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YARF: An Open-Ended Framework for Robot Road Following

CMU-CS-93-104

Karl Kluge
February 1993 - Thesis

This thesis describes YARF (Yet Another Road Follower), a vision-based system for autonomous road
following. Video data from a camera mounted on a robot vehicle is fed into a computer, which analyzes
the image data to locate the position of the vehicle relative to the road. The computer then issues
commands to actuators attached to the throttle, brakes, and steering in order to drive the vehicle along the
road. YARF has been extensively tested using a combination of open- and closed-loop runs on testbed
vehicles, simulation, and data from videotapes. YARF provides a set of perception capabilitics tc locate
the position of the vehicle relative to the road, to detect changes in the lane structure of the road, to
navigate through intersections given a model of the intersection geometry, and to extract the lane structure
of the road without a prior model.

The central theme of YARF is that using richer models improves road following performance. Models of
geometric structure, of road appearance, and of segmentation performance all simplify processing and
contribute to improve reliability. YARF uses road models in several ways:

* Model drive segmentation.
¢ Exploitation of model coherence to avoid the influence of contaminating data.

e Data driven recognition of model changes.

While YARF assumes that the models of road structure used are generated off line, the thesis also
presents an algorithm designed to automatically extract much of the needed model information. The
algorithm uses a weak domain model to filter a noisy image segmentation, extracting both feature

geometry and type.

Keywords: VISION AND SCENE UNDERSTANDING, ROBOTICS, SEGMENTATION, SCENE ANALYSIS, IMAGE
REPRESENTATION

(95 pages)
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Abstract

Over the last half decade, vision based road following systems have progressed from
programs which could travel tens of meters between failures to programs capable of driving
many kilometers between failures. System performance is typically limited by the following
factors: the reliability of the image segmentation techniques used; the accuracy of the
system’s estimate of road shape and location; the robustness of the system’s shape
estimation algorithms when faced with data contaminated by bad observations; and the
ability of the system to detect and adapt to changes in road structure and appearance.

The YARF road following system presents novel approaches to improving performance in
each of these areas. YARF is able to simplify the image segmentation problem by
incorporating information about feature appearance as well as feature geometry in the model
of road structure. Estimation of the road shape parameters in a data-dependent coordinate
system produces dramatic increases in the accuracy of road shape estimation. Use of a
robust estimation technique allows YARF to correctly determine the road shape in situations
where a least squares based technique would fail due to contaminating data points. Finally,
YAREF includes techniques for detecting changes in road appearance, verifying intersections
or changes in lane structure predicted by a map of the road network, and extracting a model
of the visible lane structure of a road from an image. YARF has been tested on a variety of
road scenes using a mixture of open- and closed-looo test runs on the Navlab vehicles as
well as data collected on videotape and simulations.
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1 Introduction

“Suppose someone arbitrarily proposes to build a gadget having the following
properties: it is to be mounted on an automobile and made to steer the car so that it
will follow a white line on the roadway, to slow the car when the line turns blue,
and perhaps to perform other bizarre functions. No such device will actually be
built, for there is obviously no application that warrants it.” ([6], page 72)

When Vannever Bush made that statement in 1949 it is unlikely that he realized the extent to
which the private automobile would become a dominant mode of transportation in the
United States and elsewhere. Just over 80% of the intercity passenger miles travelled in the
U.S. each year are done by private automobile [55]. Over the last decade there has been
increasing interest in developing systems capable of autonomous driving in order to increase
driver comfort and safety and to increase the volume of traffic that can be carried by existing
roadways. Current government projects supporting research into autonomous rcad
following include the DARPA Unmanned Ground Vehicles project [34], the FHWA
Intelligent Vehicles and Highway Systems project in the United States, and the Eureka
PROMETHEUS project in Europe [24]. Automobile manufacturers such as General Motors
[27], Honda [20], Nissan [21], and Daimler-Benz [17] are also performing research in this
area.

This thesis describes YARF (Yet Another Road Follower), a vision-based system for
autonomous road following. Video data from a camera mounted on a robot vehicle is fed
into a computer, which analyzes the image data to locate the position of the vehicle relative
to the road. The computer then issues commands to actuators attached to the throttle, brakes,
and steering in order to drive the vehicle along the road. YARF has been extensively tested
using a combination of open- and closed-loop runs on testbed vehicles, simulation, and data
from videotapes. YARF provides a set of perception capabilities to locate the position of the
vehicle relative to the road, to detect changes in the lane structure of the road, to navigate
through intersections given a model of the intersection geometry, and to extract the lane
structure of the road without a prior model.

The central theme of YARF is that using richer models improves road following
performance. Models of geometric structure, of road appearance, and of segmentation
performance all simplify processing and contribute to improved reliability. YARF uses road
models in several ways:

* Model driven segmentation. YARF uses model information about feature
appearance to select a detection method from a suite of specialized segmentation
operators. The simple and fast segmentation techniques used take advantage of
model information about feature appearance to robustly detect the presence and
absence of different types of features.

*  Exploitation of model coherence to avoid the influence of contaminating data. The
geometric constraints provided by the model are combined with estimation
techniques that are robust in the presence of contaminating data observations. This
combination permits the system to perform correctly in situations which would
cause least squares based approaches to fail.
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* Data driven recognition of model changes. Failures of the image segmentation
techniques to see predicted features are used to trigger hypotheses about changes
in road structure. The changes which will occur are assumed known, but the
occurrence of the changes is detected in a data driven fashion.

While YARF assumes that the models of road structure used are generated off line, the thesis
also presents an algorithm designed to automatically extract much of the needed model
information. The algorithm uses a weak domain model to filter a noisy image segmentation,
extracting both feature geometry and type.

While the domain chosen for investigating these issues is vision based road foliowing, the
techniques developed are applicable to other vision based navigation domains. The
characteristics of such domains involve an environment which can be characterized by a
geometric model, and the ability to determine the vehicle position relative to the model
based on point measurements of the locations of features from the model. The architecture
of the YARF system permits easy extension to include additional segmentation or estimation
techniques. The object oriented task decomposition built into the system allows simple
replacement and extension of functional sets of routines such as those which implement the
camera and environment model. Using the system to perform a docking task, for instance,
would involve adding detectors to locate features on the docking target, modifying the
formulation of the estimation problem to be solved from fitting a road model to fitting the
vehicle attitude with respect to the target, and changing the control commands issued. All of
the system support in terms of camera modeling, feature detector management, estimation
routines, etc. would be available for direct application to the new task.

1.1 Why vision-based road following?

One option for autonomous vehicle guidance is a cooperative approach. In such an
approach, active or passive beacons are added to the road infrastructure in order to simplify
the problem of determining the vehicle location relative to the road. An example of this
approach is the lateral control work within the California PATH program [45]. Cheap
ceramic permanent magnets are embedded along the center of the lane at one meter
intervals. Four Hall-effect magnetometers are mounted under the vehicle bumper, and the
field strengths measured by these sensors indicate the lateral offset of the vehicle from the
lane center. Such a technique does not require complex perception algorithms, and uses
relatively mature technology.

The disadvantage of such techniques is that they require modifications to the road
infrastructure. Modifying the entire highway network would take time, and consumers are
unlikely to want to pay for expensive options which are useful only in limited areas. The
infrastructure modifications would cost money. In addition, closing lanes to embed cables or
markers in the pavement would (temporarily) reduce road capacity in the very areas where
capacity is a key concern.

The alternative examined in this work is to take advantage of the existing visual cues used
by humans to perform lateral vehicle control, i.e. lane markings and pavement edges. This
option requires more complicated algorithms and is a less mature technology, but avoids the
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policy disadvantages associated with the cooperative approaches [23]. The first system sold
will be able to work on existing marked roads, and will require no infrastructure
modification (although it may be desirable to repaint lines more frequently).

1.2 Perception: an operational level subtask

The driving task has been divided into three levels of subtasks [35]: the strategic level, the
tactical level, and the operational level. YARF performs perception tasks which lie at the
operational level in this model of driving. Various efforts are under way to develop
techniques for performing tasks autonomously at the higher strategic and tactical levels.

Strategic level tasks are global in nature. The primary strategic level task for driving is route
selection. This can be based on static map information, or it can combine the static map
information with dynamic information about traffic condition§ and temporary blockages due
to accidents or construction. A number of systems are under development to provide
strategic-level driving aids. European efforts are described in [8]. These systems typically
include a map database on CD-ROM, a display interface to present the map to a human
driver for initial location and destination selection, and sensors (typically wheel encoders
and compasses) used to maintain an estimate of vehicle location on the map. The

Travelpilot™ system developed by Etak and Bosch [7] is an example of the hardware
infrastructure available to support such strategic tasks. It includes a CD-ROM map database,
processor, display unit, and sensors. While such systems are currently intended as aids for
human drivers, they provide a digital map database and vehicle position tracking capability
which could be interfaced to provide support for strategic level tasks in an autonomous
vehicle.

The tactical level applies domain knowledge (the “rules of the road”) and strategic goals to a
model of the current environment around the vehicle. Values are chosen for control
variables to insure that the vehicle remains in a safe and legal state. The ULYSSES system
[42] developed by Reece embodies a detailed model of the tactical level of the driving task.
ULYSSES operates within a simulated world, the PHAROS fine-grained traffic simulator. It
assumes a set of 14 perception routines such as “find next sign”, “find current lane”, “mark
adjacent lane”, “find signal”, and “find next overhead sign”. In ULYSSES these generate
their results by examining the symbolic internal state of the PHAROS simulator. Physical
and domain constraints are used to generate bounds on acceptable vehicle acceleration, lane
choice, and flags indicating whether the vehicle is in an intersection, and whether it is
waiting for right of way. ULYSSES will not violate the lane abstraction in order to avoid a
collision. Stengel and Niehaus [46] also constructed an expert system to perform the tactical
driving task. Their system detects situations in which a collision appears immanent, and
switches to an emergency mode in which collision avoidance is the only goal.

The operational level consists of the low level perceptual and control subtasks which
provide the support for the strategic and tactical levels. Reece identified 14 perceptual
routines needed to support his tactical model of driving ([42], pages 170-172). Those which
relate to detecting the road location and structure are:

Find current lane. Locate the boundaries of the lane the vehicle is in, determining
the heading and offset of the vehicle with respect to the lane.
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Mark adjacent lane. Check for lane boundaries near a marked location in the
image.

Track lane. Start at a marked location in a lane and track the lane as far as possible
in the image.

Profile road. Identify the lane structure of the road, reporting the location and type
of lane markings.

Find intersection roads. Locate all the approach roads and lanes at an intersection.

Find path in intersection. Similar to “find intersection roads”, but selects a lane to

turn from and generates a path through the intersection.
YARF maintains a model of the current lane structure and road curvature, and an estimate of
the location of the vehicle relative to the road. Given these, YARF provides the capability of
“find current lane”. It applies perception to verify the model’s information about other lanes,
providing the capability of “mark adjacent lane” and “track lane”. The SHIVA algorithm
described in Chapter 6 extracts a symbolic description of lane structure from an image,
implementing the capability of “profile road”. YARF uses a combination of perceptual cues
and map information to recognize the approach of an intersection, verify the location of the
destination lane across the intersection, and plan a path to navigate through the intersection.
This implements most of the capability of “find path in intersection”.

YARF’s symbolic model of road structure contains the information necessary to constrain
the search for other traffic objects used in the ULYSSES model such as signs adjacent to the
road, overhead signs, and cars in a specified lane. The YARF system is thus extensible to
include other primitive perception routines identified by Reece, but not currently
implemented within the YARF system.

1.3 The centrality of the symbolic road model

The model of road structure and appearance, whether implicit or explicit, lies at the core of a
road-following system. Models which explicitly represent information about feature
location and appearance can simplify the image segmentation problem faced by the system.
Models which make explicit the geometry of the lane structure of the road can use that
information to take advantage of redundancy in the data and inter-feature constraints.
Explicitly detecting and representing locations where perception fails to verify the
expectations generated by the model allows a system to detect changes in road appearance
and react appropriately. The family of road models used generates constraints which can be
used to filter a noisy image segmentation and extract a symbolic model of the visible lane
structure. YARF takes advantage of each of these possibilities.

1.4 Experimental testing of YARF

The YARF system has been tested on the Navlab I and Navlab II testbed vehicies developed
at Camegie Meilon. These vehicles have served as platforms for investigating a variety of
issues in outdoor autonomous navigation [52) [53] [49]. Navlab I is a modified Chevy van
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Figure 3: Cutaway view of Navlab II interior

YAREF uses a predict-verify-update technique to track the road. The estimated road shape
from the previous image is transformed using an estimate of the vehicle motion between
images to predict the location of the road in the current image. Image segmentation
techniques are applied in small search windows around the expected feature locations to
verify the actual feature locations. These new data points are then used to update the
estimated road shape. Previous systems have used a single segmentation technique for road
tracking, however this is inadequate. Pavement edges, white painted stripes, and yellow
painted stripes are not equally detectable by a single segmentation technique due to
differences in contrast and boundary sharpness. The YARF system provides an extensible
collection of simple segmentation techniques, each of which is designed to reliably detect
the presexce or absence of a particular type of road feature. These segmentation techniques,
referred to as feature trackers, are described in Chapter 3.

YARF uses statistical estimation techniques to combine the individual point feature
locations detected by the feature trackers into an estimate of the road shape parameters.
YAREF, like a number of other road followers, estimates the shape parameters of a non-linear
model from the coefficients of a polynomial approximation based on a series expansion.
Chapter 4 demonstrates that performing the parameter fitting in a data-dependent coordinate
system reduces the errors introduced by this approximation by a factor of 5-10 for roads
with large curvatures. In addition to this improvement in performance, YARF also takes a
unique approach in its selection of estimation technique. Systems which use a least-squares
based approach are vulnerable to failures caused by false feature data points. YAREF is the
first road following system to use LMS (Least Median of Squares) estimation to avoid such
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failures. LMS uses a criterion function which selects a parameter estimate based on the
internal consistency of the valid data within a data set containing contaminating false data
points.

The basic road tracking loop described in Chapters 3 and 4 assumes that the road has a
constant lane structure, with features separated by constant widths. In an urban driving
environment, road features may disappear or change location due to approaching
intersections or changes in lane structure. As a result, for safety reasons it is important that
an autonomous road follower detect situations where its model of the road no longer appears
to reflect reality. Such situations may be expected and represented in the mission map, or
they may be unexpected. Chapter 5 describes the techniques YARF uses to react to expected
changes in road appearance. YARF uses a map of the roads to be traversed in the course of a
mission. This map is generated off line. By using a data-driven algorithm for detecting the
approach of changes in lane structure YARF eliminates the need for a precise metric model
of the road network. Local geometry at an intersection is represented, but distances and road
curvature between intersections are not represented. YARF determines the position of the
vehicle relative to the local intersection coordinate system based on image information
about the termination of features as the vehicle approaches the intersection. Currently the
mission map is static, and is not updated to reflect information gathered in the course of
performing missions using the map. One direction for future work is to eliminate the need
for a quantitative representation of intersection geometry, with the goal of building systems
which can follow the kind of qualitative and partial driving directions which humans give
each other. Another direction for future work is to incorporate learning from experience, so
that the system can improve performance on subsequent retraverses of the same route.

One longer term goal of the research agenda set out in this thesis is reducing the dependence
of YARF on map information generated off line. The SHIVA algorithm, described in
Chapter 6, provides a robust technique for extracting the visible lane structure from an
image of the road. Constraints from a simple domain model are used to filter a noisy edge
segmentation in order to extract feature geometry. YARF extends the capability provided by
similar algorithms by extracting feature type as well as geometry. By applying the
specialized feature trackers used in YAREF, it is also possible to classify the detected features
into pavement edges, white stripes, and yellow stripes. The SHIVA algorithm provides a
method for initializing YARF’s estimate of the vehicle location and road curvature. It also
forms a basis for further research towards the goal of reacting to unexpected changes in the
lane structure of the road. Chapter 7 summarizes the contributions of YARF, and describes
directions for future work.
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2 Road modeling in YARF

2.1 The role of the road model

The model of road structure and geometry is the central data structure in an autonomous
road following system. It provides information needed to guide and interpret the results
provided by segmentation of the visual input data, and stores information about the road
needed to make tactical driving decisions about lane choice. The limitations of the road
model used in a system play a strong role in defining the performance limitations of the
system as a whole.

The road scene shown in Figure 4 illustrates several of the roles played by the road model.
The vehicle is stopped at a traffic light (not visible). If the route plan indicates that the
vehicle should turn left at the upcoming intersection, then the tactical level needs to obtain
certain pieces of information from the road model in order to carry out the turn. The road
model needs to represent the geometric knowledge that there are three lanes, and that the
vehicle is currently in the right lane. It also needs to represent the semantic information that
the left edge of the right lane is a white line, while the left edge of the-middle lane is a
double yellow line, indicating that the vehicle should move one lane to the left in order to
make the required turn.

Figure 4: Road scene
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The operational level also makes demands on the road model. An example of this would be
the estimation of camera tilt in each image frame, as is done in the VITA system{18].
Estimation of the tilt requires data from multiple features in order to disambiguate the
effects of camera tilt and road orientation. As a result, if the road model includes only the
edges of the lane the vehicle is in, then the system will not be able to estimate the tilt for this
image due to the occlusion of the entire right edge of the lane. A road model which includes
the full lane structure of the road permits the detection of other features in the case that one
of the lane edges is obscured.

This chapter presents the concept of generalized stripes as a method of road representation.
Generalized stripes include information about road feature type and appearance, unlike
earlier road representation schemes which only included geometric information. In addition,
generalized stripes provide a unifying framework for classifying different representations of
road geometry. Generalized stripes are a generic differential representation of road geometry
which permit arbitrary terrain variations and banking of the road surface. Previous
representations of road geometry can be classified as special cases of generalized stripes.
The chapter closes with the mathematical definition of the special case of generalized stripe
used in the YARF system. These stripes assume a flat road with no bank and circular arc
spine curves.

2.2 Generalized stripe road models

The representation chosen for roads in the YARF system is as a sequence of generalized
stripes. Generalized stripes define a set of surfaces in a manner analogous to the way in
which generalized cylinders define a set of volumes. A generalized stripe consists of a one-
dimensional feature cross section which is swept perpendicular to a spine curve to define the
road surface (see Figure 5). The generalized stripe model of road structure encodes both the
semantic information needed at the tactical level (“the left edge of the current lane is
delimited by a broken white stripe”) and the geometric information needed to perform
operational level perceptual tasks.

The generic definition of a generalized stripe is straightforward. The spine curve is defined
by the vector function 5() = [x(u) y(u) z(u)] Where u is the arc length along the spine curve.

The bank angle of the road cross section at arc length u along the spine curve is given by the
banking function B(u). The feature cross section function, F(v), indicates the feature type at

offset v from the spine curve. Generalized stripes are distinguished from ribbons [41] in two
ways. First, they have internal structure corresponding to the road markings. Second, they
are not restricted to a plane. The spine of a generalized stripe can be a curve in three-space,
and the stripe may bank.

The location of the point at offset v from the spine curve at arc length u along the spine
curve is determined as follows. Let s, be the point on the spine curve at distance u along the
spine. Let ¥ be a unit vector in the vertical direction at §,, and let 7 be the unit tangent
vector to the spine curve at S,. The point at offset v on the feature cross section (R
determined by the following constraints:

) 1S

u. v

* The distance from s, to R, , (the length of vector P in Figure 6) is equal to i+, the
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Figure 5: Generation of a road by sweeping a feature cross section perpendicular
to a spine curve

absolute value of the offset of the point from the spine.

EY 2

P T = 0 (the cross section is swept perpendicular to the spine curve).

PeV = ivlcos (g - B(w)) (the cross section has bank B(u) at arc length u along the
spine curve).

Pe (Tx V) has the same sign as v (positive offsets lie to the right of the plane
defined by V and 7 when facing along 7).

Figure 6: Geometry of the differential definition of
a generalized stripe.
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2.3 Previous road models as generalized stripes

Almost all previous schemes for representing road geometry can be viewed as special cases
of the generalized stripe abstraction defined above. Generalized stripes in which the bank
angle is zero everywhere along the spine (B(u) = 0) correspond to the zero-bank model
described by DeMenthon and Davis [11] and Kanatani and Watanabe [25]. In these models
the spine curve is an arbitrary curve in 3-space. These models do not constrain the shape of
the spine curve. As a result, the assumption of constant road width used in the algorithms
leads to errors in the reconstructed road shape when there are errors in the location of the
edges of the road.

Dickmanns and Mysliwetz [13] assume a zero-bank road model, but also coastrain the spine
curve 3w) = [x(u) y(u) z(u)] to have a form such that the curves Syw) = [x(w) y (u) 0] and

Sviu) = [:(, y(u) z (u)] are clothoids. They use state space estimation techniques to recover

the horizontal and vertical curvatures and curvature derivatives of the spine curve. These
constraints on the shape of the spine curve make the spine shape estimation much more
robust i the presence of noise than the general zero-bank model.

The form of the spine can be restricted further by assuming that the road is confined to a f’at
ground plane (corresponding to spines of the form S(u) = [x(w) y () 0], ith the zero-bank

constraint («) = 0). Franke [18] describes such a model in which the spine is constrained to

be a clothoid in the ground plane. Earlier work on the VaMoRs project described by
Dickmanns and Graefe {12] also used a flat earth clothoid model of the road spine.

The shape of the spine curve can be restricted even further by assuming the spine to be a
circular arc (a clothoid with constant curvature) in addition to the flat earth restrictions. A
very early version of VaMoRs described by Mysliwetz and Dickmanns [37] used such a
model. Schaaser and Thomas describe the use of this type of model in a road following
system developed at the University of Bristol [44].

The most restricted form of generalized stripe used in previous road following systems
assumed the flat earth constraints and modeled the spine as linear or piecewise linear. Such
models were used in the SCARF system [10], the VITS system [54], the LANELOK system
[29], and road following work at FMC [31] and the University of Michigan [33] [39].

2.4 Generalized stripes in YARF

The current implementation of YARF restricts the spine curve to the flat earth, circular arc
case described above. The local road geometry is defined by three parameters. These are the
spine curvature, spine x intercept, and spine tangent at its x intercept, expressed in a vehicle-
centered coordinate system (see Figure 7).

Such a model of road geometry limits the ability of the system to navigate roads with
significant deviations from the flat earth assumption, but provides a model with a small
number of parameters capable of driving many city roads and highways. Limiting the form
of the spine curve to a parametric family of curves with a small number of parameters makes
the shape recovery less sensitive to noise in the feature positions extracted from the image
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Figure 7: Parameterization of the road spine arc in YARF

data. The impiementation of YARF was done with an object-oriented programming style.
Thus, replacing the current model with a more general model would involve limited changes
restricted to the routines which predict feature location and estimate the road shape
parameters.

Coordinate systems in the ground plane are defined with positive curvatures indicating
curves to the right and negative curvatures indicating curves to the left. Angles are measured
with respect to the y axis, with positive angles to the left of the y axis and negative angles to
the right of the y axis (see Figure 8).

y(8=0)

}

negative curvature positive curvature

positive 6

—» X
Figure 8: Conventions for ground plane coordinate systems

There are two basic predictive procedures associated with the class of generalized stripes
used in YARF. The first involves computing the parameters of an arc which is offset from
the spine by a given amount. The spine is defined by a point on the spine (x¢ vy). the

tangent direction 6, at that point, and the spine curvature . The feature has offset 4, from
the spine. The procedure returns a point (x y;) on the feature arc, the tangent 8, at that
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point, and the curvature & of the feature arc. Since curvature is 1 / radius, the feature arc
curvature is kp = 1/ (1/kg+dg) = 1/ ((1 +kedp) 7kg) = kg/ (1 +kedp) . (xpyp) will be chosen
so that it lies radially out from (xg, yg) . SO (xp, yg) = (xg+dpcosBg yg+dgsin®,) and 6, = 6
(see Figure 9).

spine

Figure 9: Locating a point on a feature arc given a point on the
spine, the spine tangent at that point, and the spine curvature

The other basic predictive function returns the x value (xf) and tangent direction (6 ;) of the

closest point on an arc (if any) with a specified y value. This procedure takes as inputs a
circular arc and a y value, y,. The arc is defined by a point on the arc (x,,y,), the tangent
direction at that point 8, and the arc curvature k,. In the case where the curvature is not
close to =zero, the procedure begins by computing the center of the arc,
(xcr¥e) = (x4 + (c088,) /ky,y,+ (sin@,) /k,) . The solutions for x; are then the solutions to
the quadratic equation (x,-x¢) 24+ Lyp=y0) 2- k;zl = 0. If the quadratic equation has no real

solutions, the routine returns an error value indicating that there is no point on the specified
arc at that y value. Otherwise, the value for x, which gives the smaller distance from the

point (x,,y,) is chosen. The tangent at ‘that point is computed by the formula
6,. = atan ( (xo=X) / (y,~¥o)) = (n/2). YARF uses a convention that the tangent points

forward along the arc. The angle computed by the formula is checked to see if it meets that
condition. If it does not, = is added to 8, so that it points in the correct direction (see Figure

10).
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(XA, ,VA)

Figure 10: Geometry of predicting the x value corresponding to a
given y value on an arc

In the case where the curvature is very close to zero, the arc is treated as a straight line. If
cos®, is very close to zero, the line is parallel to the x axis, and the routine returns an error

value indicating that there isn’t a solution (unless y, = ¥ in which case there are an infinite
number of solutions). Otherwise, 8, =90, and xp = x, = (Y= y,) tanb,.

2.5 Conclusion

The generalized stripe concept provides a general framework within which different
schemes for the representation of road geometry can be classified as special cases which
restrict the form of the spine curve and bank function. YARF chooses a form of generalized
stripe in which there is no bank to the road and the spine arc is a circular arc confined to a
horizontal ground plane. The model of road appearance and geometry is central to YARF,
serving a number of functions.

First, it constrains the location, orientation, and appearance of the road features which the
system is tracking in the image. Modeling the expected location and type of the road
features simplifies the segmentation part of the task in several ways. Knowledge of the
feature type being looked for permits the use of specialized segmentation techniques tuned
to detect a particular type of feature rapidly and reliably. Knowledge of the expected feature
location reduces the number of pixels which need to be examined in an image, and reduces
the likelihood of false feature detections by limiting the portion of the image examined.
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Second, it provides the constraints relating individual measurements of feature location to
the position of the vehicle on the road and the local road curvature. These constraints
generate the system of equations which are solved through least squares or least median
squares techniques to estimate the vehicle position and road curvature in each frame.

Third, it provides the context for analyzing situations in which expected features were not
detected in the image data. By combining map and image data in this way YAREF is able to
detect and navigate through expected changes in lane structure and intersections.

Each of these functions serves as the theme of one of the remaining technical chapters in the
thesis. The final technical chapter deals with the issue of autonomously extracting the
feature cross section of a generalized stripe from image data. This is done by using a weak
domain model to filter noisy edge data. Such an algorithm can serve several purposes in an
autonomous road following system. First, it can locate the road to initialize the system’s
estimate of the vehicle’s location. Second, it can serve as a recovery mechanism when the
road structure changes in a way not predicted by the system’s existing model of the road
network.
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3 Feature Detection

3.1 Introduction

The performance of high level vision systems is ultimately limited by the quality of the low
level segmentation algorithms used in the system. Binford [4] observed that this was the
case for existing object recognition systems and suggested increased emphasis on research
into low level image segmentation. While this is a worthy goal, it does not solve the problem
for researchers who wish to build high level vision applications now. Road following
systems have also fallen prey to limitations imposed by available low level segmentation
techniques. One early system developed at CMU looked for strong edges in the image
corresponding to the edges of the road. Unfortunately, the test road had a tree located next to
a sharp curve. The system would detect the clean, sharp edges of the tree in the image, and
observe that they were a better extension of the road edges in the lower part of the image
than the actual road edges as the road curved off. The result was a test run in which the
Terregator test vehicle attempted to climb the tree.

YAREF is able to use its explicit models of road geometry and appearance to overcome many
of the segmentation-related limitations of pervious road following systems. Knowledge of
the road geometry allows the system to focus algorithms and computational resources on
areas of the image which are likely to contain the features the system is looking for. This
reduces both the computational cost of verifying the location of the road and the possibility
of false feature detections due to imperfect heuristic segmentation algorithms. YARF
explicitly represents the different types of features which compose the road, such as painted
stripes of different colors and pavement/terrain boundaries. This allows the system to use
multiple segmentation techniques which are based on small models of the expected
appearance of particular types of features rather than trying to develop a sufficiently
competent general purpose segmentation technique to detect and classify all possible types
of road feature with equal reliability.

3.2 Previous approaches to road feature extraction

Other road following systems have relied on a single segmentation technique, and can be
split into three groups based on the type of information they use to detect road features: edge
based, pixel color based, and connectionist. Each of these approaches has limitations which
preciudes coping with the full range of variability to be encountered in the road following
domain.

Edge based systems can be split into those which use a traditional edge operator (typically
the Sobel) and those which use various kinds of oriented edge detectors. Systems which
locate boundaries of road features using the Sobel edge detector and Hough line extraction
include LANELOK [27], MARF [57], and work done at the University of Michigan [39].
Systems which use custom oriented edge detectors include the VaMoRs [12] and VITA [17]
systems. Edge detection as a strategy for road feature location suffers from problems caused
by extraneous edges due to shadows, puddles, cracks in the pavement, and other blemishes
on the road surface. Yellow lines typically have much lower contrast than white painted
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lines, making them hard to detect in an intensity image [27]. Edge operators which examine
a single band image cannot distinguish between markings of different colors, an ability
which is necessary given the semantic meaning of the marking colors.

Systems which use pixel color to detect road features can be divided into systems which use
thresholding of a single color feature, systems which classify pixels based on estimates of
probability of color class membership, and systems which use domain-specific heuristic
region extraction techniques. Systems which extract the road region by thresholding a
preselected color feature include the Sidewalk II system{19] and the VITS system[54]. The
Sidewalk II system created a histogram of the blue band of a color image. The “best” valley
in the histogram was selected as the threshold separating road pixels from nonroad pixels.
This simple technique worked adequately in the domain of the system, navigating around a
network of paved campus sidewalks bordered by grass. The VITS system used a (blu€ - red)
color feature for segmentation. Rather than have a single threshold separating road and
nonroad, the VITS system had an upper and lower bound for pixels which were sunlit road,
and an upper and lower bound for pixels which were shadowed road.

Systems which classify pixels based on an estimate of the probability of a given RGB value
being road or non-road include the FMC system [31] and the SCARF system [10]. In the
FMC system the RGB image values were projected through a linear transform onto a single
color feature. Normalized histograms of road and non-road regions in the image are used to
adaptively compute the likelihood ratio that a pixel with a given feature value is a road
pixel. The SCARF system used Bayesian classification assuming Gaussian color classes
whose means and covariances were adaptively determined.

These systems all limit themselves to distinguishing between the road surface and the
surrounding off-road terrain, ignoring any internal markings and structure possessed by the
road. Region segmentation and pixel classification techniques tend to oversegment or
undersegment (often in different parts of the same image), making the extraction of the road
region and associated markings difficult. Misclassified pixels result in a noisy segmentation,
requiring the use of a robust technique to extract road position and shape. The SCARF
system, for instance, assumes the road is locally close to straight and parameterizes each
possible road by the angle it makes with vertical in the image and the vanishing column of
the road on the horizon row of the image. The road position is determined by a voting
scheme in which each road pixel votes for every set of road parameters for which that pixel
would lie on the road and against every set of road parameters for which that pixel would lie
off the road. Similarly, non-road pixels vote against sets of road parameters which would
place them in the road, and for sets of road parameters which would place them off the road
surface.

Systems which use a domain specific heuristic technique to extract regions corresponding to
white road markings include the University of Bristol system [44] and the Fujitsu system
[38]. In the University of Bristol system a pixel is classified as stripe if it is brighter than a
threshold intensity level and between edges of opposite sign separated by the expected stripe
width. Connected components are extracted to locate possible stripe regions, and arcs are fit
to stripe regions to determine the road geometry. In the Fujitsu system, pixels above an
adaptively selected intensity threshold are classified as stripe, and a search is done for likely
road stripe regions. These systems also fail to distinguish between white and yellow painted
stripes, and face the problems caused by the difference in contrast between the two types of
painted line.
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The ALVINN system [40] explores a connectionist alternative to road detection. Rather than
attempt to formulate a segmentation technique to detect various types of road features, a
three layer backpropagation network is trained by watching a human drive along a stretch of
road for several minutes. The hidden units in the network develop feature detectors for that
particular road. The system has driven on roads which range from unpaved, poorly defined
dirt roads to well marked multilane highways. The advantage of this approach is that the
simple architecture used appears to be able to extract relevant features for a broad variety of
roads. The disadvantage is that the system has no model of the road structure, and as a result
changes in lane structure result in the network failing to give a reliable steering direction.
While such failures can be detected automatically and control returned to a human driver,
the only way to recover is to retrain the network.

All these approaches share certain common limitations. They fail to model the internal
structure of the road in full detail. .Driving requires knowing the color, continuity, and
relative location of the markings on the road. Autonomous road following systems,
therefore, need to have segmentation techniques which are capable of distinguishing
between different color markings and between continuous and broken markings.

One approach to overcoming these limitations would be to search for a “silver bullet”
segmentation technique. Such a segmentation technique would extract different road
features such as painted lines (white and yellow, single and double, continuous and broken)
and pavement/shoulder boundaries with equal reliability. It would also provide a sufficiently
rich representation of the segmented image to allow discrimination between these different
types of road feature. YARF rejects this approach. No single heuristic based approach to
segmentation appears to be robust enough to deal with the full range of variation
encountered, while techniques based in physical models of image formation are not mature
cnough to deal with the unconstrained lighting, weather effects, and mix of natural and
synthetic surfaces found in the outdoor environment.

Instead, YARF incorporates multiple simple segmentation techniques specialized to detect
different road features and capable of detecting when they have failed to see the expected
feature. Such an approach allows the system to discriminate between markings of different
colors, and to detect when the markings are broken rather than continuous based on periodic
absences of the feature.

The initial implementation of YARF used a variety of feature detection techniques which
had been developed in previous road following work[30]. As work progressed, part of the
research effort focused on developing robust feature detection algorithms (referred to as
feature trackers in the remainder of the thesis). This resulted in specialized techniques for
detecting yellow and white stripes [1] and pavement boundaries. The next section discusses
the feature trackers developed for the YARF system. This is followed by a description of the
instrumentation in YARF for evaluating the performance of the feature trackers.
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3.3 Feature trackers

3.3.1 Tracking yellow painted stripes

The ideal feature tracker would exploit a feature which is invariant under a broad variety of
environmental conditions. By switching from the RGB color space to the IHS (intensity,
hue, saturation) color space the perceived color of a pixel (the hue) can be separated out
from the relative brightness (intensity) and whiteness (saturation) of the pixel. Hue appears
to provide an invariant feature for detecting yellow painted stripes. Figure 11 illustrates this
invariance. The histograms show number of pixels versus hue angle for windows containing
a yellow stripe and surrounding pavement. Red is located at 0 degrees on the wheel, green at
120 degrees, and blue at 240 degrees. The top histogram is for an image taken in sunlight
with dry pavement. The middle histogram is for an image taken in dense mottled shadows.
The bottom histogram is for an image taken on an overcast day with wet pavement. The
peak on the left of each histogram consists of pixels from the yellow stripe, while the peak
on the right consists of pavement pixels. Note that while the exact location of the yellow
stripe peak shifts slightly, it stays firmly within the 40 to 90 degree range of the hue wheel.
While the hue of yellow painted stripes appears to be invariant over a broad range of
weather conditions, it needs to be noted that the location of the hue ranges for yellow stripe
and pavement pixels is dependent on hardware factors such as filters used and the color
balance of the individual camera. The library of functions providing the tracker support
includes routines to allow the user to examine hue and saturation profiles for windows
within an image to test different filter and color balance arrangements.

A feature tracker was developed to exploit this invariance. Pixels in the feature prediction
window are classified as yellow stripe or background based on hue and saturation (see
Figure 12). Next, a single pass of thinning is done to eliminate isolated yellow stripe pixels.
The predicted stripe width must exceed a specified threshold for this thinning to occur in
order to avoid thinning the stripe away in windows near the top of an image. The centroid of
the pixels classified as yellow stripe is returned as the feature location. If there were no
pixels classified as yellow stripe in the window, then the tracker returns an error code to
indicate that the feature was not found. The tracker also counts the number pixels in the
search window which are black (intensity < 2) or white (intensity > 253). If more than 90%
of the pixels in the window are black or white, the tracker returns an error value indicating
that the window was saturated due to dynamic range limitations of the camera.

The hue of a pixel is defined as hue = acos ( 2xR-B-G )

2xJ(R-G)*+ (R-B) x (G-B)

If B>G then hue = 2xm-hue[2]. Colors with a specified hue lie on a plane which
contains the intensity axis. This gives two points which lie in that plane, (0, 0, 0) and (255,
255, 255). For colors whose hue falls between red and green (0 and 120 degrees on the color
wheel), a third point in that plane can be found by fixing the blue and green components of a
pixel and solving the hue equation for the red value.
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Figure 11: Stability of yellow stripe hue under different conditions

Fixing B = 0 and G = 1, the R value corresponding to a given hue value ( 0< hue <120) is
Rhue = 0.5+0.5x /3 x (cos (hue)) / (sin (hue)). Given the point (Rhue’ {, 0) with hue
value hue, the normal to the plane containing color values which have that hue is
[Rhue 1 (ﬂx[, 1 1] = [l (-Rhue) (Rhue—l)]. The equation of the plane is therefore
R-RhuexG+ (Rhue— 1) x B = 0, which simplifies to (R-B) + (B-G) XRhue = 0.
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Figure 12: Classification of pixels as yellow stripe or
background based on hue and saturation

The planes in (R, G, B) space which correspond to the minimum and maximum hue values
for yellow stripe pixels are computed the first time the tracker is run. Pixel classification is
done by plugging the pixel (R, G, B) value into the two plane equations. If
((R-B) + (B-G) xR, ... ) <0 and ((R-B) + (B-G) XRmaxhue) >0 (the pixel falls

in the specified hue range) and 1- (3xmin(R, G, B)/ (R+G+B)) >minsat (the pixel’s
color is not too close to grey) then the pixel is classified as yellow stripe. Otherwise the pixel
is classified as background. Doing the classification this way rather than by explicitly
computing the hue of the pixel eliminates the need to call the arccos function for every
pixel, and results in rapid classification.

3.3.2 Tracking white painted stripes

While color provides a fairly strong invariant characteristic of painted yellow stripes, it
provides a very poor cue for distinguishing between grey pavement and a white stripe.
Intensity contrast is a much more reliable cue for detecting the location of white stripes.
Two trackers have been created and tested for the robust detection of white painted stripes.
Both average the image in the prediction window along the expected direction of the feature
in order to improve the clarity of the position of the stripe in the image signal. The first
convolves the blurred signal with a filter which looks for a bright bar of a specified width
(the oriented bar tracker). The second looks for step edges in the blurred signal which have
opposite sign, similar magnitude, and whose separation is within some tolerance of the
expected feature width (the matched edge tracker).
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3.3.2.1 The oriented bar tracker

The blue band of the image is averaged parallel to the expected orientation of the stripe in
order to reduce variation in the signal caused by shadows, stains, puddles, and other
extraneous distracting features. This averaging enhances the contrast of the stripe with the
background and reduces the 2-D search window to a 1-D signal. A parallelogram shaped
window is used rather than an oriented rectangular window in order to make the averaging
operation fast and avoid the need for precomputed masks. Rows are fetched offset by the
expected slope of the stripe for orientations within 45 degrees of vertical in the image.
Corresponding columns of the blue band are averaged to produce a one dimensional signal.
In the case of a predicted feature orientation greater than 45 degrees from vertical in the
image, columns are fetched and the corresponding rows averaged to produce the one
dimensional signal. The white stripe appears in this one dimensional signal as a plateau
bordered by sharp step edges.

The location of the plateau is detected by cross correlation with a center-surround filter. The
filter has a central region with weights of +1 bordered on either side by regions with weights
of -1. The width of the central (positive weight) region matches the expected width of the
stripe. The negative weight region on either side has half the width of the expected stripe.
Using weights of +1 and -1 allows the speeding up of the cross correlation through the use
of partial sums. Figure 13 graphically illustrates the change in the cross correlation sum
which occurs as the mask moves one pixel to the right. The leftmost pixel drops out of the
window, and is added back into the sum. The new rightmost pixel is subtracted from the
sum. The pixels which change sign as the borders between positive and negative weights
shift are added or subtracted from the sum appropriately. The cross correlation value is not
normalized.

N N R e e

R R A A T I e

New window

X X X X

Pixels whose contribution to the cross correlation sum changes

Figure 13: Using partial sums to speed up the cross correlation

The maximum and minimum values of the cross correlation are located. Two criteria must
be met for the maximum to be considered valid. The first is that the maximum must exceed
a specified threshold. The second is that the maximum must exceed the absolute value of the
minimum. If the maximum passes both of these tests, then the location of the maximum is
reported as the feature location. If either the absolute or relative value of the cross
correlation peak is too low, then the tracker returns an error value indicating that the stripe
was missing in the window. Figure 14 summarizes the processing steps in the oriented bar
tracker.
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Errors in the predicted stripe width and orientation affect the magnitude of the maximum
cross correlation value. Aubert [1] describes experiments comparing the peak cross
correlation values for operators of various widths at both the correct orientation and at an
orientation in error by 10 degrees. Such prediction errors can produce false negative
responses from the tracker by reducing the value of the cross correlation peak below the
tracker’s acceptance threshold. His conclusion was that the tracker could tolerate an error in
orientation estimate of approximately 10 degrees and that it is desirable to inflate the width
estimate slightly to reduce sensitivity to underestimating the stripe width.

False positives can occur if the window contains a step edge of the proper orientation. If the
stripe is actually present in the window and the distracting edge has sufficiently higher
contrast, then the wrong location will be reported for the feature. If the stripe is absent then
two problems occur. The first is the addition of a contaminant into the feature position data.
The second is the failure to recognize that the feature was absent at the predicted location.
The next tracker was created in order to avoid such false positives.

3.3.2.2 The matched edge tracker

The oriented bar tracker is unable to distinguish between peaks in the cross correlation
function which correspond to the target shape in the signal (a plateau of specified width
bounded by step edges) and other signal shapes which produce above threshold responses.
The matched edge tracker was created to eliminate such false positives. It looks for the
white stripe by running a simple one-dimensional edge detector over the averaged signal
and looking for a pair of edges with opposite contrast separated by the expected stripe
width.

The algorithm for the matched edge tracker is very similar to the algorithm for the oriented
bar tracker. The same staggered fetching and averaging is done to produce a one-
dimensional blue signal. Instead of the center-surround mask used in the oriented bar
tracker, a mask with a left negative half and right positive half is used. The width of the
mask is equal to the expected width of the stripe. The weights used are +1 and -1 as in the
oriented bar tracker to allow fast cross correlation. The cross correlation value is normalized
by dividing the raw value by half the width of the mask, producing a value which represents
the blue intensity change.

The algorithm then locates extrema in the output of the cross correlation with the edge
detector filter. This results in a list of candidate edges in the signal. This set of edges is
searched for a pair of edges which meets the following three criteria:

* the edges have opposite contrast, with the signal brighter between the two edges,

 the edges are separated by a distance within a specified percentage of the expected
feature width, and

* the absolute magnitudes of the two edges are similar (specifically, let M, be the
magnitude of the positive edge and let M, be the absolute value of the magnitude
of the negative edge -- the pair is accepted if M, - M| <ax (Mp+M,)).

The tracker indicates that the feature was absent if no pair of edges in the window meets
these criteria. Figure 15 shows the stages of processing in the algorithm for this tracker.
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The matched edge tracker shows a slightly higher rate of false negative responses than the
oriented bar tracker. This is due to the dependence on similar edge magnitudes as well as
expected width. If the pavement is brighter on one side of the stripe than the other the edges
may not have sufficiently similar magnitudes. The rate of false positive responses is much
smaller than that of the oriented bar tracker, however.

Figure 16 illustrates a situation in which the oriented bar tracker generates a false positive
response, while tne matched edge tracker correctly determines that the white stripe is absent.
The white stripe was obscured by snow in the specified search window, and was not visible.
The middle plot in Figure 16 shows the value of the cross correlation function for the
oriented bar tracker. This tracker responds strongly to the broad intensity peak between
columns O and 20, and less strongly to the feature between columns 40 and 55. The
maximum cross correlation value is well above tiireshold even though the intensity function
looks nothing like the sharp plateau the filter is intended to locate.

The matched edge filter is able to-detect the absence of the white stripe because it does not
find a matching pair of edges of similar contrast and opposite sign. The lower plot in Figure
16 shows the location and magnitude of the local maxima in the edge filter response in the
matched edge tracker. In this window there are no locations where the edge filter returned a
positive value, as the signal is monotonically decreasing at the scale at which it was
smoothed by the edge detector.

3.3.3 Tracking ragged road/shoulder boundaries

The edge between the pavement surface and the adjacent terrain is often ragged. In addition.
the off-road area is often highly textured (gravel or grass shoulders, for example). As a
result, edge detectors which look at a small window are inappropriate for detecting such
boundaries. Instead, the same simple oriented edge detector used in the matched edge
tracker is used to find such boundaries. The averaging parallel to the expected feature
orientation reduces the effects of texture and compensates for deviation of the boundary
from a straight edge.

The width of the edge mask is selected so that the smoothing of the filter is done at a
constant spatial frequency in the ground plane. This is done by dividing a fixed width by the
width of a pixel on the ground plane along the center row of the search window to get the
width of the mask in pixels for that window. The mask is cross correlated with the averaged
blue signal just as in the matched edge tracker. If the largest edge magnitude in the window
is above threshold, that position is returned as the feature location.

This is unquestionably the least reliable of the trackers described. Noise edges can have
higher contrast than the road boundary, making it impossible to select a threshold to avoid
false positives without generating false negatives. In general, tracking pavement/terrain
boundaries with local window operators appears to be very difficult. Only the VaMoRs
system claims to be able to robustly follow pavement edges using a local window operator.
It is difficult to assess to what extent their success is due to the tracker (a simple oriented
edge tracker) and to what extent it 1s due to the care they put into the formulation of their
data filterir. 1, which includes modeling the rate of change of the road curvature.
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Figure 16: Comparison of oriented bar and matched edges trackers on

window where the white stripe is not visible

3.4 Performance evaluation

Tracker performance has a number of dimensions. The most important, but most difficult to
evaluate, is the robustness of an operator under varying environmental conditions. Next is
the locational accuracy of an operator. Discrepancies between the system’s models of
various aspects of the world and the world itself, as well as errors due to the segmentation
techniques used, create errors in tue estimates of feature locations returned by the trackers.
The final dimension of performance considered here is tracker execution time. In the
presence of limited computational resources it may be necessary to weigh the utility of
examining a given area of the image against the cost in processing time, requiring the ability
to model the execution time of the various segmentation techniques used. YARF is
instrumented to aid in the evaluation of all three of these dimensions of performance.
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3.4.1 Estimation of environmental robustness of trackers

Heuristic segmentation techniques are not based on analytic theories of how scene and
illuminant properties interact with the sensor to produce the image, making it impossible to
specify the limits of their performance analytically. As a result, the only way to evalvate this
dimension of performance is by performing experimental runs under a variety of
environmental conditions and seeing how the trackers perform.

YARF provides routines which can be invoked off-line to examine tracker performance on
test images. As an example, histograms of hue and saturation in an image window can be
produced to examine cases where the usual thresholds appear to be incorrect. Profiles of the
averaged blue signal in an oriented window and cross correlation values with the operator
mask can be produced for the oriented bar, matched edge, and oriented step edge trackers
(this is the source of the profiles in Figure 14 and Figure 15) in order to analyze cases where
they give incorrect results.

Future work in this area would involve a systematic testing of the trackers. Data would be
gathered at a set time daily over a period of a year or so in an effort to see as broad a range
of weather situations as possible. One possible barrier to such a plan would be the
commitment of researcher and vehicle time involved in such experimentation. Opportunistic
experimentation taking advantage of bad weather is only a partial answer, as vehicles are
shared resources whose time needs to be scheduled in advance for use by other
experimenters or for maintenance. High quality recorded video data may be able to solve
this problem, as the goal here is purely to test the trackers, and not other aspects of the
system such as the model fitting or path tracking.

3.4.2 Estimation of tracker feature localization error

Estimation of the variance of the errors in feature position estimation for the different
tracker types is more difficult. Ground truth is not known. The system processes a large
number of images (on the order of 500 for every kilometer travelled), making comparison
with ground truth difficult even if ground truth were known. Examination of data from
Navlab runs showing the backprojection onto the assumed ground plane of tracker data from
multiple frames indicates that errors in calibration, feature position localization, and
estimation of vehicle motion between frames do not appear to be significant. An example is
shown in Figure 17. Data from eight images have been backprojected onto the ground plane
assumed by the calibration and placed into a common coordinate system using the estimate
of vehicle motion between frames supplied by the Naviab controller. The squares in the
figure are individual feature positions returned by the trackers. Note how well they line up
as the vehicle traverses the gentle curve in the road.

While experiments have not been done to measure the error in feature localization relative to
ground truth in test images, a statistical measure of the coherence of the data as illustrated in
Figure 17 has been implemented. The system computes and periodically prints the variance
of the distance between the individual tracker data points projected onto the ground plane
and the estimated location of the corresponding road features. This provides a measure of
how much of the individual feature point locations are accounted for by the stripe model. In
a typical run with the Navlab II, this produced a standard deviation of 4.37 inches for points
from the yellow hue tracker and a standard deviation of 3.93 inches for points from the
oriented bar tracker. In general, the standard deviation is usually under 6 inches, consistent
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Figure 17: Tracker results integrated over multiple frames as the vehicle moves

with the coherence illustrated visually in Figure 17. These standard deviations reflect all of
the sources of error in the system, including errors in feature localization in the image plane,
errors int-oduced by the flat ground plane model, errors in map updating due to noise in the
controlle.’s estimate of vehicle motion, and errors due to small changes in lane width. For
comparison, the errors in human drivers’ estimates of their lateral offset from the lane center
typically have standard deviations of 6.54 to 14.3 inches [5].

3.4.3 Estimation of tracker execution time

Timing routines are provided to fit a simple model of tracker execution time to timing data
computed for each window processed by a tracker. The model of window execution ti.ne is

T, .
time = pixel_cost X area + overhead, Or time = [area 1:] X [p,;xel_mﬂ overhead:] in matrix form.

Each tracker filters (execution time in seconds, window area in pixels) pairs to update the
estimate of per-pixel cost and per-window overhead for that tracker. Each tracker also
records the number of pixels examined with that tracker in each frame.

The timing estimation filter periodically prints the current estimates of model parameters for
each tracker being used in a run. The following example of the output was taken from a
YARF run on the Navlab II vehicle. YARF was running on a Sparc 2 with 32 megabytes of
memory, using the yellow hue and oriented bar operators. After 205 frames the parameter
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. T ro.
estimate. for the yellow hue operator was [pixel_cost ove,head] = [2.59)“0-5 8.42x1074| » With
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While YARF does not currently use this information, it is available for later use in
extensions of this research. YARF does not take processor speed into account and drives at a
constant speed set by the user at the beginning of the run. Such models of tracker execution
time could be used in conjunction with an estimate of the utility of checking a particular
image window to select which windows to examine given limited processing time, and to
slow the vehicle if the time needed to verify essential features exceeds the current image
cycle time.

3.5 The advantage of using multiple trackers

One of the major claims of this thesis is that performance can be improved by using model
information about feature type and appearance to guide the application of specialized
feature trackers. The following experiment was performed in order to demonstrate the added
effectiveness of using multiple specialized feature trackers.

Sixteen images were examined from a sequence taken on a divided road. The double yellow
line in the center and the white stripe on the right side of the lane were used as test features.
The position of each feature was picked out by hand using a cursor, and trackers placed at
preselected rows along the feature. The rate of positive responses for each tracker was
computed from the data. The results are summarized in the table shown in Figure 18.

% positive response % positive response
Tracker type to double yellow stripe to white stripe
yellow hue tracker 94 *x
oriented bar tracker 28 91
matched edge tracker 37 84
oriented bar, 43% usual thresh. 72 **
matched bar, 50% usual thresh. 62 **

Figure 18: Relative tracker reliability

The trackers compared for the double yellow stripe were the yellow hue operator: the
oriented bar and matched edge operators with the thresholds normally used for white stripes:
and the oriented bar and matched edge operators with reduced thresholds to compensate for
the lower contrast of yellow stripes. The yellow hue operator detected the double yellow
line in 94% of the search windows. The contrast based operators performed much worse.
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With the peak magnitude threshold used to track white stripes, the oriented bar operator
detected the double yellow line in 28% of the search windows. Reducing the threshold to
43% of the usual value increased the detection rate to 72%. With the edge magnitude
threshold used to track white stripes, the matched edge operator detected the double yellow
line in 37% of the search windows. Reducing the threshold to 50% of the usual value
increased the detection rate to 62%. Thus, by having a specialized feature tracker to detect
yellow stripes, YARF is able to more reliably detect this type of feature than if it had only
one or both of the contrast based operators.

The trackers compared for the white stripe were the oriented bar and matched edge
operators. Both perform well in detecting the white stripe. The oriented bar operator
detected it in 91% of the search windows, while the matched edge operator detected it in
84% of the search windows. As was mentioned above, this slightly lower success rate for
the matched edge tracker is due largely to the contrast match constraint.

3.6 Conclusion

The YARF approach to detecting road features in images takes advantage of constraints
provided by the system’s models of road geometry and appearance to simplify the
segmentation problem. Expected feature locations and orientations provided by the model
allow more reliable detection of white painted stripes and pavement boundaries by
restricting consideration to edges with the proper orientation near the expected location.
Model knowledge of feature types permits the use of simple, specialized segmentation
techniques exploiting simple models of the appearance different feature types. Yellow stripe
detection uses hue invariance as a cue, while white stripe detection uses expected width and
orientation in conjunction with image contrast.

The specialization of trackers to detect particular feature types, and the ability of the
trackers to indicate that the feature appeared to be absent in the given search window
combine with model information about feature types to provide a basis for discriminating
between features in the way needed to support the semantics of the road following task. The
ability to detect the absence of particular types of features also provides support for the
capability to detect changes in lane structure and the approach of intersections, as will be
described in a later chapter.
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4 Road model parameter estimation

The trackers described in the previous chapter return image coordinates which correspond to
locations on the features defining the road. Those individual measurements must then be
combined into a unified estimate of the location of the vehicle on the road and the local road
geometry parameters (in this case, the spine curvature). The constraints provided by the
generalized stripe model of the road geometry generate the system of equations relating
individual feature point measurements to the vehicle position and road curvature.

The first section of this chapter presents a review of the different techniques other vision-
based autonomous road following systems use to extract the scene geometry from image
segmentation data. These fall broadly into four categories: backprojection, differential,
Hough, and statistical methods. Backprojection and differential methods tend to be sensitive
to noise in the segmentation results. Hough techniques are difficult to apply to models with
more than two parameters, and peak detection is sometimes difficult. Statistical methods
appear to be superior. They provide a well defined criterion for selecting model parameters
given noisy data, and have well understood properties.

The second section describes the integration of feature location data from multiple image
frames into a local map. This local map serves several roles in YARF. It is used to combine
data from muitiple images for road model parameter estimation. It is also used to record
information about locations where expected features were not detected for analysis by the
map navigation module of the system to detect changes in lane structure and intersections.

The third section analyzes the errors introduced by approximations to the model for
parameter estimation. While the nonlinear equations defining circular arcs are used to
predict feature locations for the trackers, for estimation purposes approximations are made
to the equations in order to have a system which is linear in its parameters. Several other
road following systems use similar linearized models. This introduces errors which affect
the accuracy of the recovered road location and shape. Experiments demonstrate that the
resulting errors can be significantly reduced by performing the estimation in a data-
dependent coordinate system. This process, which rotates the data into a coordinate system
chosen to minimize the error, is referred to as virtual panning.

The final section describes the use of robust estimation to handle situations where
contaminants occur in the data which would otherwise cause the system to lose tracking of
the road. The data provided by the feature trackers is not perfect. In order to extend the
reliability of road tracking it is necessary to use an estimation technique which is more
robust than standard least squares techniques in situations where there are contaminating
false data observations. YARF demonstrates the use of Least Median of Squares estimation
for road following, and the ability of LMS estimation to avoid errors which would cause a
system using standard least squares estimation to fail.

4.1 Methods for recovering model parameters

Four main types of methods have been used to recover road model parameters from image
segmentation data: boundary backprojection, differential reconstruction, voting in the model
parameter space, and statistical fitting techniques.

-
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In boundary backprojection methods, image features detected by the segmentation are
backprojected onto the (assumed) ground plane, and consistency constraints are applied to
determine which features are part of the road. This is the method used in the VITS (54],
FMC [31], and U. Bristol [44] systems. These techniques are intrinsically limited by the flat
earth assumption, which restricts their ability to successfully extract the road in scenes with
significant changes in road elevation.

Differential reconstruction algorithms recover three dimensional road structure using
assumptions of constant road width and zero road bank {1i]{25]. These algorithms do not
enforce higher level constraints on relative feature location. As a result, errors in the image
segmentation are interpreted as changes in road slope due to the constant width assumption.
This can produce large errors in the recovered road shape. Algorithms which sample the
road edges create a tiling problem, in which poorly chosen samples result in a road
reconstruction which smooths over terrain features. The results of a comparison of flat-earth.
reconstruction with two differential methods are presented in [36].

In parameter space voting techniques, detected feature locations vote for all possible roads
they are consistent with. This method is used in SCARF [10], in algorithms developed at the
University of Michigan {33]{39], and in some of the LANELOK [27][28] algorithms. The
main advantage of these techniques is their robustness in the face of large amounts of noise
in the segmentation results. The main disadvantage is the difficulty of using voting for
models which have more than two or three parameters, resulting in large multidimensional
Hough spaces. Also, peak detection in the accumulator space can be difficult. Noise in the
data can produce structure in the accumulator array which prevents the use of simple
blurring to enhance the peak.

Neural network techniques can be though of as a form of parameter space voting technique.
The ALVINN system {40] is a neural net architecture for road following which learns to
drive on different types of roads by providing a reduced resolution image as input to the net
and training the system to emulate the steering behavior of a human driver. The output of the
network represents the steering direction which the vehicle should use for the camera input
shown. Thus, the network is parameterizing road scenes by the steering direction which
causes the vehicle to track the road. The system appears capable of extracting appropriate
features on a broad variety of road types, and has successfully driven the Navlab II vehicle
for a distance of 21.2 miles on an unmodified public highway near Pittsburgh. ALVINN has-
no model of road shape or the location of the vehicle on the road. As a result, heuristics have
to be used to integrate ALVINN into symbolic systems which require such information.
Also, it is an open question whether there is a reasonably small closed set of networks which
can handle general road navigation on a large set of different roads.

In statistical fitting procedures, road model parameters are fit using the observed data points
and the equations of the road model. While some systems which use statistical fitting
techniques backproject the feature data onto a flat ground plane, they differ from systems
which use boundary backprojection by imposing the stronger requirement that the road
spine belongs to a specified family of parametric curves. Standard techniques such as least
squares or robust techniques which are less sensitive to outlying data observations can be
used. VaMoRs [13], YARF, and other of the LANELOK algorithms use this type of
technique. Statistical fitting techniques have a number of advantages over the other
available techniques for model parameter recovery. They enforce smoothness in the
presence of noise in the data. They are computationally efficient and they have a vast
literature of theory, techniques, and tools associated with them.
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4.2 Constructing the local map

YAREF integrates feature data from multiple frames by construciing a map of the local
environment. This map is used rather than a filter based approach for two reasons. First,
existing robust estimation techniques are batch methods. Second, the map is needed by cther
modules in YARF for other purposes.

This map represents the feature points in a vehicle-centered coordinate system. As data
points are detected in new images they are entered into the map, and as data points from oid
images move outside the boundary of the map they are deleted. There are two steps involved
in maintaining the local map of feature data. The first is the transformation of the data from
previous images in the vehicle-based coordinate system using the estimate of vehicle motion
provided by the controller. The second is the projection of the image coordinates of feature
points in the current image onto the local ground plane in order to add them into the map.

The vehicle controllers on the Naviab I and Navlab II vehicles maintain an estimate of
vehicle position and orientat