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1    The Mobile Testbed 

1.1 Purpose and Goals 

The purpose of our mobile testbed is to support research and experimentation in the areas 
of computer vision, sensor-based robot control, autonomous navigation, and applied ma- 
chine learning in outdoor scenarios under realistic environmental conditions. The testbed 
carries a range of different sensors, special-purpose hardware for sensor data processing, and 
general-purpose computers to perform these tasks. The key design goals are flexibility and 
processing speed. Flexibility is important in order to accommodate and evaluate different 
processing and control paradigms. Processing speed must be sufficient for the system to 
perform under real-time (or near real-time) constraints. 

In this section we describe our testbed, its status and the student participation. A 
summary of our current research and the state-of-the-art in perception-based navigation is 
included in sections 2 and 3, respectively. 

1.2 The Mobile Platform 

The platform (see Figure 1) we are using is an off-the-shelf electric cart manufactured by 
Taylor-Dunn in Anaheim, California. It has a three-wheel chassis with two driven rear 
wheels and a single steerable front wheel, which provides a simple steering geometry. The 
cart is driven by a DC motor powered by 24V lead batteries, which also powers all on-board 
equipment. The cart was customized by the manufacturer with an extended steering shaft 
that connects to the electric steering mechanism. 

During the operation of the vehicle, a human operator is required to ride on the vehicle 
for safety reasons. The operator has full mechanical override capabilities with respect to 
steering and braking. 

1.3 Sensors 

The test platform is equipped with the following sensors: 

1. Two color video cameras in a binocular stereo configuration, mounted on a pan-tilt 
head. To keep the weight of movable parts low, cameras with detached sensor heads 
are used. 

For the color video cameras we use Sony XC-711RR. This is a single-chip line-transfer 
CCD camera with a detached sensor head, which is important to keep the weight of 
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Figure 1: Mobile testbed for machine perception and learning research. Built on a battery-powered 
three-wheel platform, the testbed carries a range of sensors and on-board computers for real-world 
experiments. 



the moving parts low. The camera unit produces standard NTSC video signals in 
interlaced or non-interlaced mode. The cameras are equipped with a pair of fixed- 
focus wide-angle lenses which provide a large viewing angle, large depth of focus, and 
are relatively simple to calibrate. 

2. A single Laser point ranging system, mounted on the same pan-tilt head as the two 
video cameras (Figure 2). 

The main use of the Laser range finder is to provide direct distance measurements 
on objects too far away or with insufficient texture for stereo measurements, thus 
supporting surface interpolation and calibration. The proposed Laser range finder 
(High-Accuracy Altitude Measurement System, manufactured by Schwartz Electro- 
Optics, Inc.) is a single-point ranging device based on a solid-state infrared Laser 
source and time-of-flight measurement. The operating range with non-cooperative 
targets is between 3—100 meters, with 0.1 meter accuracy (the range for cooperative 
targets is up to 300 meters). The unit is eye safe. The entire range finder system is 
contained in a compact housing similar to a soda can in both shape and size. It weighs 
approximately 2 kg. Range measurements are communicated to the main on-board 
processor through serial (RS-232) links. Due to the unavailability of funds we do not 
have a laser range finder at this time. 

3. A set of ultrasound sensors for close-range maneuvering and collision avoidance. We 
have purchased and tested Polaroid ultrasound sensors (newer product). They have 
yet to be installed on the vehicle. 

In addition, the platform will carry the following direct state sensors: 

1. A differential GPS receiver to support map-based navigation and environmental ex- 
ploration. 

2. An inertial navigation system for continuously monitoring vehicle motion. 

2    Image Processing Hardware 

The on-board image processing hardware consists of a multi-board VME-bus system that 
is directly connected to the SUN Ultra 1 computer via a SBus-to-VME interface. The key 
selection criteria for this hardware were flexibility, performance, operating system support 
(Solaris), software support, and cost. In addition to common image processing requirements 
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mounted on a common pan-tilt mechanism. The two cameras are arranged in a binocular stereo 
configuration with fixed vergence. The orientation of the Laser range finder with respect to the stereo 
cameras is fixed. The Laser ranger can be pointed at selected scene entities for depth verification 
by pan and tilt motion. 



(fast convolution, point operations, etc.), we also want to have the possibility to use general- 
purpose CPUs with floating-point capabilities and fast access to the image data (e.g., the 
TI 320Cxx or Intel 860 processor series). We narrowed down our evaluation of available 
systems to (a) the MaxVideo 200 from Datacube and (b) the Series 150/40 from Imaging 
Technology. During this evaluation, comments from current users of both systems that we 
solicited through the Internet were of great help. Based on the results of this evaluation, we 
have specified an ITI Series 150/40 Vision Processor. The hardware architecture is shown 
in Figure 3. 

2.1    Student Participation and Current Status 

Both graduate and undergraduate students have participated in the development of the 
testbed. Six Electrical Engineering Senior students (Mardi Ouch, Mike Miles, William Saw, 
Brian Schroeder, Diane Heck and Tony Sterling) developed the vehicle during their two 
quarter senior project. They developed the necessary hardware and software system that 
runs on the SUN Ultra 1 computer and controls the steering, speed, pan-tilt mechanisms of 
the vehicle. Songnian Rong, a graduate student in Computer Science, helped in specifying 
motors, gears, materials, power supplies, transformers, etc. Students have carried out elec- 
trical, mechanical, graphic interface, and software aspects of the project quite successfully. 
Both the propulsion (braking) and the steering are controlled from the main on-board pro- 
cessor (Sun Ultra 1 Computer) through serial (RS-232) communication links. The steering 
mechanism consists of a stepper motor and a planetary gear with a 100:1 ratio. A dedicated 
controller hardware has been built for the propulsion motor. We have evaluated the image 
processing system. During the coming academic year we will develop the tracking, gaze 
control, automated landmark acquisition and path retrace capabilities using the vehicle. 

3    Current Research in Multistrategy Learning for Image 
Understanding 

Current work in this area at UCR is focused on applying multiple machine learning strategies 
for solving fundamental problems and improving performance in Image Understanding. 
Major support for this work is provided through a grant by ARPA/AFOSR (F49620-95- 
1-0424) and results have been reported in DARPA IU Workshops 1994 and 1996. The 
application of machine Learning (ML) to the Image Understanding (IU) domain is more 
demanding than most conventional learning applications in AI. It is caused by (a) the 
enormous amount of incoming data to be processed, and (b) the variety of processes and 
representations encountered in Image Understanding. 
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Ultra computer, which is connected to the ITI Series 150/40 Image Processor through a SBus/VME 
bus interface. The image processing system consists of (a) an Advanced Image Manager (IMA15040- 
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Sun computer controls the vehicle steering mechanism, vehicle propulsion, the pan/tilt sensor plat- 
form, and the point laser range finder through serial (RS-232) communication lines. Note that the 
SPARCStation 10 has been replaced by Sun Ultra 1 Computer 
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Key Ideas 

The multi-strategy learning-based IU System (Figure 4) selectively applies machine learning 
techniques at multiple levels to achieve robust recognition performance. The system uses 
Genetic Algorithms (GAs) to optimize multi-sensor image segmentation at the low level. At 
the intermediate level, Explanation-Based Learning (EBL) is employed to learn new visual 
concepts for improving indexing and matching. At the high-level, Case-Based Reasoning 
(CBR) is used to dynamically adapt recognition strategies, and acquiring and maintain- 
ing information about the environment. At each level, appropriate evaluation criteria are 
employed to monitor the performance and self-improvement of the system. We also use 
Hidden Markov Models (HMM) for signal-to-symbol conversion and reinforcement learning 
for feedback between different levels. Our goal is to demonstrate new learning techniques 
in the context of navigation and automatic target recognition problems. 



4    State-of-the-Art in Perception-Based Navigation 

The field of vision-based navigation has continuously advanced from the early algorithms for 
road following and limited cross country navigation for land vehicle navigation to developing 
systems for more complex environments, to detecting obstacles like trees, wires, etc., for 
helicopter navigation, to reconstructing 3-D models for small underwater objects. While 
the requirements and associated design details of the vehicles for land, air and underwater 
navigation are different, many of the underlying problems and the scientific principles used 
for sensing, processing, and implementation of perception-based robotic systems in these 
environments have some common characteristics. The state of the field has been summarized 
in a survey paper on perception-based outdoor navigation [13]. 

5.1    Machine Perception 

The specific tasks to be performed by a perception-based navigation system strongly depend 
upon the particular mission and application domain. (Figure 5). 

Localization 

Localization is the problem of determining the current position and orientation of the vehicle 
with respect to a given map. Perception-based localization amounts to specifying the current 
viewpoint in a world coordinate system and matching the sensor data to the expected view 
obtained from the map data that consist of Digital Terrain Elevation Data (DTED) and 
Digital Feature Analysis Data (DFAD). The enormous search space of possible viewpoints, 
combined with the highly non-linear effects of changing viewpoints on the sensed data 
make the problem quite difficult [22, 43, 51]. Naturally, the problem is simplified when 
the approximate vehicle location, orientation, and elevation are known, or when the scenes 
contain distinctive elements (landmarks). 

Object Recognition 

Object recognition addresses the general problem of identifying objects in a scene. In the 
context of autonomous navigation, object recognition is important because certain deci- 
sions depend upon the semantic categories of the observed objects. Object recognition 
goes beyond both obstacle and landmark recognition. The representation used for object 
recognition are usually more specific than those for obstacle detection and more general 
than those used in landmark recognition.   In the case of highway navigation, important 
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Figure 5: Typical tasks and subtasks involved in a perception-based land navigation system include 
localization, landmark recognition, object recognition, depth and surface recovery, road following, 
terrain interpretation, obstacle detection and avoidance. 



landmarks, such as traffic signs, signals, ground markings etc., are always placed in obvi- 
ous locations, which makes the task more tractable than general object recognition. The 
main problem in outdoor object recognition is that, although the number of relevant ob- 
ject categories may not be very large, the appearance of the objects encountered may vary 
significantly between individual instances. This is not only true for natural objects (e.g., 
trees) but also for many man-made objects, such as cars and buildings. Also, objects may 
appear in a variety of different views, unlike in landmark recognition, where the viewpoint 
is often highly constrained. The semantic interpretation of complex traffic scenes, involving 
several moving cars, pedestrians, and possibly other objects, is a challenging problem made 
difficult by incomplete evidence, e.g., due to partial occlusion of objects. 

Depth and Surface Recovery 

In the context of navigation, the availability of depth information is crucial for path plan- 
ning, obstacle detection and avoidance, exploration, and geographical data acquisition. 
Depth and surface reconstruction can be based on active or passive sensing techniques. Ac- 
tive sensors, such a laser range finders (Ladar), millimeter-wave Radar, and acoustic devices, 
provide direct range measurements in either a scanning or selective-focusing mode. Passive 
range estimation techniques include stereo vision [4, 16, 22, 33, 35], structure-from-motion 
techniques [11, 25], and combinations thereof [12, 24, 41]. However, current techniques still 
need significant improvements for successful navigation based on passive ranging [10]. While 
passive ranging techniques can potentially supply a dense field of range measurements, they 
rely upon sufficient image texture in the area of interest. Since active sensors do not have 
this limitation, complementary use of active and passive sensing techniques can improve 
the reliability and coverage of a depth and surface reconstruction system. 

Road Following and Detection 

Road detection can be classified as a special case of terrain interpretation. Roads are 
constructed following certain conventions which can be exploited to improve detection. 
Highways and major roadways are usually well-marked with lane and edge markers that 
have contrasting colors compared to the road surface. In such cases, the markers can be 
extracted as line segments or points denoting the lane boundary. Roads typically have 
approximately constant width and limited local curvature. These properties can be used in 
a road model to integrate local measurements into a scene interpretation that is robust to 
misclassification. 

Many road following and detection algorithms have been developed at various institutions 
[18, 45, 39, 27, 20] The key challenge in road detection is to obtain real-time detection and 
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to exploit the human conventions of road design while being robust to these non-ideal 
phenomena. 

Terrain Interpretation 

Terrain interpretation attempts to characterize the environment with respect to some goal. 
For the purpose of vehicle navigation, the terrain is mainly characterized by its traversability, 
which depends upon such factors as the type of the vehicle, the intended speed, direction 
of traversal, and weather conditions. Terrain interpretation can also be used as the goal 
of autonomous navigation, in the sense of terrain exploration and map data acquisition. 
An example for terrain interpretation in the context of ALV cross-country navigation is 
described in [8], where interpretation is based on multi-spectral image data and contextual 
constraints. 

Obstacle Detection and Avoidance 

Dealing with obstacles thus consists of two main tasks: (a) the detection and characteriza- 
tion of obstacles and (b) performing actions to avoid the obstacles. Obstacle detection is 
sensory-based localization of objects that could impair the planned actions of the vehicle. 
This includes stationary objects not known a priori (e.g., rocks), stationary objects that 
may change their properties over time (e.g., bushes and potholes), as well as any moving 
objects. Obstacle avoidance attempts to maneuver the vehicle to avoid contact with de- 
tected obstacles. Obstacle avoidance can be decomposed into two classes. Within the first 
class, sensed objects are combined into a local map and a planner chooses a suitable path. 
The other type of obstacle avoidance is a reflexive action of the vehicle to the sudden, and 
unexpected, presence of an obstacle. The decision may be qualitative, such as "steer right" 
or "brake". 

Most perception-based approaches for obstacle detection are designed for operation in a 
stationary environment [3, 33, 36, 46], where the range of an object and its time-to-collision 
with the vehicle are equally valid measures of an object's proximity. As a result, most 
research has concentrated on localizing the 3-D position of objects, and maintaining the 
positional representation as the vehicle moves [3, 36]. In a dynamic environment, object 
range is no longer the best measure of proximity; time-to-collision becomes more important 
because it accounts for any object motion. 
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Parallel Processing and Hardware Systems 

Many low-level signal and image processing tasks, such as convolution, segmentation, la- 
beling, Hough transforms, and pyramid algorithms, exhibit a high degree of spatial and 
temporal regularity that make them well-suited for implementation on parallel architectures 
[7, 48]. In addition, there has been considerable effort to implement high-level processing 
tasks, such as road following and object recognition, on parallel machines. Some of these 
machines are described in the following, including the Warp, the iWarp, the Connection 
Machine, the MasPar systems, and the Image Understanding Architecture. 

The Warp computer [50], designed at CMU and built by General Electric, has been 
employed in the CMU Navlab project and in the Autonomous Land Vehicle (ALV) project 
sponsored by ARPA. The Warp consists of a one-dimensional systolic array of 10-20 pro- 
cessors, each of which can perform 10 million floating-point operations per second. In 
CMU's Navlab environment, Warp has been used for a variety of tasks, including feature- 
based stereo (FIDO), collision avoidance based on range images, color-based road following 
(SCARF), as well as neural network-based road following (ALVINN) [18]. 

The iWarp ("integrated warp") developed by CMU and Intel is a parallel, distributed 
memory architecture that efficiently supports various inter-processor communication styles, 
including message passing and systolic communication [23, 37]. Memory communication is 
flexible and intended for general computing, whereas systolic communication is efficient and 
well suited for speed-critical applications. CMU has developed high-level software support 
and computer vision applications for the iWarp [49]. 

The Connection Machine (CM) built by Thinking Machines is a massively parallel SIMD 
with processors arranged in a hypercube topology [26]. A variety of perception-related 
algorithms have been implemented on this hardware, including image segmentation, stereo 
matching, pyramid algorithms, object recognition, and planning [19, 30, 40, 44]. The MIT 
Vision Machine [38] is an extensive software environment that has been built around the 
CM. 

The MasPar is a general-purpose SIMD computer system with scalable architecture 
based on a reduced instruction set (RISC) design [9]. Its architecture provides not only high 
computational capability, but also a mesh and global interconnect style of communication. 
It achieves peak computation rates beyond a billion floating point operations per second. 
The MasPar MP-1 and MP-2 have been used for road following in CMU's Navlab project 
[27]. 

The Image Understanding Architecture (IUA), which is being developed at the Univer- 
sity of Massachusetts and Hughes, is a multi-level hardware architecture that incorporates 
several different forms of parallel computation [21]. The lowest level of the IUA consist of 
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a 512 X 512 array of 1-bit SIMD processors, that directly operate on the incoming sensor 
data. A 64 x 64 array of 16-bit processors mainly performs grouping operations at the 
intermediate level, running in either SIMD or MIMD mode. High-level, knowledge-based 
processing, using Lisp and blackboard structures, is performed on 64 coarse-grained RISC 
processors. Construction of the IUA has been accompanied by a significant software ef- 
fort, which includes dedicated programming languages and language extensions, libraries, 
simulators, and graphical user interfaces. 

System Architecture 

Autonomous navigation systems involve a great variety of computational tasks at differ- 
ent abstraction levels and with varying communications requirements. Depending on the 
nature of these tasks, different modules may be implemented in radically different ways. 
For example, low-level image processing tasks are often executed on special purpose hard- 
ware, using assembly language or optimized C code. On the other extreme, a high-level 
planning module may rely on dynamic data structures, knowledge representations, and in- 
ference engines that are traditionally implemented in Lisp-like programming languages. As 
a consequence, real-world navigation architectures are complex, heterogeneous systems and 
constitute a considerable software (and hardware) engineering challenge. In addition, these 
systems must be fast, reliable, and should degrade gracefully in case of malfunction. Time 
constraints are usually a critical factor in perception-based navigation, affecting algorithm 
design, data communication, and operating system considerations. 

Many of the issues addressed in the context of sensor-based robot control architectures 
apply to perception-based navigation systems as well. In particular, concepts of layered 
control, such as the subsumption architecture [14], and hierarchical control have been very 
influential. For example, the Real-Time Control System (RCS) [1] is a hierarchical ar- 
chitecture for intelligent control systems that has been used on the UGV robotics testbed 
vehicle. NASA and NIST have developed the Standard Reference Model (NASREM) [31], a 
hierarchical architecture for sensor-based telerobot control systems. NASREM is intended 
to provide a flexible testbed for research in perception-based robotics, mainly for space 
applications. PROTEUS [28] is a hybrid between a highly structured hierarchical control 
system (such as NASREM) and a purely distributed layered control system (such as the 
subsumption architecture). For land navigation, a large number of experimental system ar- 
chitectures have been implemented at various institutions, such as the Navlab architecture 
at CMU [42, 47] and the Hughes ALV navigation architecture [36]. 
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5.2    Adaptation and Learning 

Adaptive systems are capable of dynamically adjusting their behavior to the current sit- 
uation and can therefore achieve better performance than static systems. In contrast to 
adaptation, learning incorporates memory that is invoked to cope with situations that have 
been encountered sometime in the past. The need for adaptation and learning capabilities 
in the context of autonomous navigation arises mainly in the areas of actuator and sensor 
control, data processing, and map and landmark acquisition, which are discussed below. 

Learning for Actuator and Sensor Control 

A maneuverable vehicle usually incorporates several actuators that must be operated in 
a coordinated fashion for proper navigation. Learning can be used to obtain basic in- 
put/output relationships, which are often difficult to model explicitly off-line, as well as to 
refine the existing actuator behavior [15, 17, 32, 39]. With active, goal-directed sensing, 
the problem of coordinating maneuvers and sensor control adds additional tasks that can 
be supported by learning, such as gaze stabilization and object tracking. 

Learning for Sensor Data Processing 

Current machine perception techniques lack the required robustness, reliability, and flexi- 
bility to cope with the large variety of situations encountered in a real-world environment. 
Many existing techniques are brittle in the sense that even minor changes in the expected 
task environment (e.g., different lighting conditions, geometrical distortions, changing veg- 
etation, etc.) can strongly degrade the performance of the system or even make it fail 
completely [10]. The introduction of adaptive and learning techniques to sensor data pro- 
cessing has been identified as a key ingredient for building more robust perception systems 
[34]. Applications include (a) low-level processing, such as adaptive image segmentation, 
(b) feature selection and grouping at the intermediate level, and (c) high-level tasks, such 
as 3-D object recognition [6]. 

Map and Landmark Acquisition 

Map information is important for many navigation task, in particular for path planning. 
The problem of map acquisition arises either when the vehicle navigates through an un- 
known environment for which no map is yet available, or when the given map data are not 
sufficiently accurate and need to be updated.  Maps for autonomous navigation are often 
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adapted to the given task and processing environment and may, therefore, differ substan- 
tially from the annotated 2-D maps used in everyday life. For example, these maps may 
consist of a hierarchy of local and global map data that facilitate more efficient naviga- 
tion [2]. 

The acquisition of landmarks involves detecting and classifying suitable landmark ob- 
jects, evaluating their properties, and positioning them in a global map. Landmarks should 
be distinctive and easy to detect with the given sensors. Models of landmarks can be ob- 
tained in variety of ways, e.g., they can be supplied manually, derived from existing data 
(e.g., maps, digital elevation models, CAD data), or acquired at the actual location. 

A major difficulty involved in map data acquisition is the estimation and representation 
of measurement errors. Also, the updating mechanism must be able to successively reduce 
this uncertainty by incorporating additional sensor information, either from separate obser- 
vations or data from multiple sensors. Mapping schemes used for exploration must also be 
able to represent unexplored regions or unknown views of map objects [29]. 
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