case with known location 
of the feature at the starting point within a relative co-ordinate system. The huge advantage of this scheme 
is that no prior knowledge of locations is required, so a pedestrian can select suitable places and identifiers 
themselves. The requirement is that the users can distinguish and flag these places relatively reliably. 


5.5.1.3 Places with Unknown Location and Unknown Association 


Here, one or more recognizable places are flagged each time the pedestrian passes them within some small 
distance but without any unique signal that allows the identifiers to be differentiated. One can imagine a 
situation where a pedestrian flags a signal every time they walk through any door, or each time they walk 
past a fire alarm switch, or at other chosen places. The requirement in this case is that the places are not 
too close together. This is the most difficult yet general case to handle by the system.  


At each time step we first perform the standard FootSLAM proposal step and compute its weight update 
factor for each particle i. Then, if the human has not reported a placestamp we just continue with the 
normal FootSLAM algorithm. If a placestamp war reported we need to distinguish two cases: 1) If the 
particle position is further than a predefined threshold distance dmin from all previously logged places in 
the particle’s own place map then we assign a new unique identifier to this new place. We then weight the 
particle with the product of the FootSLAM weight and the PlaceSLAM weight (equation (13) in reference 
[22]). 2) If the particle is closer than dmin from any one previously recorded place then we select the 
identifier of the place in the particle’s place map closest to the particle’s current position. We then weight 
the particle with the product of the FootSLAM weight and the PlaceSLAM weight – equation (12) in [22]. 
In both cases we update the location of the place according to its previous location distribution and to the 
location of the particle. 
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Figure 21: Example of a sequence of places visited during a pedestrian’s  
walk and different resulting sequences of placestamps. 


Perform
FootSLAM
Weighting


and FootSLAM
map update


Locate closest
existing place
to particle’s


current Pose P


Placestamp
was reported


Select this 
Identifier


(closest place)


Choose
new identifier


None within
dmin


Closest is 
within dmin


Multiply weight
by PL


Multiply weight
by Gaussian
Likelihood


(PLANS paper (12))


Initialise new place’s 
location to current 


particle pose P


Update place’s 
location with current 


particle pose P


N
o 


pl
ac


es
ta


m
p


re
po


rte
d


Perform
for all Np
Particles:


 


Figure 22: Summary of the PlaceSLAM algorithm for the case of unknown association.  
For details and definition of dmin and PL see the PLANS paper [22]. 


5.5.2 Practical Considerations 


Practical applications of PlaceSLAM require the pedestrian to cooperate and to “think along”. In the 
simplest case (for the user) a binary signal is needed such as pressing a button on a mobile device. It is 
only suited when the involved pedestrians are aware of the mapping process and when places are correctly 
chosen. 
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5.5.3 PlaceSLAM and FootSLAM Combination: Results 


Experimental evaluation of PlaceSLAM so far indicates that its addition to FootSLAM can increase the 
convergence speed and can improve the accuracy of the maps, especially when using few particles in the 
particle filter. Figure 23 shows two maps generated with three places in each case. The left example is an 
outdoor-indoor-outdoor situation where the building was the ground floor of the one used in Figure 19. 
Figure 24 shows the evolution of the error for the outdoor-indoor-outdoor situation example over time.  
We clearly see how PlaceSLAM converges more quickly which can be very valuable in a rapid 
collaborative mapping scenario. 


Large conference Table Canteen


5 meters


 


Figure 23: Two different examples of FootSLAM (blue) and PlaceSLAM (yellow circles) map.  
In both cases there were three human-reported places with unknown association.  


The maps were rotated and scaled to fit the true layout for comparison. 
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Figure 24: Average position error of the particle filter over time as a result evaluating 100 
independently seeded runs of a particle filter with 50000 particles on the same data set. Note 
how using placestamps with perfect association yields a smaller error immediately after the  


first loop closure, whereas unknown association takes a little longer to achieve the same  
level of performance. The green curve corresponds to using FootSLAM alone. 


6.0 CONCLUSIONS AND OUTLOOK 


We have discussed the inner workings of FootSLAM, a new pedestrian localization technique that uses the 
principles of simultaneous localization and mapping, originally developed for robots, for assisting human 
users. FootSLAM, in its current implementation depends largely on the use of shoe-mounted inertial 
sensors that measure a pedestrian’s steps while walking. In contrast to SLAM used in robotics, FootSLAM 
does not require specific sensors, such as cameras or laser scanners for detecting features. Nevertheless, 
FootSLAM succeeds in preventing an unbounded growth of the error over time, which previously was 
unavoidable when inertial sensors were used and no a priori map knowledge was available. Additionally, 
building maps, which are learnt automatically from measurements generated by pedestrians that roam a 
building, are generated and can be used for map-based pedestrian dead reckoning. 


FootSLAM, works robustly in an offline mode on real data measured with low-cost foot-mounted IMUs. 
The generated maps are sufficiently accurate to facilitate map-based pedestrian dead reckoning.  


Wherever feasible, FootSLAM can be improved by applying PlaceSLAM. While PlaceSLAM puts a small 
additional burden on the user or requires additional sensors to re-identify previously visited places, it 
further improves robustness, reduces computational complexity and increases accuracy. 


In its current form, FootSLAM is a promising scheme that has been shown to work well in the semi-
controlled environments we have tested it in, so far. In our future work we will strive to test it under 
increasingly realistic and challenging scenarios. Major challenges will involve its application in large 
compounds or structures, such as airports. Combining the measurements of a large set of users in an 
offline, yet efficient manner is important for its large scale application. From our current perspective, we 
see the most interesting challenge in facilitating its application to provide real-time mapping and mutual 
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position-awareness to collaborating users in scenarios involving emergency or law enforcement 
operations. 
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