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Abstract

This work presents a new obstacle detection algorithm that uses Gabor filters. The task
performed by this algorithm is the detection of moving and stationary obstacles from an
autonomous vehicle undergoing predominantly rectilinear motion. Image measurements
from stereo cameras are used to extract three-dimensional properties of viewed objects
and of the vehicle. Properties such as depth and motion are used to predict if (and when)
the object will collide with the vehicle.

Three inherently difficult problems associated with the estimation of depth and mo-
tion from stereo images are solved. (1) Stereo and temporal correspondence problems are
solved using predictive matching criteria. (2) Segmentation of the image measurements
into groups belonging to stationary and moving objects is achieved using error estima-
tion and the “Mahalanobis distance.” (3) Compensation for transient rotations produced
by a shaking camera is achieved by internally representing the inter-frame (short-term)
camera rotations in a rigid-body dynamical model. These three solutions possess a cir-
cular dependency, forming a “cycle of perception.” A “seeding” process is developed to
correctly initialize the cycle. |

An additional complication is the translation-rotation ambiguity that sometimes ex-
ists when sensor motion is estimated from an image velocity field. Eigenvalue decompo-
sition is used to detect such ambiguity. Temporal averaging using Kalman filters reduces
the effect of motion ambiguities.

The obstacle detection algorithm operates correctly in a variety of difficult condi-
tions such as: stereo images with different brightness; image sequences with large image

velocities; transient sensor rotations; and concurrent object and sensor motion. Under

il



these difficult conditions, the obstacle detection algorithm presented in this thesis is able
to identify moving objects, and distinguish between obstacles that will collide with the

- vehicle and objects that will pass safely by the vehicle.
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Chapter 1

Introduction

Autonomous vehicles are designed to operate without human intervention. They can
operate in hostile environments making them ideal for tasks like space and undersea ex-
ploration, as well as inspection of contaminated areas. A common task for an autonomous
vehicle is to move safely from its current location to another. An important requirement
for safe motion is the reliable detection of unexpected obstacles. This thesis introduces a
new obstacle detection algorithm that can be used in the navigational control system of
an autonomous vehicle. The use of collision parameters—the point-of-collision and the
time-to-collision—is a departure from standard methods.

Section 1.1 describes the utility of obstacle detection and differentiates the detection
of obstacles, which impede the vehicle motion, from the detection of objects, which can
be used as landmaurksvfor passive navigation. Section 1.2 describes the modules within a
navigational control system and how they interact. Section 1.3 introduces the point-of-
collision and the time-to-collision as important concepts of obstacle detection.

Section 1.4 defines the scope of the work and parameters used in the thesis. The
section discusses the choice of sensors, the choice of prediction models, and the choice of
error models. Section 1.5 describes existing camera-based implementations that relate
to autonomous navigation. It also introduces a new obstacle detection algorithm that
uses Gabor filters and discusses its contribution to the field. Section 1.6 concludes the

introduction with an outline of the thesis.
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1.1 Obstacle Detection

Obstacle detection can be useful in three different contexts. It can be used to assist a
human operator, it can be used to increase the autonomy of a vehicle, or it can be used
as part of the navigational control system of an autonomous vehicle. As an assistant to
a human operator, the obstacle detection module acts as an alarm, alerting the operator
if an object impedes the planned path. This is useful if the operator has more than one
task to perform or if the operator is fatigued. Increased autonomy is useful for remote
operations. Remotely operated vehicles, such as Martian land rovers, experience large
transmission delays between commaﬁds. Dire;:t control of the vehicle is not possible.
Obstacle detection, combined with a simple obstacle avoidance scheme, can protect the
remote controlled vehicle from unanticipated hazards. As part of the navigation con-
trol system of an autonomous vehicle, the obstacle detection module must provide the
computer pilot with sufficient information to avoid obstacles. The information includes
the “point-of-collision” and the “time-to-collision” for each viewed object. The point-
of-collision specifies either the location (on the vehicle) at which the object will collide
with the vehicle or how close the object will be as it passes by the vehicle. The time-
to-collision specifies how much time will elapse before the object collides with (or passes
by) the vehicle.

Obstacle detection is often grouped, and sometimes confused with, two related tasks:
object detection, and obstacle avoidance. To avoid confusion, it is important to dis-
tinguish between objects and obstacles. An “object” is any physical feature within the
sensor’s field of view. An “obstacle” is an object that obstructs the vehicle’s desired

motion trajectory 1. From these definitions it is apparent that object detection is based

'In a practical implementation, the definition of an obstacle is expanded to include objects that
obstruct small deviations from the desired trajectory. The expanded definition allows the determination
of feasible escape routes when the desired trajectory is obstructed.
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on measurement: sensor information is used to localize the object’s three-dimensional
position and velocity. Obstacle detection is based on prediction. Using the position
and velocity of the object relative to the sensor, the obstacle detection module predicts
the point-of-collision and the time-to-collision 2. Obstacle avoidance is a control prob-
lem. The obstacle avoidance module generates control signals to maneuver around any

detected obstacles.

1.2 Navigation Control for an Autonomous Vehicle

This section describes the modules within a navigation control system, displayed in figure
1.1. The goal is assigned by the human task master. The goal is usually time-invariant;
it only changes when the task is completed or aborted. A typical goal would be to move
safely to a new location. The next levels contain a hierarchy of maps and path planners.
The maps model the position of known objects in the ego-vehicle’s environment. The
path planners navigate around them.

There is always a degree of uncertainty in the absolute position of the ego-vehicle.
Any uncertainty in the vehicle’s position will affect the accuracy of the relative position
of known obstacles. In addition, the position of moving obstacles is continually changing.
Both the obstacle detection and obstacle avoidance modules, whose basis is sensor data,
are required to safely navigate around these unexpected obstacles.

The purpose of the obstacle detection module is to predict imminent collisions of the
ego-vehicle with an obstacle. A detailed description of the obstacle detection module
appears in chapter 4. The obstacle avoidance module selects evasive maneuvers when a
collision is imminent. It is an emergency module that is used when there is insufficient

time to update the local map and plan a new path. In such cases the control signals from

2The object is an obstacle if the point-of-collision is on the ego-vehicle.
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the obstacle avoidance module override the speed and direction signals from the local
path planner.

The modules in figure 1.1 interact with each other. Higher order objectives are fil-
tered down through the path planners to the actuator (steering, braking) level. Sensor
information rises to higher levels as obstacles are detected and maps are updated. The
frequency of these interactions is related to the module’s position in the control hier-
archy. The sensor information and the actuator control signals, at the bottom of the
control hierarchy, are updated frequently; the goal, at the top of the hierarchy, might be
time-invariant.

Complete vehicle autonomy is not always practical. In many cases a human operator
is still required. As the degree of autonomy is increased, less operator supervision is
required; the frequency of interaction between man and machine is reduced. To increase
the degree of autonomy of a vehicle, the design of higher level modules must be preceded

by the proper selection of sensors and the robust design of the obstacle detection module.

1.3 Collision Parameters

In this section, important obstacle detection parameters—the time-to-collision and the
point-of-collision—are discussed. Models of the sensor and object motion are required to
predict these collision parameters. Threé possible kinetic models are proposed.

The path travelled by an object relative to the sensor group is referred to as the

“observer frame trajectory” of the object. This trajectory is given by
z(t) =z0+ | (1) dt, (1.1)

y(t) =yo+ [ ¥(t) dt, (1.2)

z2(t) =20+ [ 2(t) dt, (1.3)
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where 1, is the current time, (xg, Yo, 2o) is the current position of an object, and (&, ¥, 2)
is the object velocity relative to the observer coordinate frame. The point-of-collision is

the intersection of the object’s trajectory and the plane defined by z(t) = 0; that is

to+tcol
Tool = Lo + z(t) dt, (1.4)
to
t0+tcol .
Yeol = Yo +l y(t) dt) (15)
V toticor
D = 20 + Z(t) dt, (16)

to
where (Zco1, Yeot) is the point-of-collision, and t., is the time-to-collision. If the point-of-
collision is less than the extent (height, width) of the ego-vehicle, a collision will occur.
An obstacle detection algorithm that uses the point-of-collision and time-to-collision can
be considered a very intelligent (predictive) proximity sensor.

The use of the point-of-collision and the time-to-collision in obstacle detection rep-
resents a departure ® from traditional methods. Most implementations are designed for
operation in a stationary environment [6] [12] [40] [41] [42] {43] [48] [49]. In such cases,
the observer frame trajectory is simply defined by the position of the object relative
to the ego-vehicle, and the velocity of the ego-vehicle. As a result, most research has
been concentrated on localizing the three-dimensional position of objects (particularly
the depth), and maintaining the positional representation as the ego-vehicle moves [6].

The time-to-collision is a measure of the urgency associated with a colliding obstacle.
In a stationary environment, either depth (2) or time-to-collision can be used to measure
urgency. Close obstacles present a more immediate danger than distant obstacles. Distant

obstacles can be temporally ignored while the obstacle avoidance module maneuvers the

3The use of point-of-collision and time-to-collision is a departure from traditional computational
vision approaches. The terms have been used in psychology for quite some time. Gibson [25], in a
1938 paper, described an automobile driver’s perception of obstacles in terms of clearance lines and
point-of-potential-collision, which are similar to the poini-of-collision. Lee [37] described the (perceived)
proximity of an obstacle using time-to-collision.
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vehicle around close obstacles. In a stationary environment, the time-to-collision increases
if the ego-vehicle slows down; a halted vehicle has no chance of collision. In a dynamic
environment, however, stopping does not ensure safety. A moving obstacle can collide
with a halted vehicle. In such an environment, depth is no longer the best measure of
urgency; time-to-collision becomes more important.

The point-of-collision and the fime-to—collision are predicted from the past sensor
and object motions. Prediction requires models of the sensor and object motion. Three
possible motion models include pure translation, predominantly rectilinear, and general
translation and rotation. Pure translation is the simplest model. It assumes there is
no sensor rotation. The advantage of this model is that the collision parameters can
be estimated from the current position and velocity of the object relative to the ego-
vehicle. The predominantly rectilinear model assumes that the sensor is undergoing
both tranélation and small rotation. The advantage of this model is that the solution
can be obtained using a simple least squares appréach if the scene structure, that is
the depth, is known. In the general motion case, the sensor rotation is unconstrained.
The solution to this nonlinear problem is obtained using iterative schemes that require
good initial guesses. The choice of models may be limited by the physical properties of
the sensor motion and the environment in which the ego-vehicle operates. If a choice 1s
available, it is a good idea to choose the simplest model that adequately represents the
motion.

In this work, the predominantly rectilinear model is used for the inter-frame (short-
term) sensor motion. The extended (long-term) sensor motion and the object motion
are modelled as pure translation. The implementation of these models can be found in

chapter 4.
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1.4 Task and Scope

This section defines the task to be completed and the scope of the thesis. The operating
environment of the ego-vehicle is defined, the sensors are selected, and the models of
sensor and object motion are chosen. Sources of additional knowledge that can improve
performance are identified. |

The task in this work is to develop an obstacle detection algorithm for an autonomous
vehicle undergoing rectilinear motion in‘a dynamic environment. By dynamic environ-
ment, it is assumed that in addition to a moving ego-vehicle, there are also moving
objects. Both the ego-vehicle and objects are undergoing translational motion, but ex-
perience disturbances that cause small transient rotations. It is also assumed that the
ground surface is stationary and rigid, and that the moving objects are rigid.

The work presented in this thesis concentrates on object detection and obstacle detec-
tion. Object detection requires a high resolution imaging sensor to localize 3D position.
In this work, a stereo pair of CCD cameras are used. A stereo camera system is selected
for the following reasons: it is passive, it has low power consumption, and it is available.
Passive sensors are very important in military applications. Active sensors tend to reveal
the presence of the ego-vehicle. A vehicle equipped with passive sensors has a greater
probability of surviving in a battle zone.. Power consumption is an important constraint
for space vehicles. Active sensors, such as laser range finders, consume too much power to
be useful on a Martian rover [41]. Finally, the CCD cameras are commercially available.

Obstacle detection requires models of sensor and object motion to predict the collision
parameters. Since the cameras used in this work have a narrow ﬁeld of view 4, the inter-
frame image measurements are very sensitive to sensor rotation. The predominantly

rectilinear model is appropriate for the inter-frame sensor motion because it internally

4Most of the image sequences in chapter 5 are obtained using cameras with a field of view spanning
30 degrees.
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represents the transient sensor rotations. In contrast, small transient rotations of a
viewed object have little effect on the inter-frame image measurements. As a result, the
inter-frame object motion is modelled as pure translation.

The extended sensor and object motions are modelled as pure translation. The ex-
tended motion is an estimate of the sensor/object translation integrated over the image
sequence. The extended sensor and object motions are combined to obtain the relative
translation of each object to the sensor. The relative translation, (&, 7, £), is used in the

following equations to estimate the collision parameters:

Teol = To + z tcol') (17)

Yeol = Yo + y tcol, (18)
<0

teol = ——. 1.9

=3 (1.9)

The use of stereo cameras as the sensor creates problems that must be addressed. Im-
age measurements are very sensitive to camera rotations. As previously mentioned, the
solution is to use an inter-frame sensor motion model that internally represents the tran-
sient rotations. Another problem, which is related to the co-existence of stationary and
moving objects in the scene, is the segmentation of the image measurements into groups
belonging to stationary objects and moving objects. The solution to the segmentation
problem is discussed in section 4.3. Solutions to the stereo and temporal correspondence
problems are discussed in chapter 3 and section 4.6.1.

The final significant problem is the inherent translation-rotation ambiguity that some-
times exists when sensor motion is estimated using image measurements [3]. This ambi-
guity can be resolved using additional knowledge sources, such as motion constraints or
auxiliary sensors. The (camera) sensor and object motion models can incorporate con-

straints such as planar motion. The planar constraint has two forms: a planar surface
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with a known surface normal, and a planar surface with an unknown surface normal. In
this work, such constraints are incorporated using penalty terms (see chapter 4). The
ego-vehicle can also be equipped with auxiliary sensors that measure inter-frame motion
parameters directly: such as a speedometer, or (changes in) compass heading. In general,
motion constraints and auxiliary sensors are not necessary, but the information can im-
prove the inter-frame (camera) sensor motion estimate for certain scene structures (such
as a frontal plane, see chapter 5, experiment 1). The effect of the translation-rotation

ambiguity on the extended sensor motion is reduced by temporal integration.

1.5 Previous Works and Author’s Contributions

There are numerous camera-based implementations relating to navigatién of an au-
tonomous vehicle. They typically belong to one of three classes: restrictive environment;
~ three-dimensional positional integration; and image displacement methods. This section
discusses the strengths and Weaknesses of the “better” implementations from each class.
This section also introduces the new Gabor filter-based obstacle detection algorithm and
discusses its principal contributions.

The restrictive environment implementation uses knowledge of its operating environ-
ment to navigate safely. The restrictive environment has a simple structure that can be
modelled using a small number of scene parameters. Road-following autonomous vehicles,
such as [48] [49], are examples. German researchers, Dickmanns et al [16] [17] [18] [19]
[36] [44] [53], have produced the most impressive ® of the road-following implementations.

The strength of Dickmanns’ design stems from the use of the Kalman filter, which
consists of the following: state variables that comprise scene and motion parameters;

dynamical (process) models that enforces world knowledge about the physical laws of

5Tt has been tested at speeds upto 100 km/hr.
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motion and the conventions used in road'design; and a measurement model that enforces
knowledge of the perspective transformation of state variables into image features (road
edges). Dickmanns’ implementation of the Kalman filter forms a “cycle of perception:”
the dynamical models predict future state variables from the current state and future
control inputs; the measurement model and state variables are used to predict the position
of road edge in the camera image; and the detected road edges are used to update the
state variables. The prediction of the position of the road edge in the image defines the
“context of perception [4],” reducing the search space for a road edge and improving the
robustness road detection.

The weaknesses in the Kalman filter approach are related to the accuracy with which
the state variables represent the actual process, and the initialization of the cycle of per-
ception. Dickmanns’ state variables and dynamical models do not account for transient
rotations. It is noted in [18] that the qﬁality of the state estimation is affected by the
pitching motion of the vehicle (one component of transient rotation). The initialization
of the cycle of perception is very important. If the initial search for the road edge pro-
duces incorrect estimates of the state variables, then the cycle of perception will search
the wrong regions of future images for new road edges. Groupings of image features and
knowledge about road structure are used by Dickmanns to ensure a correct start-up state
[18].

Dickmanns et al [19] have developed an obstacle detection algorithm for their road-
following vehicle. The image projection of the road lane is searched for edges belonging
to other vehicles. Detected edges are used in a Kalman filter to estimate the range
(depth, z) and the range rate (2) of the ego-vehicle relative to the other vehicle. The use
of range and range rate together provides the same information as the time-to-collision.
Knowledge of road convention (in this case, lane markings) eliminates the need for an

equivalent to the point-of-collision; it is only necessary to determine if the lane is blocked.
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The drawback of this approach is that Dickmanns’ obstacle detection algorithm can not
anticipate collisions when the obstacle is moving across the road (as often occurs at
intersections).

There are a number of implementations that use three-dimensional position informa-
tion to form local maps (in place of parameterized scene models) and to determine the
sensor motion [6] [40] [43]. The position measurements of distinctive physical features
are integrated over time. For optimal integration, a positional error estimate, in the form
of a 3 by 3 error covariance matrix, must be maintained for each physical feature. These
physical features are used as landmarks for estimating sensor motion. The sensor motion
model enforces the following constraints: the environment is rigid and stationary.

The main weakness of [6] and [40] is that they are not designed for scenes with
moving objects. Another weakness, with respect to obstacle detection, is the over-head
associated with modelling positional uncertainty. For the case of obstacle detection,
motion information is more important than positional information €. In [40], the inter-
frame sensor motion is estimated in two stages: image measurements are transformed
into three-dimensional position estimates for a set of features; then, the sensor motion
is estimated from the differences in three-dimensional position of features in successive
images. The positional error covariance matrices ensures that no information is lost in this
intermediate step. It is possible to by-pass the intermediate positional representation by
measuring positional changes directly from the image. In such an approach, the positional
error covariance matrices are not necessary for the estimation of sensor motion.

Image displacement methods measure the positional change of brightness pattern in
the image over time [5] [27]. A map of the local two-dimensional image displacements

is referred to as an “optical flow field.” Adiv [2] uses the optical flow field to segment

61t can be seen from (1.7) and (1.8) that an error in the in-plane velocities, & and §, will alter the
point-of-collision more than positional errors in zg and yo, when the time-to-collision is large.
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an image sequence and to estimate motion. The strength of Adiv’s method is that it
internally represents sensor rotation.

The weakness of Adiv’s method is the (improper) use of world knowledge and his
choice of inputs. Adiv segments the image sequence by grouping image measurements
that are consistent with rigid-body motion of a planar surface patch. As a result, the
segmentation is based on structure, as well as motion. An extra knowledge source is
needed to identify which groupings belong to stationary objects. Another drawback of
this method is that it relies on the optical flow field, which is difficult and computationally
expensive to calculate [2] [3] [31].

The calculations associated with the optical flow field can be avoided by using the
component of image velocity that can be directly (and locally) measured: that is, the
“normal image velocity.” Nelson and Aloimonos [46] use flow-field divergence in the com-
ponent (normal) direction to avoid obstacles. Collisions are avoided by steering away
from image regions with large flow-field divergence. The strength of this method is that
it does not require an optical flow field, and it is not affected by the translation-rotation
ambiguity. The weakness of the flow-field divergence method is that it is a primitive
form of obstacle detection: there is no prediction of the time-to-collision or the point-
of-collision. A second weakness is that the large divergence criterion can produce false
positive responses; in addition to a close object that is approaching the sensor, a large
divergence can be caused by a depth gradient or a motion boundary.

Jenkin and Jepson [34] use stereo camera-based trajectory detectors to identify ob-
stacles. Stereo Gabor filters, tuned to a particular disparity and pair of normal image

7

velocities ‘, are used to estimate the “out-of-plane” motion, 2, and the “in-plane” mo-

tion, & and y. The disparity and the out-of-plane motion provide sufficient information

"Disparity is the image displacement between stereo viewpoints. It is used to calculate depth. The
normal image velocity is the component of image displacement over time in the direction normal to the
image contour. Both terms are described in chapter 2.
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to calculate the time-to-collision. The weakness of the trajectory detector is that it is
unable to predict the point-of-collision because it can not distinguish between motion
induced by in-plane translation and non-axial sensor rotation.

The inability to distinguish between translation and rotation is due to the fact that
the trajectory detector is based on local image measurements [31]. Global characteris-
tics of a set of image measurements can be used to determine the sensor motion. One
computationally efficient technique is “direct passive navigation” [31] [33] [45]. Subject
to certain assumptions (listed below), a set of local image gradient measurements can
produce an estimate of the inter-frame sensor motion. The gradient of any image mea-
surement can be used, but image intensity is the most common [5] [33]. The strengths
of the direct passive navigation approach is that it avoids the calculation of the optical
flow field (resulting in an order of magnitude speed-up [30]), and it internally represents
both sensor translation and rotation in a rigid-body motion model.

The weaknesses of the direct passive navigation approach stems from two assump-
tions. It is assumed that all the image gradient measurements belonging to stationary
objects. In a dynamic environment, the image sequence has to segmented into image
measurements belong to stationary and moving objects. The second assumption is that
the depth (or at least the scene structure) is known at each image measurement. Stereo
cameras can be used to extract depth. However, to avoid the “difficulties” and the “com-
putational burdén” [31] associated with the measurement of depth from stereo, either the
structure of the scene must be constrained (as in [45]) or the motion must be constrained
(as in [31]). Such constraints have utility only if the operating environment enforces the
constraints.

The above-mentioned camera-based navigation approaches provide an insight into
useful obstacle detection design. The use of world models that enforce natural constraints

in the operating environment can reduce the computational requirements and improve
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the robustness of state estimation (as demonstrated by Dickmanns et al [18]). There
is a tendency, however, to choose constraints that make the algorithm tractable (for
example, [2] [31] [45]), instead of evaluating the environmental constraints. To ensure
that all chosen constraints are acceptable, it is very important to test constraint-based
algorithms using real or “realistic” data. The obstacle detection algorithm presented in
this thesis (chapter 4) is thoroughly tested using realistic data (chapter 5).

The new obstacle detection algorithm presented in this thesis possesses many of the
strengths mentioned above: it uses a cycle of perception to measure normal image velocity
and sensor/object motion; and it internally represents sensor rotation to compensate for
motion transients. In addition, the new algorithm has the ability to predict collisions
with moving objects in an unrestricted environment. It can even predict a collision for
the case of an object crossing the forward path of the ego-vehicle (a problematic case for
Dickmanns).

Constraints on the scene structure limit the generality of an implementation. In
this thesis, the depth is estimated using disparity from stereo cameras. The disparity
is measured using Gabor filters. Since the preprocessing of images using Gabor filters
is common to both the disparity and normal image velocity modules, the estimation of
depth represents only a modest additional computational burden to the proposed obstacle
detection algorithm.

The new Gabor filter-based obstacle detection algorithm combines the direct passive
navigation and the trajectory detector approaches. In order to use these two approaches
simultaneously, the image sequence must be segmented into regions belonging to station-
ary objects and moving objects. The rigidity constraint is used to detect the moving
objects, whose image measurements are inconsistent with those induced by sensor mo-
tion only. Image measurements belonging to stationary objects are used as landmarks in

the direct passive navigation approach to estimate sensor motion. After compensating
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for sensor motion, the motion of each moving object is estimated using the trajectory
detector approach.

The new obstacle detection algorithm can be described briefly. The phase and magni-
tude responses from Gabor filtered images are used to extract disparity and normal image
velocity. Those image measurements belonging to stationary objects are combined to ob-
tain an estimate of the inter-frame sensor motion (both translation and rotation). The
inter-frame translation of each moving object is estimated using the excess normal image
velocity; that is, the measured normal image velocity minus the image velocity induced
by the sensor motion. The inter-frame sensor and object translations are integrated over
the image sequence using Kalman filters. The difference between the object and sensor
translations is the observer frame trajectory of the object. The object’s trajectory, along
with its current position, is used to predict the collision parameters.

The work presented in this thesis makes the following principal contributions:

e it implements direct passive navigation using phase-differences instead of intensity

derivatives;

e it develops error models for the Gabor-based image measurements that are propa-

gated into collision parameter uncertainty;

it develops a “seeding” technique that is necessary to initialize the segmentation

process;

it stabilizes the image sequence from transients caused by camera shake.

Image displacements measured using phase-differences are more stable than intensity
derivatives [21] [23]: to changes in image contrast and brightness; and to geometrical de-
formations caused by changes in sensor position, orientation, or viewpoint. The expected

error for an image measurement is needed to perform segmentation of stationary objects
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and moving objects. The expected error determines if the difference between the mea-
sured and predicted (sensor motion-induced) normal image velocity is significant. The
seeding‘process is necessary to obtain the initial estimate of the sensor motion. The sta-
bilization of the image sequence is obtained by dropping the inter-frame rotation terms
when the model of sensor motion changes from predominantly rectilinear (for inter-frame
sensor motion) to pure translation (for the Kalman filter). All of these contributions

improve the robustness of the algorithm.

1.6 Outline of the Thesis

Chapter 2 reviews the technical prerequisites for performing obstacle detection using
stereo cameras. The effect of object and sensor motion on the stereo image sequence is
discussed. Chapter 2 also contains algorithms for determining the position and velocity
of obstacles, and the velocity of the autonomous vehicle. These algorithms use local
image displacements obtained from the stereo image sequence, such as stereo disparity
and normal image velocity.
| Chapter 3 discusses the Gabor representation and describes how it is used to measure
the disparity and the normal image velocity. The description includes the selection of
image features, the testing of feature stability with respect to viewpoint or motion-
induced image deformations, and the tésting of stereo and temporal correspondences.
The phase-based refinements of the disparity and normal image velocity estimates are
discussed.. Expressions for the expected error in disparity and the expected error in
normal image velocity are derived.

Chapter 4 discusses the obstacle detection algorithm and its various modules. The
discussion includes: estimation of the inter-frame sensor motion; segmentation of the

image sequence into stationary and moving object features; temporal integration of the
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sensor and object translation; and estimation of the collision parameters. Implemen-
tation details, such as the seeding process and the generation of stereo and temporal
correspondences, are addressed.

Chapter 5 contains the results of applying the obstacle detection algorithm to real

stereo image sequences. Chapter 6 is the summary.



Chapter 2

Technical Prerequisites

The purpose of this chapter is to review the technical prerequisites for understanding
stereo camera-based object and sensor motion estimation. The review begins with back-
ground information on image formation (section 2.1). In section 2.2, various coordinate
systems, used to represent position and velocity, are defined. Sections 2.3 and 2.4 de-
scribe the image velocity as functions of object and sensor motion. Later sections discuss
the inverse problem: estimating the motion of objects and the sensor from the image
velocity field. The inverse problem involves estimating the depth from stereo images
(section 2.5), estimating the localized time-to-collision from the stereo image velocity
field (section 2.6), and estimating the sensor motion (section 2.7). Section 2.8 summaries

the key concepts presented in this chapter.

2.1 Image Formation

This section briefly reviews image formation for a pinhole camera. Certain geometric and
radiometric phenomena that can cause problems for image measurements are described.

A typical camera can be modelled as a pinhole camera. The projection geometry of
a pinhole camera is shown in figure 2.2. In figure 2.2, a virtual image plane has been
placed in front of the camera lens at z; = z; for illustrative convenience. The actual
image plane is behind the lens at z, = —z;. A camera is a passive sensor that measures
the reflectance of a scene. The brightness pattern at the image plane is formed by rays of

light traveling in straight lines from the surface of an object, through the pinhole, onto

19
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Figure 2.2: Projection Geometry of a Pinhole Camera

the image plane. The resulting two-dimensional image is a perspective projection of the
three-dimensional scene.

Since the image formation process measures the reflectance along various rays passing
through the pin-hole (or lens), an image is a function of both geometry and radiometry.
Subsequent sections in this chapter deal exclusively with the geometric aspects of imag-
ing. Errors will occur as a result of this geometric-only model of the camera. Certain

radiometric and geometric phenomena will produce image brightness patterns that are
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unstable with respect to changes in viewpoint. The unstable radiometric phenomena in-
clude specular reflections and shadows. Geometric instabilities can occur due to chance
alignment of foreground and background features at surface discontinuities. Points on
the occluding contour of curved objects are also unstable; the image outline of a curved
object is dependent on the viewpoint as well as the surface shape.

The existence of these unstable image features can lead to errors in the local estimation
of depth and motion. Thus, any camera-based method for estimating depth and motion
should perform consistency tests on the measurement set to identify, and reject, unstable
image features. The obstacle detection algorithm described in chapter 4 fulfills this

requirement.

2.2 Coordinate Systems

The measﬁrement of position and velocity must be preceded by the assignment of a
coordinate system. In this work, five coordinate systems are used: two-dimensional im-
age coordinates, three-dimensional scene coordinates, three-dimensional observer coordi-
nates, three-dimensional vehicle coordinates, and three-dimensional world coordinates.
The first two coordinate systems correspond to the sensor module. The remaining three
coordinate systems—the observer, vehicle, and world coordinates—correspond to the ob-
stacle avoidance, the local map, and the global map modules, respectively. Although a
global map is not used in this work, the three-dimensional world coordinates are necessary
for measuring the vehicle motion (both translational and rotational) and its subsequent

effect on the image sequence.
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2.2.1 Sensor Coordinates

There are two sensor coordinate systems: scene coordinates and image coordinates. The
scene coordinate system represents the position of an object relative to the camera lens;
the image coordinate system represents the position of the object’s image projection
relative to the center (origin) of the image plane. The scene coordinate system uses
three-dimensional coordinates denoted by z,, ys, and z, (see figure 2.2). The z,-axis,
also referred to as the “optical axis,” is defined as the viewing direction. The other scene
coordinates, =, and y,, represent the position along the horizontal and vertical axes,
respectively. The image coordinates are given by & and §. The origin of the image is the
point at which the optical axis intersects the image. The image and scene origins are
offset by the focal length z; along the optical axis z;.

The position of object can be represented using image coordinates or scene coor-
dinates. The transformation of a point P(z,,ys,2;) from scene coordinates to image

coordinates is given by

R Zg

=z,2L 2.1
t=2, (2.10)
n z
g = ysz—f. (2.11)

A mixed coordinate system, given by (&, ¢, z5), defines the depth z, at each image pixel.

2.2.2 Observer Coordinate System

The observer coordinate system represents the three-dimensional position of an object
relative to a sensor group. A sensor group is configured such that each camera has a
similar, but slightly different, view of a scene; that is, the angular separation between
pairs of optical axes is small. If the observer coordinate axes are denoted by z, y, and
z, the z-axis is chosen such that it is parallel or nearly parallel to each optical axis. The

z-axis is defined to be tangential to the sensor group platform; the y-axis is normal to the
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Figure 2.3: Stereo Camera Setup

platform. For the case of stereo cameras, the z-axis is parallel to the baseline separation
of the camera.

A stereo camera setup is shown in figure 2.3. Consider the left camera. The scene
coordinate origin for the left camera is offset (by —2£) from the observer coordinate origin.
In addition, there may be an angular offset between the observer coordinate frame and
the left scene coordinate frame. The transformation from the observer coordinate frame

to the left scene coordinate frame is given by

ys | =Rosiysfy [ +5]0 7> (2.12)
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where (small angle approximation)

1 —ar B
Rosiy= | ar 1 =y | > (2.13)
~Br v 1
and ar, B, L are the z, y, and x angular offset of the left scene coordinate frame relative
to the observer coordinate frame. The rotational difference about the z, y, and z axes
are referred to as tilt, pan, and roll, respectively. The angular offsets for the right camera
are denoted by ar, Br, Yr- The rotation matrix that comprises the angular offset for the

right camera is denoted by R,s(r)

2.2.3 Vehicle Coordinate System

The vehicle coordinate system represents the three-dimensional position of an object
relative to the vehicle. The vehicle coordinate axes are denoted by z,, v, and z,. The
z,-axis is defined as the vehicle heading. The z,-axis is tangential to the floor of the
vehicle; the y,-axis is normal to the floor.

The relationship between the vehicle coordinates and the image coordinates is worth
noting. If the scene is stationary and the vehicle and scene origins coincide, the intersec-
tion of the z,-axis with the image plane is the “focus of expansion.” The significance of

the focus of expansion is discussed in section 2.4.

2.2.4 World Coordinate System

The world coordinate system is needed to estimate the motion of the vehicle. This three-
dimensional Cartesian coordinate system is fixed relative to the ground surface. The

world coordinate axes are denoted by z,,, ¥y, and z,.



Chapter 2. Technical Prerequisites 25

2.3 Image Velocity and Scene Motion

This section defines the image velocity in terms of scene motion. Using the projection
geometry of the camera, spatial shifts in image brightness patterns are predicted from
changes in the position of viewed objects. The “aperture problem” associated with the
apparent shift of a local brightness pattern is reviewed. The effect of sensor and object
motion on the normal image velocity is discussed. Two important transformation vectors,
used in chapter 4 to predict normal image velocity from sensor motion and object motion,
respectively, are defined.

The motion of the sensor, and objects in its field of view, affects the brightness pat-
terns in an image sequence. If the point P(z,,y,, z,) moves relative to the camera, the -
corresponding brightness pattern in the image sequence also moves (as shown in figure
2.4). This differential motion of the brightness pattern is referred to as the “image veloc-
ity.” The & and § components of image velocity are denoted by V; and Vj, respectively.
The differential motion of the point P(zs,ys, 2,) is represented by the vector [, ¥s és]T.
The transformation from the relative motion of the point P(z,,ys, 2s) to the image ve-

locity is given by the matrix A(z;1):

Zs
l=aAEh ] g |, (2.14)
Vi
5
2 0 —% |
A=zt . (2.15)
0 Zf —3} i

It is difficult to measure locally both the & and § components of image velocity.
Consider a line contour viewed through a circular aperture, as shown in figure 2.5. If the
contour moves, only motions normal to the line will produce shifts in the local brightness

pattern (as viewed through a stationary aperture); motions along the line have no effect
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phi

Figure 2.5: Aperture Problem

on the local image. This phenomena is referred to as the “aperture problem” [38] [54].
Thus, if the line moves, only the component of image velocity normal to the line can be
measured. This component is referred to as the “normal image velocity” and is denoted
by V... The normal direction of the line is measured relative to the Z-axis, and is denoted
by ¢.. The transformation from the image velocity to the normal image velocity is given

by the vector n:

_T Vi
V, = i , (2.16)
Vy
where
il = [cos ¢, sin ¢y]. (2.17)

Image velocity is caused by motion of objects relative to the observer (sensor group).
The motion of the sensor group, can be described by six parameters: three translational

velocities, represented by the vector T,

T=[T.T,T.)" (2.18)
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and three rotational velocities, represented by the vector Q,
Q= 0,Q). (2.19)

These velocities represent the instantaneous motion of the observer coordinate frame
relative to the world coordinate frame. If the world coordinate frame is defined as the
initial position of the observer coordinate frame, then T, T,, T, are the translational
velocities of the observer origin along the z,, y,, 2z, axes, and Q., Q,, Q, are the
rotational velocities about the z,, ¥y, 2z, axes. The six parameters of instantaneous

1

sensor motion ! are represented by the vector 0:

T
Q

>t
Il

(2.20)

The motion of an object is described using three translational parameters localized about
a point P(z,y,2). The three translational velocities, measured with respect to the ground

surface (world coordinate frame), are represented by

Tob; = [Zobj Yob Zobj]* - (2.21)

The velocity of a point P(z,y, z), with respect to the observer coordinate frame, is given

by

g | = B(2)0 + Tos, (2.22)

B(z)= 0 -1 0 =z 0 -z, (2.23)
0 0 -1 -y =z O

1This is more accurately described as the instantaneous observer motion or the instantaneous sensor
group motion.
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The matrix B(z) transforms the instantaneous sensor motion into three translational
parameters localized about the point P(z,y, z).
If the previously mentioned matrices are combined, the normal image velocity, local-

ized about the image coordinates (&, §), is given by
Va(2,9) = JT0 + J 4, Ts, (2.24)

where JT = nT A(z;')R,sB(z). and J%; = a7 A(2;')R,;. The matrix R,, converts the
observer velocity into the sensor coordinate frame. The transformation vectors J and
Jobj convert the sensor motion and the object motion, respectively, into the normal image
velocity. These transformation vectors are used in chapter 4.

From ('2.22) and (2.24), it can be seen that the sensor and object motions have different
effects on the image sequence. The sensor motion changes the position, with respect to
scene coordinates, of every object within the scene. It will induce global (coherent) shifts
in the brightness patterns throughout the image. For the case of an object, motion

induces shifts that are localized to a small region of the image.

2.4 Image Velocity Field and Sensor Motion

The “image velocity field” is the set of image velocity vectors defined at each pixel in
the two-dimensional image. This section discusses the effects of sensor motion, both
translation and rotation, on the image velocity field. As mentioned in the previous
section, the sensor motion has a global effect on the image velocity field.

If a point P(z,y, z) is stationary with respect to the ground surface (world coordinate
frame), it is possible to estimate the velocity of its image projection from the instanta-
neous sensor motion. The transformation of the instantaneous sensor motion into normal
image velocity is given by

V(2,9) = JT0. (2.25)
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In this section, the image velocity is being examined. The transformation of the instan-

taneous sensor motion into image velocity is given by

|
Vi

= A(2;')R,,B(z)8. (2.26)

The transformation described by (2.26) uses two difference coordinate systems: ob-
server coordinates in matrix B(z); and mixed image/scene coordinates in matrix A(z;?).
It is useful to convert the observer coordinates of B(z) into the mixed image/scene co-

ordinates. The matrix B(z) can be written as
B(z) = [Br Bal, (2.27)

where By = —I (I is the identity matrix) and

0 -z vy
Bq = z 0 —zx (2.28)
-y x 0

The submatrix Br is not a function of position, so it does not need to be modified. If the
scene and observer origins are offset by % along the z-axis, the matrix product R,sBq(z)

can be written as

-0 —Zf ;& 0 ,B «
z b
RosB == —7 0s — o — — 0S5 2.2
a= 1 0 —% | R 5| =8 0 -1 R (2.29)
4 & 0 —a 1 0

Substituting (2.27) and (2.29) into (2.26), we get

s

. b ~ A
- ?[_C(&:ag)RosT o EE(iag)RosQ] + D(fi), g)ROSQ” (230)
Vg s
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where
1 zf 0 —I
C(&,9) = 2y , (2.31)
0 2 -9
0 —zp
D(z,9)=C(&,9)| 2, 0 -z |, (2.32)
- z 0
and
0 8 «
E(%,9)=C&,9)| - 0 -1 |- (2.33)
—a 1 0

It can be seen that for a given image coordinate (&, §), the transformation from sensor
motion to image velocity has only one unknown: the depth z;.

Equation (2.30) contains two terms: the first term is normalized by the depth, z,;
and the second term is constant. The first term is the component of image velocity due
to sensor translation; the second term is the component of image velocity due to sensor
rotation. Both of these terms are measured using scene coordinates. Note that when
there is an offset between the origins of the observer and scene coordinate frames (in this
case -g— along the z-axis), the observer rotation ) produces both translation and rotation
in the scene coordinate system.

It is interesting to examine the effects of each sensor motion parameter on the image
velocity field. In the following subsections, the effects of scene translation and rotation

on image velocity are examined.

2.4.1 Translation

This subsection investigates how the image velocity field is affected by sensor translation

(measured with respect to the scene coordinate frame). The focus of expansion is defined,
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and its significance is discussed.

The image velocity due to scene translation is given by

Vi Zf e e
=——C(%,9)T,. (2.34)
where
0 8 «
T, = R,, T + g —B 0 -1 R, (2.35)
-a 1 0
When there is no rotation, T, = [Z, ¥, 2|7

The effects of the sensor translation on the image velocity field can be seen by exam-
ining (2.34). The z and y translations appear in the image as & and § image velocities:
the direction of motion is the same, but the speed is reduced by a scale factor —Ef. The
z translational motion causes an expansion (or contraction) of the velocity field about
the origin of the image. The direction of the image velocity vectors radiate from (point
towards) the origin. The speed increases with the radial distance from the image origin
and decreases with the depth of the object.

If a camera is moving towards an object, all image velocity vectors will diverge from
a point referred to as the “focus of expansion.” Under the pure translation assumption,

the focus of expansion is given by

Broe = 272, (2.36)

Zs

R Ys
Yfoe = Zf’;'- (237)

)

The focus of expansion is not dependent on the depth of an object.
Equations (2.36) and (2.37) show that the focus of expansion is determined by the

relative translational velocity of an object in the scene coordinate system. In general,
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each moving object will have a different focus of expansion; only objects with common
velocities will have a common focus of expansion. A camera translating through static
environment is an example of a scene with one common focus of expansion. The focus
of expansion for stationary objects is determined by the sensor translation; this special
case is referred to as the “sensor’s focus of expansion.”

A number of researchers use the sensor’s focus of expansion to extract properties of
the sensor translation from the image velocity field. The direction of the image velocity
at various image locations is used to estimate the sensor’s focus of expansion, which is
subsequently used to determine the direction of camera translation (see section 2.7). This
estimate is obtained without depth information. Although the sensor’s focus of expansion
is useful for constraining the direction of translation when the depth is unknown, the focus
of expansion becomes a singularity point if depth estimation from a known sensor motion

is attempted (see section 2.5).

2.4.2 Rotation

This subsection investigates how the image velocity field is affected by sensor rotation.
It is shown that rotations about the z,- and y,-axes produces an approximately constant
offset in the image velocity field.

The image velocity due to sensor rotation, measured using scene coordinates, is given

by
Vs _

= D(&,9)8;, (2.38)
Vy
where O, = R,,{). The image velocity due to rotation about the z,-axis (tilting the
sensor) is given by

Vi = 22Q,,, (2.39)
zf
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~2

Vo= (s + Z_f)ﬂ’” (2.40)

Both the speed and direction of the 2, ,-induced image velocity changes with the image
coordinates. If the field of view of the camera is small (zf >> Zmaz, Jmaez), the image
velocity can be approximated by (Vz, V;) = (0, z7)Q,,,. When this approximation is valid,
the rotation about the z,-axis contributes a constant flow throughout the image along
the g-axis. This constant depth-independent image velocity can be easily mistaken for a
translation in the y, direction.

The image velocity due to rotation about the y,-axis is given by

42

Ve = =(z7 + =)y, (2.41)
f
Vy = _(z_)ﬂy,s- (2°42)
f

If the field of view is small the image velocity can be approximated by (V;,V§) =~
(—2¢,0), ;. This constant image velocity can be mistaken for a translation in the z,
direction.

The image velocity due to rotation about the z,-axis is given by
Ve = ng,sv (243)

V, = —2Q,,. (2.44)

The component of image velocity produced by 2, ; is orthogonal to that produced by T,.
All of the above scene rotation-induced image velocities are independent of depth.

Thus, rotation of a camera will not provide depth information.

2.4.3 Discussion

In the previous subsections, the effect of scene motion on the image velocity field has been

discussed. It was shown that rotations about the z,- and y,-axes produce similar flow
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patterns to translations in the y, and z, directions, respectively. The primary difference
between the two flow patterns is that the translation induced pattern is dependent on
depth. If the variation of depth within the scene is small, a given image velocity field
can be produced (within a small error) by a set of translation-rotation combinations [3].
In such cases, the problem of estimating the three-dimensional sensor motion from the

image velocity field is poorly conditioned (see section 4.6.3).

2.5 Estimating Depth

This section describes how stereo cameras are used to estimate depth. It is assumed that
the optical axes of the stereo cameras are approximately parallel. A method of compen-
sating for small convergence/divergence and differential tilt angles between the pair of
cameras is discussed. This compensation transforms the configuration into an equivalent
parallel stereo configuration. The remainder of the section addresses characteristics of
the parallel stereo conﬁguration. These characteristics include: the accuracy of the depth
estimate, deformation of image features due to changes in viewpoints, and the sensitivity
of depth estimates to the normal direction of an image feature.

Under certain conditions, it is possible to estimate the depth z, using (2.30) if the
sensor motion is known. The conditions are: that the viewed object must be stationary
with respect to the ground surface (world coordinate frame); and its image velocity due
to scene translation must be non-zero: The second condition is violated at the sensor’s
focus of expansion. In autonomous vehicle operations, the sensor is translating primarily
along the z,-axis, placing the focus of expansion near the origin of the image. Any
depth measurements near the focus of expansion will be undefined or very sensitive to
measurement error. Thus, forward translation along the z-axis is not a good motion

direction for measuring depth [39] [40].
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For the purpose of measuring depth, translational motion parallel to the image plane
is preferred. Sensor motion along the z .- or y,-axis places the focus of expansion far from
the image origin. Rather than continuously altering the course of the vehicle, tacking
like a sailboat travelling upwind, the motion parallel to the image plane is simulated
using matched stereo cameras that are offset along the x,-axis. Stereo cameras can also
measure the depth of moving objects if tHe cameras are synchronized using shutters. If
the stereo images are obtained at the same time instant, all objects in the scene will
appear stationary; that is, the effects of object motion disappear. Thus, synchronized
stereo cameras, offset along the z;-axis, fulfill the two above-mentioned conditions. In
this section, extracting depth using stereo cameras is investigated.

Since the stereo vision system contains two imaging sensors, a three-dimensional
observer coordinate system must be defined. Assume that the scene coordinate origins,
for the left and right cameras, are separated by b. The baseline connecting the two
scene origins is defined as the z-axis of the observer coordinate frame. The origin of
the observer coordinate frame is defined as the midpoint between the scene origins. The
z-axis is chosen to be nearly parallel to both optical axes. A typical stereo configuration
is shown in figure 2.3.

A stereo vision system represents a three-dimensional scene by two image projections
that differ in viewpoint. The apparent shift of an object due to changes in viewpoint is
referred to as “disparity.” Disparity information provided by stereo cameras is used to
estimate the depth of an obstacle relative to the observer. Consider a point P(z,y,z),

whose position is defined using observer coordinates. The position of the point P(z,y, 2)



Chapter 2. Technical Prerequisites 37

using the mixed image/scene coordinates of the left camera, P(Zy, i, 2,(1)), is given by

zr x 1

zZsy | . ‘ b

=, | B | THem )y [ T3]0 (245)
zy z 0

Similarly, the position using the mixed image/scene coordinates of the right camera,

P(&R, R, 2s(r)), is given by

ii'R T 1

LN b

2, | Or | =Ry ly [ m5 ] 0 (2.46)
zf z 0

If it assumed that R, z) and R,sr) are orthonormal and that the focal length z; is the

same for each camera, then

2L TR 1
Zs(L)Rz;(L) UL —Zs(R)RZ;(R) gr | =20| 0 |- (2.47)
2f zg 0

The two scene depths, zy1) and z,(g), are obtained by solving the simultaneous equations.

In this work, since the stereo cameras are being used to simulate motion along the z-
axis, the stereo cameras are configured in a nearly parallel setup; that is, the orientation
of the scene coordinate frame for each camera is nearly the same as the orientation of the
observer coordinate frame. In such a case, the small angle approximation of R,y and
R,yr) can be used. Further simplifications are possible. The left and right coordinate
rolls, ay, and ap, represents the rotation of the respective image planes about their optical
axis. This rotation can be set to zero by’ resampling each image such that the - and §-
axes in the stereo images are parallel. Thus, it can be assumed without loss of generality

that ay and ap are both zero.
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Using the small angle approximation and the zero roll assumption, (2.47) produces

the following three equations:

Zs(L)(Z%L + ﬁLZf) - Zs(R)(-'i'R + ﬂsz) = sz, (2.48)
zo(r)(Jr — L25) — 2s(r) (IR — YRZs) = 0, (2.49)
zyr)(—Brir + YLiL + 25) — zy(r)(—BrER + YRIR + 25) = 0. (2.50)

When the tilt (8) and yaw () angles are small and the field of view of each camera is
small (zy >> #05 OF mas), it can be seen using (2.50) that z,z) & 24m) ~ 2. Thus,

(2.48) and (2.49) can be written as
N A 2f
L —&r+ (L — Br)zs = b, (2.51)

gL — 9r = (7L — YR)?s- (2.52)
The disparity of a point P(z,y,z2) projected onto the left and right images in the Z
and § directions are respectively given by

dy = &1 — &g, (2.53)

dy = 91, — i (2.54)

The differential tilt and yaw between the left and right cameras are respectively given by
AB = B, — Br, (2.55)

Ay =91 — R (2.56)

The differential yaw angle is also referred to as the “vergence angle.” Using the small

angle approximation and the zero roll assumption, the depth is given by

. zgb
—dz-f-A,BZf.

z

(2.57)
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It can be seen that the depth of an object is dependent on the # disparity and the
vergence angle, not on the absolute image coordinates or the absolute yaw angles. The

y component of disparity is independent of depth:
dg = A’)’ Zf. (258)

For a given differential tilt (assuming small angle, zero roll), the disparity d; is constant
throughout the stereo image pair.

The parallel stereo configuration (A = 0 and Ay = 0) is examined in the remainder
of this section to provide a better understanding of the characteristic of a stereo image
pair. The parallel stereo configuration is shown in figure 2.6. The position of the lens
for the left and right cameras are denoted by O and Og, respectively. Consider a point
in the observer éoordinate space: P(z,y,z). The left and right lens positions and the
point P(z,y,z) form a triangle in the three-dimensional space. These three points also
define a plane, referred to as the “epipolar plane” [5] [7] [8]. The projection of the point
P(z,y,2) onto the left and right images must lie on the epipolar plane. The intersection
of the epipolar plane and the image plane defines the “epipolar line.”

The epipolar plane can be defined by the two lens positions and a point in the left (or
right) image plane. Once the projection of a point is identified in the left (right) image,
the matching projection will be located on the right (left) image’s epipolar line. Thus,
the direction of the disparity is constrained by the camera configuration. This is referred
to as the “epipolar constraint.” For the parallel configuration shown in figure 2.6, the
epipolar line is parallel to the z-axis.

Once matching projections (corresponding image features) are found in the left and

right images, the position of the point P(z,y,z) can be estimated using triangulation.
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P(x,y,z)
Z5(L) Z4(R)
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Figure 2.6: Point in Three-dimensional Space
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The three-dimensional position, with respect to the observer coordinate frame, is calcu-

lated using 2

=5 (2.59)
b(9L + 9r)
_?b 60
_ b
e= (2.61)

The accuracy of the three-dimensional position is dependent on the depth of the point,
baseline separation and the focal length of the cameras, and the resolution of the disparity.
The resolution of the disparity affects the accuracy of depth estimates. The fractional

error in the depth estimate is given by

Az Ad_.i,

~ T i T AL (2.62)
where Ad; is the error in the & disparity estimate. If the error in the disparity estimate
is fixed (say one pixel), the fractional error in depth is small for large disparities. The
disparity increases as an obstacle approaches the cameras. Thus, the parallel stereo
camera configuration estimates the depth of close objects with better accuracy than
distance objects. Since the obstacle avoidance module usually assigns a high urgency (as
defined in section 1.2) to close objects, the improved close depth accuracy is an asset.
The disparity, and the accuracy of the depth estimate, can be increased by increasing
the baseline separation or the focal length.

There are a number facts that must be considered when choosing a camera focal
length or baseline separation. The field of view is affected by the baseline separation

and the focal length. The field of view for a single camera is defined by the size of the

image plane and the focal length. For a fixed size image plane, the monocular field of

2These equations are valid for the parallel stereo configuration. For nearly parallel configurations,
the disparity d; must be replaced by dz + AS z;.
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view contracts as the focal length increases. The stereo field of view is the intersection
of the left and right monocular fields of view. Increasing the baseline separation or the
focal length contracts the stereo field of view.

Increasing the baseline separation makes the stereo images less similar. Due to dif-
ferences in viewpoint, an object is projected differently onto the two images. As a result,
establishing stereo correspondences becomes more difficult. Consider as an example a
flat surface marked with periodic vertical stripes (see figure 2.7). If the projection of the
surface normal onto the z-z plane is not parallel to the z-axis (and the optical axes of
the cameras), the frequency of the pattern in the left and right images will be different.

The difference in frequency at the two image projections of P(z,y, z) is given by

5z
6f: faveb (61‘_)52 , (263)
z —z(£E)
where (ig-zz-) is the slope of the surface in the z-z plane relative to the z-axis, and f,,.

is the average frequency of the pattern as viewed by the left and right cameras. The
fractional difference in frequency (]i—{) increases with the baseline separation and the
slope of the surface. Note that the difference in frequency becomes more pronounced as
the obstacle approaches the cameras. Since the difference is larger for close obstacles,
obstacle detection is hindered by this effect 3.

Similar to the image velocity measurements, the measurement of depth using stereo
is subject to the aperture problem. The & component of disparity can be best measured
at vertical image features (¢, ~ 0). If the normal component of disparity is denoted by
d,, then the & component of disparity is given by

dy,

cos @y,

dj::

(2.64)

3The problems associated with the frequency differences are less significant for the Gabor filter-based
method, presented in chapter 3, than pixel correlation methods, such as [43].
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Figure 2.7: Viewing an Inclined Surface

It can be seen from (2.64) that the depth of horizontal image features (¢, = %) can not
be measured using parallel stereo cameras whose baseline separation is along the z-axis.

The previous paragraphs have addressed three problems that are dependent on: the
choice of focal length and baseline separation; and the normal direction of the image
feature. Assume that the focal length is fixed. Increasing the baseline separation increases
the accuracy of the depth estimate but makes stereo correspondence more difficult. This
tradeoff can be eliminated if extra cameras are placed along the baseline. If both the
vehicle and the scene are stationary, this collinear camera configuration can be simulated
by moving the camera along a sliding mount [39]. The sensitivity of depth estimation to
the normal direction of an image feature can be reduced by adding extra cameras that
form noncollinear baselines [6]. Consider the case where a third camera is positioned
such that one pair of cameras has a vertical baseline separation and another pair of

cameras has a horizontal baseline separation. Since the epipolar lines in the horizontal
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and vertical camera pairs are orthogonal, the depth of both horizontal and vertical image

features can be estimated. In this work, only the binocular stereo camera setup is used.

2.6 Stereo Image Velocity

In the previous section, it was shown that stereo images can be used to estimate depth.
In this section, the stereo image velocity field is used to produce local estimates of the
time to collision and the velocity 2. The stereo camera setup is as follows: the baseline
separation is given by b, and the orientation of the cameras relative to the observer
coordinate frame is given by (0, 8L,vr) and (0, Br,vr). It is assumed that the angular
offsets are small enough that the small angle approximation introduced in section 2.5
‘is valid, and that the epipolar line is approximately parallel to the Z-axis. The time
to collision is estimated using the difference of image velocity vectors at corresponding
points in the left -and right images.

The image velocity due to sensor motion is given by (2.26). For small angles, the left

image velocity can be approximated as

ViL | zr 00 —=(80 + 258L)

=z [B(Z)g + Tobj]- (265)
VoL 0 zp —(fr—z)
A similar expression exists for the right image. The matrix B(z) is defined in terms of

observer coordinates. The observer coordinates can be expressed in terms of the mixed

image/scene coordinates for the left image:

z Tr + 2401 1

N b (2.66)
y ¥ -z | m3 |0 :
z zf 0
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The expression for the right image is given by

x Ip+ Zf,BR 1

~Z | g b 2.67
v |~ | dr—zm | T3] 0] (2.67)
z z5 0

Substituting (2.66) and (2.67) into B(z), the difference between the image velocity along

the Z-axis at corresponding image points is given by [51]

s T
Vir — Var = (ds + AB 2)[t2) + L2, — Ztq), (2.68)
Zf 2f
where
z z
to) = ———— = ——, 2.69
: Tz — Zobj z ( )
G = YL+ Yr — ;f(% + ’m), (2.70)
Gy = IR ;f(ﬁL + Pr). (2.71)
It is often the case that the field of view of the camera is small and Ros(z) = RZ;( R)} that
is 2§ >> Emazy Ymaz, B = —Pr and v = —yg. In such a case,
p BT AB 2 (2.72)

ol Vir —Vir
If the depth is known, the object translation along the z-axis relative to the sensor is

given by
z

(2.73)

z2=——.

tcol

The localized z can be used to segment the image into projections of moving objects
and stationary objects. Since T,5; = 0 for a stationary object, a necessary condition for a
stereo image feature to belong to a stationary object is 2 =~ —T,. Thus, any stereo image

feature with a # significantly different than —7, is processed as belonging to a moving

object *.

4The sensor velocity 7, can be estimated from the extended sensor motion (section 4.4), if it is
available. T, can also be approximated by the vehicle speed if the vehicle is travelling along the z-axis.
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Another local measurement, namely depth, can be used to verify this image velocity-
based estimate of 2. The change in depth at corresponding points in the temporal
sequence can also be used to estimate -z. If there is a significant difference between
the image velocity-based and the depth-based estimates, then either an unstable point
has been chosen or a correspondence error (stereo or temporal) has occurred. Such an
estimate can be rejected.

The above mentioned segmentation scheme is one step used to segment the image. A

more detailed description of the segmentation (seeding) process appears in chapter 4.

2.7 Estimating Three-dimensional Motion

The previous sections described how the image velocity field is generated by the three-
dimensional motion of an observer iﬁ a rigid environment. This section ‘reviews various
techniques for solving the inverse problem: estimating the three-dimensional motion from
an image velocity field.

The image velocity can be calculated directly from the three-dimensional motion

parameter, as shown in (2.74):

Vf Zf N A _
= -ZC(&,9)T + D(3,9)0. (2.74)
v, ,

The inverse problem can be solved if there is a degree of coherence in the image ve-
locity field. If rigidity assumptions are valid, and all objects in the scene are moving
at a common velocity °, thejthree-dimensional motion parameters can be estimated by
minimizing the difference between the measured image velocity field and the field that

would be induced by the three-dimensional motion. If an image velocity field (containing

A group of stationary objects fulfill both the rigidity and common velocity assumptions.
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N flow vectors) is available, the least square solution is obtained by minimizing
N
Tiy = Z é?éi (275)

where

& = + 204, 9)T - D(3,5)Q. (2.76)

If only normal image velocity measurements are available, the least square solution is

obtained by minimizing

N
Tniv = Z 6?, (277)
i=1
where
o[
e=Vo(i)=JT | |. (2.78)
0

The summations in the above equations include selected points in the image velocity field
(or set of normal image velocities) that are believed to belong to stationary objects. The
selection is done by pre-segmenting the velocity field or by assuming that all objects are
stationary. The accuracy of any assumptions is indicated by the size of the residual, r;,
Or Tyniy: & large residual indicates errors.

The image velocity is a non-linear function of depth, translation, and rotation. Most
methods for determining the three-dimensional motion attempt to create a linear problem
by assuming (or measuring) the translation, or by assuming (or measuring) the depth.
Methods based on assumed values use the residual to determine the “goodness of fit” to
the measured image velocity field.

Many image velocity-based methods use only one camera to estimate sensor motion.
Monocular solutions, however, can only determine the translation and the depth up to a
scale factor. From (2.74), it can be seen that an image velocity field produced by a given

translation and depth is identical to the image velocity field produced by doubling both
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the translation and the depth. As a result, monocular implementations attempt to find
the direction of translation or the structure of the scene (the depth of an object relative
to its neighbours).

A number of researchers use the Hough transform to determine the direction of trans-
lation [2] [12] [28]. The space of possible directions of translation is sampled. The
residual for each candidate direction is calculated by the implicit (using complementary
subspaces) selection of a sensor rotation and scene structure that best fits the measured
image velocity field. The direction of translation (or set of directions) producing the
smallest residual (or near smallest set) is accepted as the actual direction. Once the di-
rection of translation is specified, the the rotation is determined by examining the portion
of the image velocity field that is orthogonal to the translation-induced field. The direc-
tion of each image velocity vector is required to obtain the orthogonal component. Thus,
the image velocity field must be estimated; the normal image velocity measurements are
not sufficient.

The alternative approach is to assume or measure the depth of the scene. If the depth
is known, the three-dimensional motion can be solved using a least square solution that
is based on the normal image velocity measurements [31] [33]. If only the parametric
form of the scene structure is known, it is possible to iterate to a solution. Parametric
structures include planar and quadratic surfaces. For the case of planar scenes, the surface
normal is iteratively updated until a good fit with the set of normal image velocities is
obtained [45]. For quadratic surfaces, a set of surface parameters are selected as starting
points for the iterative process [33]. All of the known depth methods use a set of normal
image velocities instead of the image velocity field. Approaches that use the normal
image velocity are referred to as “direct methods,” because the image velocity field is not
estimated as an intermediate stage.

It can be seen from the above discussion that there is a tradeoff: either the depth of the
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scene must be measured, or the image velocity field must be estimated. In this work, the
known depth case of the direct methods is used. The stereo cameras are used to measure
the depth of selected features. The stereo correspondence problem exists, and it is often
cited as a motivation for choosing the monocular approaches. Although correspondence
errors are possible, the effect of such errors can be reduced using error estimation and
outlier testing. The known depth methéd and the normal image velocity-based outlier

test (Mahalanobis distance) are described in chapter 4.

2.8 Summary

This chapter has reviewed various aspects of stereo camera-based motion estimation. The
two most important aspects are: the geometric properties of image formation for the case
of a moving object and a moving sensor; and how to exploit these properties to estimate
the object and sensor motion. It was shown that the sensor motion induces global changes
to the image velocity field and that object motion induces localized changes to the image
velocity field. Localized parameters, such as the depth and the time-to-collision, are
used in the segmentation process to identify moving objects. After segmenting the image
into moving and stationary objects, image measurements (normal image velocity and
disparity) belonging to stationary objects are combined to obtain an estimate of the
sensor motion.

The stereo image sequence provides sufficient information to perform obstacle de-
tection. The stereo images provide the depth that is required for direct sensor motion
estimation. With the depth information, there in no scale ambiguity in the sensor trans-
lation estimate that is typically associated with monocular camera systems. Even if
the sensor motion is known, stereo cameras provide better depth estimates than the

monocular counterpart. The forward motion of a monocular camera system produces a
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singularity for depth estimation at the focus of expansion. In addition, monocular camera
systems are not suited for concurrent estimation of depth and object motion. Concurrent
estimation is not a problem for stereo configurations. Finally, the stereo image velocity
fields provide local quantities that are used to identify moving and stationary objects;
they provide the initial segmentation of the normal image velocity set. Thus, the stereo
image sequence makes estimation of three-dimensional sensor motion simple and reliable,

as well as providing the local information needed to estimate the object motion.



Chapter 3

Measuring Normal Image Velocity and Disparity

In this chapter, techniques for measuring normal image velocity and disparity from a
stereo image sequence are discussed. The basis of these techniques is the Gabor filter
whose magnitude and phase responses a‘re used to extract interesting features, estimate
disparity, and estimate normal image velocity. Before proceeding with the Gabor-based

methods, a general overview of measuring image properties is presented.

3.1 General Overview

This section reviews the general requirements for measuring normal image velocity and
disparity. The characteristics of image features that are suitable for measuring normal im-
age velocity or disparity are discussed. An approach for establishing the correspondence
of image features over time and viewpoint is presented. A combined feature matching-

phase gradient approach to measure normal image velocity and disparity is recommended.

3.1.1 Interesting Image Features -

An image region comprises a group of pixel intensities whose spatial distribution forms
a brightness pattern. This subsection discusses different types of brightness patterns:
omni-directional features, uni-directional features, and textureless regions. The omni-
directional and uni-directional features are suitable references for measuring image dis-
placement; the textureless regions provide no motion information. These brightness

patterns are characterized by the magnitude and distribution of spectral energy within

o1
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the image region.

A camera image is a projection of a physical scene. The physical scene contains
changes in surface properties (such as depth, texture, reflectance) that are projected
as brightness patterns onto the image. Both the brightness pattern and its physical
source (changes in surface properties) are referred to as a “featﬁre.” If there is a need to
discriminate between the two types of features, the brightness pattern will be referred to
as an “image feature;” the change in surface property will be referred to as a “physical
feature.”

Interesting features are selected from the stereo image sequence to measure the posi-
tion and velocity of objects. For the purpose of obstacle detection, an interesting feature
is a distinct region on an object that is easily found in images. The interesting feature
should be detectable in a set of images that differ slightly in time or viewpoint; that is,
the feature must be stable with respect to image deformations caused by sensor/object
motion or by the stereo camera separation. These features become references that can
be used to measure inter-frame displacements over time or viewpoint.

A region in an image must have some variation in pixel intensity in at least one
direction to be distinct enough to be a feature. A good feature has significant intensity
variations in orthogonal directions. Directional intensity variations can be measured
using information from the spectral (Fourier) domain. By applying a two-dimensional
Fourier transform to a local region of an image, the frequency and orientation of the
dominant modes of intensity variation are made explicit. In this work, the dominant
modes within a local region are made explicit using a Gabor representation of an image.

A region must have multiple modes, containing at least two (preferably orthogonal)
orientations, to unambiguously resolve local motion. These regions (corners, crosses, T-
junctions) are referred to as “omni-directional features.” Regions containing a single line,

edge, or grating can not fully resolve local motion (aperture problem). These types of
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regions have a single dominant spectral orientation, and are referred to as “uni-directional
features.” Uni-directional features are defined in the frequency domain in terms of the
dominant spectral orientation. Note that the dominant spectral orientation of a uni-
directional feature is the same as the normal direction ¢,. Regions without intensity
variations can not be used as references. These textureless regions do not contain enough
spectral energy to locally resolve motion.

In this work, a set of oriented bandpass filters, known as Gabor filters, is used to
highlight uni-directional features (see section 3.2.2). A given image brightness pattern
may appear in the output of a number of bandpass (Gabor) channels. In this work,
multiple channel responses, produced by a wide bandwidth brightness pattern, are treated

as separate uni-directional features.

3.1.2 Measuring Feature Displaceinent

This subsection discusses the measurement of feature displacement. The requirements of
reliable feature correspondence are addressed. The gradient constraint equation, used to
measure small displacements, is introduced. A combined feature matching-phase gradient
approach is proposed.

For a continuous image sequence, normal image velocity is the differential motion of
a brightness pattern. In this work, the image sequences are discrete; thus, inter-frame
displacements are measured instead of image velocities. Both disparity and normal image
velocity can be described as inter-frame displacements. Disparity is the displacement of
a feature over viewpoint; normal image velocity is estimated from the displacement of a
feature over time.

To measure inter-frame displacement, a correspondence between features in each im-
age must be formed. Once an interesting feature is identified in a given image, the

matching feature must be found within the other image. A search of the set of features
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will produce many potential matches. A method or set of criteria is needed to reduce
the number of potential matches to one or zero. No match can be made if the feature is
viewed by one image only.

A method of reducing the number of potential matches is to provide a “rich” descrip-
tion of the feature. In this work, local attributes are assigned to a feature. Certain local
attributes are stable with respect to changes in viewpoint or sensor/object motion: they
include local magnitude and normalized moment of inertia (see section 3.2.2). Candidate
matches with significantly different local attributes are rejected.

A priori information can be used to reduce the number of potential matches. A
priori information can be obtained from other Gabor channels, from past measurements,
or from spatial constraints (see section 4.6.1). This information is used to predict the
image position of the corresponding feature. A limited search around the predicted
position is performed. The feature with the most similar local attributes is considered
the corresponding feature.

Although both normal image velocity and disparity measurements are based on inter-
frame displacements; the two cases differ. The size of the inter-frame displacement for
a normal image velocity measurement is typically small, but the direction is unknown.
For disparity measurements, the reverse is true: the inter-frame displacement is typically
large, but the direction of displacement is known (due to the epipolar constraint). | The
remainder of this section will address these two cases.

When the inter-frame displacement of a feature is small, gradient-based techﬁiques
can be used. The gradient-based approach uses the partial derivatives of local image

measurements to constrain image velocity field [5]:

éc éc éc

e

where ¢ is a candidate function based on local image measurements. Possible candidate
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functions include intensity, contrast, entropy, average, and directional derivatives [5]. In
this work, the local phase of a bandpass (Gabor) filtered image is used as the candidate
function.

The partial derivatives of phase are equivalent to the local image frequencies in each

spatial/temporal direction:

bc

wr = 52, (3.80)
éc

L= 381
bc

The spatial phase derivatives, w; and wy, can be written in terms of the normal image
direction 7:

[ws wg] = wnnT, (3.83)

where

Wy, = [wi + 2] (3.84)

From (3.79) and (3.83), it can be seen that the normal image velocity, speed and direction,

is given by [22] [23]

@ '
Vo= o (3.85)
‘ Wi
oS ¢y, = o (3.86)
ing, = 28
sin ¢, = — (3.87)

The basis of the gradient method is the constraint equation (3.79). Equation (3.79)
is derived from the assumption that the candidate function ¢ at the image point (&,§)
and time ¢ has the same value after it moves to the image point (& + A%, § 4+ Af) at time
t + At; that is

9(Z + Az, g+ Aj,t + At) = g(2,9,1). (3.88)
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If the left hand side of (3.88) is approximated by a first-order Taylor expansion about
(, g, t), a variation of (3.79) is obtained:

be .. bc .. ébc
(%A:c + 6—?)Ay + gAt ~ 0. (3.89)

The accuracy of (3.89) depends on the size of the higher order terms in the Taylor
expansion. The higher order terms are dependent on the characteristics of the candidate
function to motion-induced deformations, such as image translation, image dilation, and
image rotation. In this work, the phase is chosen as the candidate function because it is
stable with respect to image deformations associated with sensor/object motion [23].
The phase gradient approach is designed to measure small motions. The maximum
measurable image displacement, V,, At, is limited by phase wraparound. Since the phase

is modulo 27, the phase difference is restricted:
-7 < Al <. (3.90)
Thus, the measurable image displacement is limited to

(3.91)

Features undergoing larger image motions will be aliased. Even if the phase is unwrapped,
the motion between successive images may be larger than the spatial extent of the filter.
To accommodate large motions, the spatial portion of the filter must be moved with the
feature. If the spatial portion is moved along a predicted trajectory, the phased-based
image displacement would measure the prediction error. In this work, large (but coarse)
motion is obtained using a feature matching approach; the residual error is estimated
using a gradient-based approach. The magnitude response of a bandpass (Gabor) fil-
tered image is used for feature matching, and the phase response is used in the gradient
approach. This approach is referred to as a “combination method” because it uses both

feature matching and gradient-based techniques.
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The combination method is ideal for measuring disparity in stereo images. The coarse
estimate of disparity produces an offset along the epipolar line that effectively aligns the
left and right images. This “epipolar offset,” denoted by E,¢ts:, tunes the stereo cameras
to a preferred depth 1:

2b (3.92)

Zo = .
° Eo_ffset

The residual error, measured using the phase gradient approach, is referred to as the
“relative disparity.” The relative disparity, denoted by d,., is obtained using the following

constraint:

draws + (O0r — 0L) = 0, (3.93)

where 0 and 07 are the local phase at corresponding points in the right and left images,

respectively. The measured disparity is given by

d:i‘ = Eoffset + drel- (394)

3.2 Using the Gabor Representation to Process Images

This section introduces the Gabor representation. It shows how the local magnitude
information is used to select interesting image features, and how local phase differences
are used to estimate local spatial frequency. The local magnitude and phase are also
used to implement a combined feature matching-phase gradient approach for extracting

both disparity and normal image velocity.

3.2.1 Gabor Representation

This subsection discusses aspects of the Gabor representation: the Gabor function, the

log-polar set of Gabor filters, and the spatial sampling lattices. It also discusses how the

1The epipolar offset only alters the relative position of the origin for the left and right images; it does
not affect the the baseline separation or the viewing direction of the cameras.
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local magnitude and phase are measured.

The Gabor repfesentation is a joint position-frequency representation of an image.
‘There are two commonly used versions: the Gabor expansion [9] [14] [15] and the Gabor
filter [1] [20] [27] [50]. The expansion decomposes an image into a weighted sum of Gabor
functions; the filter method convolves an image with a set of Gabor functions. The Gabor

filter method is used in this work.

Gabor Function

The following paragraphs describe the Gabor function: the kernel used in a Gabor filter.
The spatial and spectral characteristics of the Gabor function are discussed. The un-
certainty constraint, which illustrates the trade-off with respect to spatial and spectral
localization, is reviewed.

The basis of the representation is the Gabor function [13] [24]. In twb—dimensions, it

is a frequency-modulated elliptical Gaussian window given by

G; = g(:i"a :’j) COS[UEI\: + v+ P], (395)
where
o(#,3) = exp —r (S + (L) (3.96)
' o ac’ ¥
(£,9) = (& cos ¢ — §sin ¢g, & sin ¢g + § cos g ). (3.97)

The variables u and v represent the frequency of the modulating wave in the £ and
y directions, respectively. The phase of the modulating wave relative to the spatial
centroid of the Gaussian window is denoted by p. (£, ) represents a position in a rotated
coordinate system; ¢ is angle of rotation for the elliptical Gaussian window relative to
the Z-axis. The final two variables, a and o, are the aspect ratio and the scale of the

elliptical Gaussian window. In this work, the frequency variables u,v are defined in polar
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form:

o = (u? + v?)°%, | (3.98)
é= arctan[-s], (3.99)

where @ and ¢ are the frequency and orientation, respectively, of the modulating wave.
In addition, the rotation of the elliptical Gaussian window is constrained such that one
of the principle axes has the same orientation of the modulating wave (¢g = ¢).

Consider the case of a Gabor function whose spectral orientation is along the Z-axis
(¢ = 0). The Gabor function and its Fourier transform are shown in figure 3.8. The
window of the Gabor function has a Gaussian shape in both domains; however, only
one contour is shown in figure 3.8 for simplicity. Note that the Gabor function has
a finite frequency and orientation bandwidth. As a result, the Gabor filter can only
extract information within the passband centered about @ and &. The passband for
quadrature Gabor filters is referred to as the “Gabor channel,” and it is described by its
center frequency, & and . |

With respect to energy, the Gabor function is localized in both the spatial domain
and frequency domain [24] [13]. The effective frequency bandwidth A& and orientation
bandwidth A¢ are shown in figure 3.8. These bandwidths are given by

Ao = 2_71-, (3.100)
o
. s 2r
A¢ = 2arctan[—] R ——. (3.101)
ackd’  aow
The effective spatial extent in the £ and § directions are given by
AZ = o, (3.102)

Aj = ao. (3.103)
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From (3.100), (3.101), (3.102), and (3.103), it can be seen that the bandwidth and

spatial extent for é = 0 are subject to
AZAD = 27, (3.104)

and
Af (0A$) = 2r. (3.105)
Equations (3.104) and (3.105) are the uncertainty constraints for the Gaussian window.
The uncertainty constraints shows that arbitrary resolution can not be achieved in both
the spatial and frequency domains simultaneously. Choosing a scale (¢) and/or aspect
ratio (a) that provides a narrow bandwidth will result in a wide spatial extént. It is
possible to adjust the frequency bandwidth and the orientation bandwidth independently
because (3.104) and (3.105) are not coupled. ‘
The abéve uncertainty constraints are valid for ¢ = 0. For Gabor channels with other
spectral orientations, the uncertainty constraint is defined in terms of rotated image

coordinates: A% and Ay are substituted for A# and Ag, respectively.

Log-polar Representation

The following paragraphs describe the sampling of the joint frequency-position space for
the log-polar representation. The frequency domain is sampled by selecting the frequency
and orientvations, as well as the bandwidths, of the Gabor filters. By using the minimum
number of Gabor channels that maintain completeness, the selection of a filter set is
reduced to the selection of two parameters. Within each channel, a spatial sampling
lattice is chosen. The minimally complete spatial sampling interval is defined.

A set of Gabor filters is defined by the selection of phases (p), orientations (¢),
modulation frequencies (&%), scales (o), and aspect ratio (a). The selection of these

parameters is partially constrained because, in the log-polar representation, all Gabor



Chapter 3. Measuring Normal Image Velocity and Disparity 62

functions are rotation and/or dilations of each other [14]. Rotation is obtained by using
the rotated spatial coordinates (&£,5). This constrains the direction of a given spatial
sampling lattice to be the same as the orientation of the Gabor function. Dilation requires
that the scale of the Gaussian window be increased by the same factor as the modulation

frequency is reduced; that is

1
O = ;O'k_.l, (3106)

a)k = pa’k-——l- (3107)

Note that the frequency-scale product is constant; it is not affected by rotation or dilation.
The inverse of this constant product is referred to as the “bandwidth-frequency ratio,”
and is given by

)= 2w :_Aﬂ‘

—» o (3.108)
Since A is constant for the log-polar representation, defining the channel frequency also
defines the channel bandwidth.

Since a Gabor channel has a finite freduency and orientation bandwidth, it is necessary
to use a set of Gabor filters to “completely” extract the image information. Completeness
means that the output obtained from the Gabor filters provides sufficient information
to uniquely reconstruct the image. The smallest set of Gabor filters that preserves
completeness is referred to as a “minima-lly complete” set.

If it is assumed that the filter set is minimally complete, the filter parameters can
be systematically chosen. Two phases are sufficient for a minimally complete set. Each
channel comprises a quadrature pair of Gabor filters. In this work, the phase for the
quadrature pair is defined as p = £%.

In a minimally complete set, the angular difference between adjacent orientations is

equal to the orientation bandwidth; that is

$1— b1 = AS. (3.109)
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The orientation has a 7 wrap-around making the orientations ¢ and ¢ + 7 dependent.

Thus, the orientation bandwidth in the minimally complete set must be chosen such that

Ag = (3.110)

?

&=

where nj is the (integer) number of orientations in the filter set. In the log-polar repre-
sentation, the orientation bandwidth is the same for all Gabor functions; the orientation
bandwidth is not affected by rotation or dilation.

In the minimally complete set, the difference between adjacent modulation frequencies

is given by

Wy — Wy =

AW + Adg_,
5 .

Combining (3.100), (3.101), (3.107), (3.110), and (3.111), it can be seen that the fre-

(3.111)

quency multiplication factor p is given by

_ Zratng (3.112)

C 2ma—ny
Once p is defined, the set of modulation frequencies and scales are defined by the selection
of a ba,sé frequency &p and A.

From the previous equations, it can be seen that there are four important constants
used in forming a set of Gabor filters: nj, «, p, and A. The minimally complete frequency
spacing of the Gabor channels is defined by the selection of nz and one of «, p, or A.

A Gabor filter will oversample the spatial domain; an output is produced at each
pixel location of the image. If minimal completeness is enforced in the spatial domain,
the sampling interval in the ¢ and the § (rotated axes) directions are determined by the

respective spatial extents; that is
&y — En_y = Ay = 0oy, (3.113)

ym - gm—l = Ay’k = Q0. (3114)
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Figure 3.9: Spatial Sampling Lattices

The set of spatial sample points (Z,,Jm) is referred to as the “spatial sampling lattice”
for the channel &y, ¢;.

Each Gabor channel has its own spatial sampling lattice. The shape of the lattices
vary with the frequency and orientation of the channel. It can be seen in figure 3.9 that
higher frequency channels have higher spatial resolutions. It can also be seen that each
lattice is rotated to match the orientation of the Gabor channel. The spatial sampling

lattice is discussed further in section 3.3.

Local Magnitude and Phase

This paragraph discusses how the local magnitude and phase are measured. A Gabor

filter produces a coefficient a() at each lattice point (z,,ym):

a(j"n, @m;wlw&l’p) = //]('%7 :l))G,(i’ - ina?} - ﬂm;@k,&l,p)dﬁdfj\. (3115)
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The coefficients from quadrature Gabor filters are used to calculate a magnitude and
phase which is localized about £,y in the spatial domain and @k, in the frequency

domain. The local magnitude for the channel &y, & is given by

T

m(aﬁ, ?j; a)ky %l) = [a(a’;,y’;a)ka Qzl,p)z + a(:é’ ?j;‘bh ‘th + 5)2]0.5' (3116)

The local phase is given by

a(:{:’:’j; "‘Njkagzhp'*_ %)]

ks O] (3.117
a(wvy;wk,¢l$p) )

0(&,9; &k, é1) = arctan|

The output of each Gabor channel forms a magnitude and a phase map. The set of maps
provide a multiscale, multiresolution representation of the original image.

The magnitude and phase are used in subsequent subsections to extract image features
(section 3.2.2), to estimate local image frequency (section 3.2.3), and to measure inter-

frame displacements (sections 3.2.4 and 3.2.5).

3.2.2 Selecting Interesting Features

This subsection discusses how the local magnitude is used to extract uni-directional and
omni-directional features. Three thresholds are applied to a magnitude map. The omni-
directional features are identified using the normalized moment of inertia.

The Gabor representation makes interesting features explicit. The magnitude re-
sponse within a Gabor channel represents the significance of the feature. A good feature
will produce a large local magnitude.

In order to extract uni- and omni-directional features, large magnitudes must be
identified in each channel. In this work, three thresholds are applied to the magnitude
response to detect significant values. The first threshold is based on the absolute magni-
tude. It defines the minimum magnitude to be considered a feature. This threshold can

be selected as a fraction of the maximum magnitude or as a multiple of the noise level.
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The second threshold is based on the local magnifude at a given lattice point relative to
its spatial neighbours. It rejects the hypothesis that a lattice point contains a significant
image measurement (a feature) if one of its spatial neighbours has a large magnitude.
The third threshold compares the local magnitude response in neighbouring channels. It
is based on the relative magnitude of a potential feature viewed through channels with
neighbouring orientations, but common frequency. A large magnitude in channel ¢, at
spatial coordinates (&, §) inhibits the instantiation of a feature in channels ¢, and @, at
(2, 9).

Omni-directional references can be found by combining the magnitude responses from
all orientations 2. If, at a point (2,7), the magnitude responses display significant spectral
energy in different (preferably orthogonal) orientations, then the locél region is an omni-
directional feature. The minimum normalized moment of inertia is an estimate of the
variance in the orientation of the local region’s spectral energy. An omni-directional
feature has a high normalized moment of inertia.

The normalized moment of inertia for the orientation ¢r is given by [9]

I(Z,000) = Y ﬁ(i,—?é:)—"m sin?[¢ — 7], (3.118)
1
where
Cr(#,§;x) = > m(&, §; &, ¢r). (3.119)
I

The minimum moment of inertia is obtained by substituting the following orientation

into (3.118):
El m(‘%’ g) ‘:ka ‘gl) sin 2§$1

¢ = 0.5 arctan - —. (3.120)
i m(2, §; @, é1) cos 24
The minimum normalized moment of inertia is limited to an interval given by
0 < I(%,9;an) <0.5. (3.121)

?Interpolation is required because the spatial lattices from different Gabor channels are not aligned.
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A uni-directional reference has a minimum normalized moment of inertia near zero; for

an omni-directional reference, I(#,§; &) is near one-half.

3.2.3 Measuring Phase Differences

This subsection discusses how the phase difference between lattice points is measured.
The phase difference is used to estimate the local frequency and the expected frequency
error. Criteria for identifying phase measurements that are likely to be unstable with
respect to image deformations induced by sensor/object motion are established. The
sensitivity of the phase difference measurement to image noise is discussed.

The local spatial frequency and small inter-frame displacements are estimated using

phase differences. The local phase difference is given by

ao(p)ar(p + 3) — a1(p)ao(p + 3)
a1(p)ao(p) + ar(p + 3)ao(p + %)’ (3.122)

where the a,(p) and ag(p) are coefficients at lattice points 1 and 0, respectively, obtained

Al = 0, — 6y = arctan

from a Gabor filter with phase p. For the case of local frequency estimation, the two lattice
points belong to the same channel, and the same image. For inter-frame displacements,
the lattice points belong to to the same channel, but different images. Discussion of the
inter-frame displacements can be found in later subsections on Gabor-based disparity
(section 3.2.4) and normal image velocity (section 3.2.5) estimation.

The local spatial frequencies, w; and w;, are estimated using the average phase shift
between the lattice po.int (£n, Ym) and its spatial neighbours along the ¢ and g-axes,

respectively; that is

Ab,, Abpyyn

wg = 0.5[—=o=t 4 _—ndle (3.123)
Tp — Tyt xn-}-l — Ty
JAV/ Al 1,m

wy = 0.5[—22=1 4 i, (3.124)

Um — Um—1 ?]m+1 — Um
where

Abr 1 = 0(&n, ) — 0(£n-1, Yrm)- (3.125)
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The difference between the two phase shifts is used to measure the expected frequency

error in the £ and ¢ directions:

A011,,11—1 ABn+1,n

IAw;ﬁl = |3 _ 4 1 4 i — 4 ) (3.126)
m— om m
|Awy|=IgA0m’, 1 A0, (3.127)

m — Ym-1 gm+1 - gm

The expected frequency errors, Aw; and Awy, are used to estimate the expected error in
disparity and normal image velocity.

The expected frequency error is one measure of phase stability with respect to small
image deformations. The phase is generally stable throughout the image. There are some
image regions, referred to as “phase singularity neighbourhoods [21],” where the phase
is not stable. When the expected frequency error is large, the gradient-based estimate
of the inter-frame displacement will be unreliable; the assumption that the higher-order
phase terms in the Taylor expansion are negligible is invalid.

The difference between the local frequency and the channel frequency is also used to
detect phase singularity neighbburhoods. Although the local frequency w, is generally
different than the channel frequency &y, the difference should not be much larger than
half the bandwidth of the filter. Consider the case of an image filtered using a Gabor
function modulated along the #-axis, that is, ¢; = 0. The ratio of the # frequency
difference and the effective bandwidth of the Gabor filter is given by [21]

|lws — G

Tw@ = A (3.128)

The ratio of the orthogonal frequency difference and the effective bandwidth (in the §

diI‘eCtiOI’l) is given by
I“Q'a
@ Awk '

In this work, an image region is removed from the active feature list if either

(3.129)

Tw(g) = 0.5, (3130)
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or

Tw(g) > 0.5. (3.131)

Note that the above constraints are valid for ¢, = 0; rotated coordinates are used in
(3.128) and (3.129) when ¢; # 0.

The measurement of the local frequency imposes a new requirement on the spatial
sampling interval. The local frequency is estimated using the phase change between
lattice points. The spatial lattice must be oversampled (with respect to the minimally
complete spatial sampling interval) to ensure that all frequencies within the channel
passband can be measured. To avoid aliasing, the phase change between the reference
lattice point and its neighbours must be less than 7. The demodulated phase change ®

between adjacent lattice points in the direction of modulation is given by
Abjemod = (wg — Or) Ay, (3.133)

where A, is the sampling interval along the #-axis. To ensure that |Af4emoq| is less than

a chosen threshold, 6,, for all
Ady,

lwe — x| < — (3.134)
the lattice spacing A#, must be constrained:
20 20
Af, = 135
© S Aoy T Ao (3.135)

The phase change between adjacent lattice points that are orthogonal to the modulation
is given by

AB = wy AY,, (3.136)

3The phase response is demodulated before measuring Af. The conversion from the demodulated
phase derivative to local image frequency along the #-axis is given by

~ Ae emo
we & @y + -—%. (3.132)
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where Ay, is the sampling interval along the g-axis. The constraint on the lattice spacing

Ay, that ensures that |Af| < 8,, for all

A&y,
| < —= 1
jwyl < <= (3.137)
is giveﬁ by
20 0
Ad, < (:a _ 20 _
Awk GJk(AqS)
A good choice for the threshold phase is 0, = .

(3.138)

The relative magnitude between adjacent lattice points can be used to determine if the
frequency measurement is aliased or is being influenced by neighbouring image features.
Consider an edge whose normal is parallel to the £-axis. Assume that it passes through
the reference lattice point. If there are no other significant features in the neighbourhood,

the magnitude at the adjacent point in the modulation direction will be attenuated:

Tm(#)(edge) = % = exp[—ax(Ad,)?], (3.139)
where
A2
C= 14
ag A ’ (3 0)

and m;; is the magnitude at a lattice point that is offset from the reference point by
(:Ad,, jAY,). The relative magnitude 7,z can be less if the edge does not pass through
the reference point. Consider an edge that passes to the left of the reference point by

—A-,fd. The relative magnitude between the reference and the right adjacent point is

exp[—ax(1.5A%,)?]
exp[—ax(0.5A%,)?]

= exp[—2ax(A%,)?], (3.141)

Tm(s)(€dge, we) =

where (edge,wc) denotes the worst case attenuation for an edge.
A similar attenuation exists for adjacent lattice points in the orthogonal direction.

Consider an edge whose normal is tilted relative to the modulation direction of the
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Gabor channel. The largest -tilt within the channel bandwidth is %. For such a case,
the attenuation is given by

22
A0

47 oe?

Mo,1

(522—?;)2]. (3.142)

Tm(y)(edge, we) = = exp|

0,0

The above-mentioned attenuations are valid for the special case of a edge. Most
uni-directional features, such as sine wave gratings, will experience less attenuation. A
magnitude test that identifies local frequency estimates that are aliased or are influenced
by neighbouring image features can be formed. If the relative magnitude (for a uni-

directional feature) is defined as

Tm(s)(uni) = min[%, Z:’Z], (3.143)
. . Mo1 Moo

Tm(s)(Unt) = min|——, —=]. 3.144

(9)(un2) [ — mO,l] (3.144)

then the test for valid phase change measurements are given by
Tm(s)(edge, we) < Tm(s)(uni) < 1.0, (3.145)

Tm(g)(€dge, we) < Ty (uni) < 1.0. (3.146)

Adjacent points whose relative magnitude does not satisfy the above constraints are
rejected.

The local frequency is estimated using the average of two phase changes. If one
of the phase changes is rejected, the local frequency can still be estimated using the
remaining measurement. The expected error for the local frequency is set equal to half
the channel bandwidth in this case. If both phase changes are rejected, the feature is
consider unstable and is removed from the active feature list.

The expected frequency error is used in sections 3.2.4 and 3.2.5 to estimate the ex-

pected disparity error and the expected normal image velocity error, respectively. The
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expected error in the phase shift for the inter-frame displacement is also used. An expres-
sion for the expected inter-frame phase error, obtained using sensitivity analysis, appears

below.

The sensitivity of (3.122) to errors in the Gabor coefficients is given by the following

derivatives:
So(p) = 5i0A(Z) = ao[(i;}%) ; (3.147)
Si(p) = (;;A(Z) = —alfi :Ef) (3.148)
where
m = [a*(p) + a*(p + 5)" (3.149)

The error in the local phase difference (§Af#) due to errors in the Gabor coefficients (6a)

is given by
[5(AD]? = S3(p)oay(p)+ S5 (p+3)8ad(p3)+S5T(p)6ai(p)+ST(p+5)dai(p+3). (3.150)

If it is assumed that the error in the Gabor coeflicient is due to in-channel noise whose

power is denoted by oZ, the error in the local phase difference is approximately given by

20’G

S(A9) ~ (3.151)

mo +my
Thus, given a model of the image noise within the Gabor channel, the expected inter-
frame phase error can be estimated. Note that the expected inter-frame phase error is

inversely dependent on the signal-to-noise ratio of the filtered image.

3.2.4 Disparity

This subsection discusses how disparity is measured using Gabor filters. An oversampled
lattice is proposed to extend to measurable range of depths. Criteria for rejecting incor-
rect feature matches are established. The expected error in the disparity measurement

is estimated.
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The use of stereo disparity to calculate depth was reviewed in chapter 2. It was shown
that the disparity for parallel stereo cameras is constrained to the epipolar line. In this
work, only the Gabor channels whose orientation is along the epipolar line are used for
estimating disparity. These channels are referred to as the “epipolar channels.”

Disparity is measured by comparing maps from the same channel, but from the left
and right images. Once corresponding lattice points are identified in the left and right

images, the relative disparity is measured using the phase difference:

Af
g = —2E, (3.152)

Wz

where Al g is the phase difference between the left and right images. Because of the
epipolar constraint, only the £ component of the local frequency is estimated; wj is not
required.

The range of measurable depths for (3.152) is limited. Since the local phasé difference

is modulo 27 the measurable disparity is restricted to

T, <X (3.153)

Wz z

This interval, referred to as the “disparity interval,” is dependent on the local frequency

of the filtered image. Since w; ~ @y (see (3.128)), the disparity interval will be very small
for high frequency channels.

The range of measurable depths can be extended by selecting a set of epipolar offsets

with overlapping disparity intervals. The epipolar offsets can be chosen as multiples of

the spatial sampling interval (AZ;); that is
Eoffset = noAis, (3154—)

where n, is a non-negative integer. In such a case, a set of epipolar offsets can be achieved

by matching a lattice point in the right image with incremental lattice points in the left
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image. To ensure that the disparity intervals overlap and to avoid phase wraparound,
the spatial domain is oversampled along the epipolar line. If adjacent spatial samples are
separated by a phase shift of = (with respect to the channel frequency, @), the sampling

interval is given by

Ay = —. (3.155)

Multiple disparity intervals produce a set of possible depths: the correct depth, and
many aliased depths. Aliased depth estimates must be identified and rejected. There a
number of constraints and measures that can be used to reject unlikely depth estimates:
the disparity is positive (for parallel stereo cameras); the best match should have a small
phase shift; and the local magnitude and normalized moment of inertia are similar at
corresponding points.

The cameras can only view objects that are in front of them. As a result, the disparity
for parallel stereo cameras is always positive. Candidate matches with negative disparities
are identified as aliased and are rejected.

The phase difference can be used to reject bad matches. If the spatial domain is
oversampled to satisfy (3.155), corresponding lattice points will usually have a phase
shift that is less than Z. The largest phase shift, accounting for the finite bandwidth of
the Gabor channel, is restricted to

A
|AG] < g(1 +3). (3.156)

Any potential match with a phase shift exceeding (3.156) can be rejected. If there are
two neighbouring disparity intervals that satisfy (3.156) and the other matching criteria,
the interval with the lower phase shift is the better match.

Differences in the local magnitude between stereo images can be used to detect alias-
ing. Consider as an example a scene that consists of a dark spot on a light coloured wall.

The spot become a reference feature when the scene is viewed by stereo cameras. If the
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centroid of the spot coincides with a lattice point in the right image, the spot will be
displaced from the corresponding lattice point in the left image by the relative disparity
d,ei. The spot produces the maximum magnitude response in the right image, and an
attenuated response in the left image. The attenuation in the local magnitude * is given

by

ma($,§) mu(&,9), _ - dri
mi(3,3) ma.g)) — CPT(SE)) (3.157)

TR,L = mm[
The disparity interval containing the correct depth produces a large rg 1, near unity. If
rrr is small, then the relative disparity is too large and the depth estimate is identified
as aliased.

If the relative disparity is small enough such that aliasing does not occur, (3.157) can

be rewritten in terms of the local phase difference:

A0
rrL = exp[—7A*(=—)?]. (3.158)
2T
Since the onset of aliasing occurs at |Af] =,
Ao
TRL < Talias = eXP[—W(g) ] (3.159)

indicates an aliased measurement °.

Differences in the normalized moment of inertia can also be used to detect aliasing.
The normalized moment of inertia is more difficult to use as a matching criterion than
local magnitude. In this work, heuristic thresholds are used to identify uni-directional
features and omni-directional features. A uni-directional feature is given by I < 0.3;
an omni-directional feature is given by I > 0.4. Any potential pairing that attempts to
match a uni-directional with an omni-directional features is rejected. In this work, the
normalized moment of inertia is used only in the E,fs; histogram described in chapter

4.

41t is assumed that the gains of the stereo cameras are matched.
SA tighter bound can be obtained by using |Af,4z| = 1+ %) instead of .
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The above criteria are used to reject bad matches. Even after applying these con-
straints, more than one potential match may still exist. Information from other sources is
used to select the correct disparity interval. A priori information sources include disparity
estimates from the lower frequency channels and from past images. The use of a priori
prediction for feature correspondence is discussed in chapter 4. Note that the Eyfsse
histogram mentioned in the previous paragraph is used when no a priori information is
available. |

It is desirable to model the accuracy of the disparity measurement. The error in a

disparity measurement is given by

A

éd; = (Eoffset — E) + 6drel, (3160)

where E is the selected epipolar offset, and 8d,.; is the error in the relative disparity. The
disparity estimate has two primary sources of error: an incorrect epipolar offset or an
inaccurate estimate of the relative disparity. An incorrect epipolar offset, or equivalently
a correspondence error, is usually large and difficult to model. If the image feature is
moving, the correspondence error will be identified in later stages of processing, during
the velocity-based outlier test (Mahalanobis distance in chapter 4). Errors in the relative
disparity are primarily due to inaccurate estimation of the local frequency w; and due to

noise o%. The model of the relative disparity error is given by

(5"~ () (2 + (Z2Y05(mm + mu)] (3.161)

where my, and mp are the local magnitude of the left and right images. Equation (3.161)

is used in chapter 4 as the expected disparity error.

3.2.5 Normal Image Velocity

This subsection discusses the Gabor-based estimation of normal image velocity. The

matching criteria established for disparity measurements are reformulated for normal
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| image velocity. The expected error in the normal image velocity measurement is esti-
mated.

Measuring normal image velocity is similar to measuring the disparity except that the
direction of image motion is not known. As a consequence, both the # and § components
of local frequency must be estimated. Normal image velocity measurements are obtained
from each channel. The Gabor channels whose orientation is not along the epipolar line
are referred to as “oblique channels.” A special case is the channel whose orientation
is orthogonal to the epipolar channel. This channel is referred to as the “orthogonal
channel.”

Normal image velocity is measured by comparing maps from the same channel, but
from successive images in an image sequence. To measure normal image velocity, we need
the normal direction (¢,), the local frequency along the normal (w,), and the temporal
frequency (w;). The normal direction, with respect to the epipolar line, is defined as

¢n = arctan (:Ty = ¢ + arctan % (3.162)

The local frequency along the normal direction is given by
Wy = [wh 4 wi]*?. (3.163)

The local temporal frequency, w;, is measured using the phase shift of corresponding

points from two successive images:

Ad(t;)
Wy = AL (3.164)
where
At =t;, —t;_;. v (3.165)

If there is no lattice offset between the corresponding lattice points, the normal image

velocity is obtained by substituting w; and w, into (3.85). If there is a lattice offset, the
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normal image velocity is given by

V., = % cos é,, + pot,et sin ¢y, — :—; (3.166)

where £,1f5e: and Jossse¢ are the lattice offsets along the £- and g-axes, respectively.
As in the case of disparity, the spatial domain must be oversampled. In this work, a

lattice sampling interval of
T

Aby = — (3.167)

~

Wi
is used. It will ensure that some Z,yy,.; exists such that Af(t;) does not experience phase

wraparound. The g direction is also oversampled:

Ay, = 2=, (3.168)
Wy

The lattice offset between corresponding lattice points is obtained using a hypothesis-
test approach. The lattice offset is predicted from the current estimate of sensor motion.
This estimate is based on information from lower frequency channels. At the lowest fre-
quency chanunel, the lattice shift is assumed to be zero. This assumption is acceptable
because the phase-based estimator of image displacement covers a large spatial region for
low frequency channels. Once a lattice offset prediction is made, the four nearest lattice
points (in the corresponding image) are tested as potential matches. The matching crite-
ria is a subset of the disparity test: the local magnitude must be similar at corresponding
lattice points; and the best match has a small phase shift.

The accuracy of the normal image velocity and the normal direction can be estimated.
The constraints (3.128) and (3.129) ensure that the local frequencies within a Gabor

channel are approximately given by
wg R Dy, (3.169)
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In such a case, errors in the normal direction and the normal frequency, due to errors in

the local ffequency (but not correspondence errors), are approximated by

5, m 200 (3.171)

W

Swn = bwg. - (3.172)

The expected error in the normal image velocity, which include the effects of noise, is
given by
w bw, ol
(§V)* = (w—t)z(w—n)2 + (;—3)2[0-5(77%1 + mo)P?, (3.173)

n

where m; and mg are the local magnitude of the successive images.

3.3 Notes on the Sampling Lattice

This section discusses further the spatial sampling lattice. The utility of a multiscale,
multiresolution representation for measuring and predicting image displacements is dis-
cussed. Sampling schemes that reduce the size of higher frequency lattices are examined.
The effect of spatial oversampling on the estimation of the inter-frame sensor motion is
discussed.

For the case of the log-polar representation, multiscale refers to a set of Gabor chan-
nels with different channel frequencies and different channel bandwidths; multiresolution
refers to a set of lattice with varying sampling densities. Multiscale, multiresolution
representations are useful for estimating disparity and normal image velocity. Both dis-
parity and normal image velocity is easily estimated using lower frequency channels. In
low frequency channels, phase-based measurements of image displacement cover a large
interval. In addition, low frequency channels contain a sparse number of lattice points
which simplifies correspondence. The drawback of low frequency measurements 'is that

the expected error tends to be large.
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Lower frequency measurements can be used as a priori predictions of the more accu-
rate higher frequency measurements. Lower frequency disparity measurements provide
a local constraint on the possible dispafities in higher frequency channels. The lower
frequency normal image velocity measurements are used to produce an estimate of the
sensor motion; the sensor motion is subsequently used to predict the position of corre-
sponding features in higher frequency channels. The prediction of disparity and normal
image velocity is detailed in chapter 4.

The size of the spatial sampling lattices is large for high frequency channels. Both
the size of the lattice and the sampling density increases with the square of the channel
frequency. One may wish to festrict the size of the spatial sampling lattices of higher fre-
quency channels in order to reduce the memory and computational requirements. These
lattice restrictions have utility only if they exclude image measurements that are unim-
portant or redundant.

In autonomous vehicle operations, a stationary object near the sensor’s focus of ex-
pansion will (eventually) obstruct the vehicle. To ensure reliable detection of stationary
obstacles, lattice points near the sensor’s focus of expansion must be retained. For the
case of a forward translating sensor, the focus of expansion is near the image origin.
Any lattice restrictions should retain the important samples near the image origin, and
exclude periphery points. If the number of lattice points is fixed, the size of the region
covered by the lattice is reduced as the channel frequency is increased. The restricted
sampling lattice is shown in figure 3.10.

One limitation of this restricted sampling lattice is that it considers only the detection
of stationary obstacles, and not the requirementé for disparity measurements. In the
restricted lattice shown in figure 3.10, the maximum epipolar offset reduces as the channel
frequency increases. As a result, many stereo correspondences will be lost. Without

a disparity estimate, the associated normal image velocity measurement is useless for
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Figure 3.10: Restricted Sampling Lattice

estimating sensor motion.

An alternative approach is to use a band sampling lattice for the epipolar channel,
and the restricted sampling lattice for the oblique channels. The band sampling lattice
extends across the image in the direction of the channel orientation. Band sampling
restricts the lattice in one direction only: the direction orthogonal to the channel orien-
tation. For the epipolar channel, band sampling produces a high resolution band parallel
to the Z-axis, as shown in figure 3.11. A virtue of band sampling is that the number of
points along the epipolar line is increased. As a result, larger disparities can be measured.
A second advantage of band sampling is that the number of stereo velocity measurements
is increased. This will result in better detection of moving objects. The final advantage
of band sampling is that peripheral measurements can help distinguish between rotation
and translation when the sensor is viewing a scene with a constant depth. With the
additional peripheral epipolar measurements, the T, and {2, sensor motion parameters

are more accurately estimated.
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Figure 3.11: Band Sampling Lattice

The final advantage would seen to be a reason to use band sampling for oblique
channels. Although more sample points would improve the accuracy of 7, and Q,, the
accuracy may not be required. In a typical autonomous vehicle application, the vehicle is
travelling on a planar surface and the optical axis of the sensor is approximately parallel
to the ground plane. Knowledge of planar sensor motion can be u‘sed to improve the
accuracy of T, and (1, as shown in chapter 4. |

The spatial sampling lattice is oversampled to avoid aliasing in the measurement
of local frequency, and to produce overlapping disparity (and normal image velocity)
infervals. The oversampling does not increase the amount of information available from
a Gabor channel; the larger number of measurements represent the same amount of
information. As a result, when the disparity and normal image velocity measurements
are combined to estimate the inter-frame sensor motion, the weight assigned to each
measurement must be discounted. A brief discussion of the discount factor follows. A

more detailed discussion can be found in appendix A.
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In chapter 4, a weighted least squarés technique is used to estimate the inter-frame
sensor motion. If all the image measurements are independent, the assigned weight is
the inverse of the expected squared error of the measurement. If an active feature has no
active neighbours, the measurement can be considered independent. In such a case, no
discount is required. If an active feature is surrounded by other active features, the mea-
surement is dependent on, and highly correlated with, the neighbouring measurements.
A larger discount factor is required to properly model the amount of new information
produced by each correlated measurement. The discount factor is thé inverse of the
sum of the overlaps between the reference feature and all its active neighbours. If the
neighbourhood of interest is restricted the eight closest points in the spatial lattice (the
adjacent vertical and horizontal lattice points and the adjacent diagonal lattice points),

‘the discount factor, Byiscount, Will be in the following range (see appendix A):

1

1 ¥ 20+ 25+ 4ab < Biiscount < 1.0, (3.174)
where
a= exp[—%(/\cbkA:is)2], (3.175)
and
b exp[—g(gcbkAy's)z]. (3.176)

The overlap between adjacen.t horizontal, vertical, and diagonal points are denoted by a,

b, and ab, respectively.

3.4 Discussion and Summary

It should be apparent that normal image velocity and disparity measurements are not
made at every pixel in the image. The image is encoded into a representation that com-

prises a set of spatially subsampled bandpass channels. Distinctive image features are
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identified from the magnitude maps of each channel. Even though the spatial position of
features may coincide, the maps from the set of Gabor channels are processed indepen-
dently. The application of the thresholds to the magnitude maps result in a significant
reduction in data without losing important information. The resulting set of features
may have a sparse and nonuniform distribution. Data is also reduced using constraints
on the local frequency. Features that are likely to be unstable with respect to sensor
motion-induced image deformations are identified and rejected. |

The remaining features in each channel are used to measure the disparity and the nor-
mal image velocity. At this stage, some c;ross channel coherence is assumed. Information
from lower frequency channels is exploited to aid feature correspondence.

Along with the disparity and normal image velocity measurements, the Gabor-based
approach estimates the expected error in each measurement. The expected error or
other measure of uncertainty is important when information is combined. In chapter 4,
all features with valid normal image velocity and disparity measurements are combined
to estimate sensor motion. A weighted least square estimate of sensor motion reduces the
influence of uncertain measurements. In addition, knowledge of the expected measure-
ment error allows the calculation of the error covariance matrix for the inter-frame sensor
motion. The expected measurement error and the error covariance matrix are used in the
Mahalanobis distance test to identify and reject features that belong to nonstationary
objects.

The propagation of the expected measurement error can go beyond the inter-frame
sensor motion stage. In this work, the expected measurement errors eventually become
part of the error covariance matrix for the extended sensor motion, the error covariance
matrix for each object motion, and the expected error in the collision parameters for each
moving object. It will be shown in chapter 4 that the various error covariance matrices

are needed to integrate auxiliary sensor information and to exploit external knowledge
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such as planar motion. The expected error in the collision parameters would be used by

the obstacle avoidance module.



Chapter 4

Obstacle Detection using a Stereo Image Sequence

This chapter describes how the collision parameters are estimated from a stereo sequence
of images. An overview of the obstacle detection algorithm is presented in section 4.1.
The mathematical descriptidns of the algorithm’s important submodules—inter-frame
sensor motion, Mahalanobis distance, and Kalman filter—are included in later sections.
Subtle details that are necessary to implement the algorithm are investigated. A com-
parison of the various submodules of this algorithm with the work of other researchers is

provided.

4.1 Overview of the Obstacle Detection Algorithm

This section provides a brief overview of the obstacle detection algorithm. Information is
transformed from pixels in a stereo image sequence into collision parameters for moving
objects.

The obstacle detection algorithm is shown in figure 4.12. The stereo image sequence
is processed using the Gabor filter technique described in chapter 3. A set of interesting
image features are selected (section 3.2.2). The disparity, the normal image velocity, and
the associated expected errors are measured at corresponding features (sections 3.2.4 and
3.2.5). The disparity is converted into a depth estimate using (2.57). From the depth
and the image coordinates, the transformation matrices A(z~') and B(z) are calculated
for each feature. The normal image Veloéity measurement provides both the magnitude

V., and direction ¢,. The normal direction vector 7, along with A(27') and B(z), form

86
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Figure 4.12: Obstacle Detection Algorithm
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the transformation vector J.

The vector J transforms the inter-frame sensor motion into an estimate (prediction) of
the normal image velocity. This prediction is valid for stationary objects only because it
does not account for object motion. The difference between the measured and predicted
normal image velocity is the prediction error. If the prediction error is much larger than
the expected error, the hypothesis thaf the feature belongs to a stationary object is
rejected. This hypothesis is tested using the Mahalanobis distance (section 4.3).

The features that pass the Mahalanobis distance test are used to refine the estimate of
inter-frame sensor motion. The inter-frame sensor motion is estimated using a weighted
least square approach (section 4.2). The expected error in the normal image velocity is
used to weight the sensor motion estimation.

Any normal velocity measurement inconsistent with its sensor motion-based predic-
tion is processed as a moving object. The excess normal image velocity—the measured
less the sensor motion-induced normal image velocity—is used to estimate the transla-
tional motion of the object relative to the ground surface.

The inter-frame motion estimates are integrated over the image sequence. The trans-
lational portion of the inter-frame sensor motion is integrated using a Kalman filter
(section 4.4). Similar Kalman filters are used to integrate the translational motion of
each moving object. The difference between these integrated motions is used to estimate
the collision parameters for each moving object (section 4.5).

The above paragraphs are a simplified summary of the obstacle detection algorithm.
Note that an estimate of the inter-frame sensor motion is required to test the stationary
object hypothesis. During the start of the inter-frame estimation stage, no sensor motion
estimate is available. The startup or bootstrapping stage uses a seeding process described

in section 4.6 to resolve this problem.
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4.2 Inter-frame Sensor Motion

This section provides a description of the inter-frame sensor motion estimation. It shows
how a set of normal image velocity measurements is combined to estimate the inter-frame
sensor motion. A by-product of the estimation process in the error covariance matrix for
the inter-frame sensor motion. An expression for the expected error is derived.

If the image features belonging to stationary objects are identified, and the depth 2
is known, the inter-frame sensor motion can be estimated from a set of normal image

velocities using weighted least squares:
i = Qilp, (4.177)
where Qine = Y w; LJE, p = 3w J;V,(2), and w; is a weighting term. The weighting

term w is defined as the inverse of the expected squared error in V,,, discounted by Byiscount

to account for feature overlap; that is

ﬁdiscount

where E|[ ] denotes expected value. The matrix Q;,; is referred to as the “Hessian” matrix;
P is referred to as the “measurement vector.” Note that the inverse of the Hessian matrix
is the error covariance matrix for the inter-frame sensor motion.

The expected squared error of the normal image velocity has two components: mea-
surement error and estimation error. The expected squared error in the measured normal
image velocity is given by
o&

Wy o, 0wy,

E[(Avn,mea3)2] = (_)2( )2 +

Wn, Wy (mave wn)2 ’

(4.179)

The expected squared error in the estimated normal image velocity is given by !

2251 Bl + (G20 BIsHP) + (5207 Bl

1Equation (4.180) assumes that the error in each of ¢, #, §, and d; are uncorrelated.

E[(Avn,est)2] = (
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+(%5)2 E[(8d:)?). © (4.180)

If the sensor motion is known, the sensitivity derivatives of the normal image velocity
estimate can be obtained from the derivative of J with respect to the parameters ¢,, ,
7, and dz. Unfortunately, the sensor motion estimate may change as more measurements
are incorporated.

To reduce the effect of the changing sensor motion estimate, the sensitivity derivative
can be approximated using stable quantities. The most stable quantities are obtained
from the Gabor sampling lattice: &, 9, @, and ¢;. Other stable quantities are estimated
locally from the stereo image sequence: d; (or z), V,,, ¢, and t.;. A moderately stable

quantity is the image velocity:

Vz
Vi

= AR,,B 0. (4.181)

The image velocity is usually insensitive to changes in the inter-frame sensor motion
estimate because errors in 5 are primarily due to the difficulty in distinguishing between
rotation about the z-axis (y-axis) and translation along the y-axis (z-axis). Even if there
is a confusion between sensor translation and rotation, the errors tend to balance, leaving
a good estimate of the image velocity.

The approximate sensitivity derivatives of the estimated normal image velocity are

listed below. The sensitivity to errors in the normal direction is given by

, Vi
Va = [—sin ¢, cos @,] . (4.182)
5¢n Vg

The expected squared error in V,, due to errors in the image coordinates is approximated

by

(5507 Bl(E2Y] + (5507 EUG ~ (27 (4183
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Only image coordinate errors in the normal direction affect the normal image velocity.
The error along the rotated axis £ is used as an approximation to the normal coordinate

€rror:
™

6% = 0.5Az, = o (4.184)
This error is equal to half the resolution of the Gabor spatial sampling lattice. The
sensitivity of the estimated normal image velocity with respect to disparity errors is
difficult to calculate using only stable quantities. The portion of normal image velocity
caused by sensor translation is sensitive to errors in disparity; the rotation-induced normal
‘image velocity is almost independent of disparity. To ensure repeatability, it is assumed
that the normal image velocity is caused by sensor translation only. Under the pure

translation assumption, the sensitivity due to disparity errors is given by

8V, V,
— = —. 4.185
b6dy  d; (4.18)
Using the above approximations, the expected squared error in the normal image

velocity is

E[(8V2)"] = E[(8Vimeas)] + E[(6Va,est)’] + €5, (4.186)

where e, is a constant term used to compensate for approximation errors. Note that the
estimate of E[(6V;)?] ignores the correlation ? between E[(6V; meas)?] and E[(6V2,,,]. As

a result, the expected squared error is slightly over-estimated.

4.3 Mahalanobis Distance

In order to use (4.177) it is necessary to exclude feature belonging to moving objects.
The “Mahalanobis distance” [6] can be used to test the hypothesis that a given normal

image velocity measurement belongs to a stationary object. The Mahalanobis distance

2The measured normal image velocity and disparity share a common image. The noise in that image
appears in both E[(6Vy meas)?] and E[(6dz)?].



Chapter 4. Obstacle Detection using a Stereo Image Sequence 92

is an image velocity-based hypothesis tester that compares the prediction error with the

expected error. In this application, the squared Mahalanobis distance is given by

2
&2 =%
mah E[ﬁg] ’

(4.187)
where e = V,, — J70. The expected squared error, E[e?], contains two parts: the expected
squared error due to measurement noise, and the expected squared error due to motion
parameter uncerfainty:
E[e®] = E[(6V,))] + JTQ;LJ. (4.188)
A threshold is applied to the Mahalanobis distance to identify measurements that are
inconsistent with the estimated sensor motion # and the stationary object assumption
[27].
Note that the Mahalanobis distance requires ;.1 and f. In order to insure that the
inverse of Q;,; exists and the current estimate of 8 is accurate, it is necessary to “seed”

Qint and p using measurements belonging to known stationary objects. The seeding

process is examined in section 4.6.

4.4 Kalman Filtering

This section presents two Kalman filter implementations: one for the extended sensor
motion; the other for the extended object motion. A batch solution to the extended
sensor motion is provided to facilitate understanding of the transformation from the
predominantly rectilinear model to the pure translation model of motion. This trans-
formation effectively stabilizes the stereo image sequence. The recursive implementation
of the Kalman filter follows. As part of the Kalman filter, the state transition and
measurement equations for the sensor and object cases are defined.
Equation (4.177) estimates the inter-frame sensor motion; that is, the three-dimensional

sensor motion over a short time interval. Because of the correlation between the z (y)
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translation and y (z) rotation, the Hessian can be ill-conditioned. This ill-conditioning
occurs when the features used in (4.177) are poorly distributed in three-dimensional
space. Even if the feature are well distributed throughout the image, insufficient vari-
ation in depth relative to the average depth will lead to two small eigenvalues in the.
Hessian matrix (see section 4.6.3). Temporal consistency can be used to improve the
three-dimensional velocity estimates.

The predominantly rectilinear model of sensor motion assumes that the vehicle trans-
lation is invariant over time. The sensor translation, however, will change as the observer
coordinate frame is rotated. If, for the moment, the effect of observer coordinate rotation
is ignored, the three-dimensional motion over longer image sequences can be estimated
by minimizing

Tseq = Z T'niv(i), (4189)

subject to
T:(2) = T, (4.190)
T,(i) =T, (4.191)
T.(3) =T, (4.192)

where ¢ denotes the inter-frame motion over the time interval ¢; to ¢;;,. For the purpose
of solving this constrained minimization, consider the normal image velocity of a feature
being tracked over the image sequence. If the feature belongs to a stationary object, the

transformation from sensor motion to normal image velocity is given by

- ) FT -
(o) | [ FO o o - o 2(0)
) | _ [ 7D 0 Ja) -0 am) |, (4.193)
n iT(n oo JT(n
V) | | FE@) 0 0 JQ()J_Q(n)_
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where the number in brackets denotes the inter-frame interval. A set of normal image
velocities bver the entire image sequence are combined to estimate the sensor motion.

A weighted least square estimate of the sensor motion is formulated using the set of
inter-frame Hessian matrices and measurement vectors obtain from different time inter-

vals. Using the block form of the inter-frame measurement vector and Hessian matrix,

p(3) = [Pa(?) B(2)]”, and

| Qint(5) = [Qa(i) Qb(i)} (4.194)
QI (1) Qc(4)
respectively, the least square solution is given by
7 ][R @0 e - am ] [ S ]
0(0) Q5(0) Q.0) 0 0 s(0)
0(1) Q: (1) 0 Q) -~~~ 0 pe(1) (4.195)
0w | | @m0 o Q) | | &

The least square estimate of the extended sensor translation is given by (see appendix B

for details)

T = A7) [pa() — Qu(9)Q57 (8)s(3)] (4.196)

where

A =3 [Qa(1) — Qu(1)Q:M()Q5 (9))- (4.197)

Note that the extended sensor translation is calculated without explicitly determining
the set of inter-frame rotations. This implicit calculation is achieved by decoupling the

effects of rotation from the inter-frame métrices Qin: and p. The new decoupled matrices,

containing only inter-frame translational information, are given by

Qr = Qo — Q707 (4.198)
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Pr = Pa — QsQ; ' s, (4.199)
Equation (4.196) can be written as a temporal integration of the decoupled inter-frame
matrices: |
T = [ Qr(i)] " [X i) (4.200)
i i
Equation (4.200) considers the entire image sequence as a batch. A recursive formulation
is most useful for autonomous vehicle applications.

In this work the Kalman filter is used to integrate the sensor motion over the entire
image sequence. The Kalman filter is a recursive parameter estimator that requires
a model of the underlying process and a model of the measurements of the process.
Tn this application, the parameters (state variables) to be estimated are the extended
sensor translation along the z, y, and z-axes. The process is the sensor motion and the
measurements are the normal image velocities at various points and at various times.
The model of sensor motion includes the effects of the observer rotation.

To understand how the observer rotation is included in the Kalman filter, it is neces-
sary to review the inter-frame sensor motion. The inter-frame sensor motion is a discrete
approximation of the instantaneous sensor motion. In the instantaneous sensor motion,
all translation and rotation components occur simultaneously. The inter-frame sensor
motion must be described sequentially. In this work, it is assumed that the translation
occurs before the rotation. Figure 4.13 illustrates the transformation of the old observer
coordinate frame at time ¢; into the new observer frame at time ¢;;;. The new ob-
server frame is obtained by translating, then rotating, the old observer frame using the

inter-frame sensor motion:

y =R'(t){|y | +|T |ALh (4.201)
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Figure 4.13: Model of Inter-frame Sensor Motion
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Figure 4.14: Model of the Extended Sensor Motion

where At is the time between successive images (¢;41 —t;). The rotation matrix R, using

the small angle approximation, is given by

1 —Q,At  Q,At
R=1| Q,At 1 QAL |- (4.202)
-Q,At QAL 1

The model of the extended sensor motion (the process model) is shown in figure 4.14.
The vehicle (or equivalently, the origin of the observer coordinate frame) is translating
at a constant velocity. The stereo cameras are undergoing transient rotations; the orien-
tation of the observer coordinate frame is changing. In this work, the extended sensor
translation is represented using the current observer coordinate frame. In order to predict
the translation at #;;,, the R matrix must be included in the process model to account
for any changes in the orientation of the observer coordinate frame during the inter-frame

transition from ¢; to ¢;,,. The extended sensor motion is describe in recursive form as

Tsen(ti+1) - RT(ti) Tsen(ti) + 'ﬁ'pa (4203)
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where 7, is the process noise vector. The state vector T, represents the estimate of the
extended sensor translation, not the inter-frame translation.

The measurement model is given by
Vo =J"0 +n, (4.204)

where n,, is the measurement noise. Note that the state vector for the process model
(Tser) and the measurement model (6) are different. It is necessary to convert the inter-
frame sensor motion into a more compatible format. The inter-frame sensor motion
combines a large number of normal image velocity measurements obtained at a given
time instant. A model that combines all normal image velocity measurements obtained

at time instant ¢; can be described as

The measurement noise is incorporated into the Hessian matrix Q);,;. The measurement
model (4.205) still needs modification. In order to use the inter-frame motion information
in the Kalman filter, the effects of rotation must be decoupled from Q;,; and p. Using

the decoupled matrices, Q1 and pr, the new measurement model becomes
pr = QTTsen- (4206)

The decoupling of the rotational parameters effectively stabilizes the image sequence,
allowing the use of a pure translation model for extended sensor motion.
The following equations are a modified version of the “alternative Kalman filter”

presented in [11]:
Qsen(t1) = Quen(t1/to) + Qr, (4.207)

Toen(t1) = Toen(t1/t0) + Q;L(tl) [Pr — QrTsen(t1/10))], (4.208)

Toen(t2/t1) = RT(t1) Teen(t1), (4.209)
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Quenlta/tr) = (BT Qrh(t)R)™ = RT(t)Quen(t1) RlL1), (4.210)
where Qser is the Hessian matrix for the extended sensor motion. The notation (¢1/to)
indicates a prediction for time ¢; based on the estimate at time #5. The second equal-
ity in (4.210) assumes that the rotation matrix R is orthonormal. This matrix is not
orthonormal, but for small rotational angles the error in making such an assumption is
small. Note that the inverse of the Hessian matrix, @7}, is the error covariance matrix
of the extended sensor motion.

The Kalman filter equations, (4.207), (4.208), (4.209), and (4.210), describe two dis-
tinct operations: updating Hessian and state variables with new data, and predicting the
next Hessian and state variables from past information. In (4.207), the decoupled inter-
frame Hessian Qr is added to the predicted Hessian Qsen(t1/to). The addition of new
information reduces the error covariancg of the translation estimates; new information

improves the estimate of the extended sensor translation. Equation (4.208) updates the

estimate of the extended sensor translation. The measurement error,

pT - QTTsen(tl/tO)a (4211)

weighted by the error covariance, adjusts the predicted translation. The predicted trans-
lation is recursively defined by (4.209). The rotation matrix R transforms the translation
estimates into next observer coordinate frame representation. Equation (4.210) is used
to predict the next Hessian. In its current form, (4.210) only transforms the Hessian to
the next observer frame representation. It is only valid when the process noise vector is
zero over the entire sequence; it does not allow for deviations from the modelled vehicle
motion trajectory. The process noise must be modelled if the stereo image sequence is
long. If the covariance structure of the‘motion disturbance is not known, a forgetting

factor (Aforget) can be incorporated to reduce the influence of older data:

Qse'ﬂ(t2/t1) = ’\forgetRT(tl)Qsen(tl)R(tl) (4212)
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where 0 < Afyrger < 1. When the motion disturbance has a known error covariance

structure, Nyen, (4.210) can be modified ‘as follows:
Qsen(t2/t1) = [RT Qs_:n(tl)R + Nsen]_l' (4213)

In section 4.6.6, it is shown how rotational terms and cross terms from the inter-frame
error covariance matrix can be used in N,.,.

The translational velocity of each object can be integrated over time using a Kalman
filter. By subtracting the estimated normal image velocity due to sensor motion, the
excess normal image velocity can be integrated. The translational velocity estimated
using the excess normal image velocity is relative to the world coordinate frame. The

process model for the object motion is given by

Topi(tigr) = RT(:) Ton;(t:). (4.214)

The inter-frame sensor rotation is included in the process model to account for changes in
the orientation of the observer coordinate frame. The measurement model for the object
motion is given by

‘/n,ea:cess = Vn - ']_Té = jojl;jTobj, (4215)

where J},",j =aT AR,,.

The Kalman filter equations for the object motion are as follows:

Qobi(t1) = Qobj(t1/to) + wlop; I, (4.216)

R(t:) = w Qu(t1) osss (4.217)

Topi(t1) = Tovj(t1/t0) + K (t1) [Vaseacess — I Tovi(t1/t0)], (4.218)
Topj(t2/t1) = RT(t1) Topi(t1), (4.219)

Qobi(t2/t1) = RT () Qu;(t1) R(t1), (4.220)
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where @, is the Hessian matrix for the extended object motion, and w=' = E[(6V; excess)?]-

The expected squared error in the excess normal image velocity is given by

B8V, eucess) = El(8V2)?] + T Qi J. (4.221)

N,eTrcess

If the moving objects are processed after the inter-frame sensor motion, E[(6V;2,,..,,] ~
E[(6V,)?]. The vector K is referred to as the “Kalman gain.” A high K indicates the
influx of important new data.

As in the extended sensor motion case, the Hessian prediction equation, (4.220), must
be modified to account for process noise if the stereo sequence is long (see section 4.6.6).
If the unmodified version of (4.220) is used, the Kalman gain will approach zero as time

elapses.

4.5 Estimating Collision Parameters

This section uses the extended object and sensor translation to estimate the collision
parameters. The collision parameters, the point-of-collision and the time-to-collision, are
important because they indicate if and when an object will collide into the sensor. It
is also important, particularly for obstacle avoidance, to determine the accuracy of the
collision parameters. The object and sensor motion error covariance matrices are used
to estimate the expected error for the point of collision and the time to collision.

The relative velocity of each object can be estimated using the integrated object

motion and the integrated sensor motion:

g | = Tobj = Tsen- (4.222)
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The collision parameters for each object are given by
teol = )
Teol =T + z tcola

Yeol =Y + y teot-

102

(4.223)

(4.224)

(4.225)

Uncertainty in the position and velocity of the object relative to the observer produces

uncertainty in the collision parameters:

ot
6y
6-7:001
62
6ycol = Llcol 9
oz
6tcol
69
bd; |
where
tcol 0 "‘-%foetcol ;z; 0 Ejfl
HcoI= [Hcol,v Hcol,p] = 0 tcol '—gfoetcol 0 _z_z; '%f"
0 0 -k 0 0 La
3 dy

(4.226)

(4.227)

The collision parameter uncertainty expression (4.226) has been linearized using a first-

order Taylor series expansion about the actual collision parameters, (Zcor, Yeol teot)- In

this work, the estimated collision parameters are used instead of the actual.

In order to determine the expected error in the collision parameters, it is necessary

to determine the error covariance of the relative position and velocity of the object. The

error covariance for the position of a feature is

Q'=1 0o () o0

(4.228)
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The error covariance of the relative translation for a moving object is given by
ret = Qb + Qon (4.229)

There is a cross-correlation between the position and velocity estimates, which is given

by

Q=[5 5 (BIasTBTms) | (4.230)
where 9, = [0 0 27%]7. The effect of Qpo 15 insignificant when the extended object

translation is estimated over a sequence of image and/or using many features (group-
ing of moving object features is discussed in section 4.6.4). In such cases, Q,, can be
approximated as 03g3.

The expected error for the collision parameters of features belonging to stationary
objects are calculated in a similar manner. The position error covariance is the same
as (4.228). The error covariance for the relative translation is set equal to the error

covariance for the extended sensor motion; that is,

= (4.231)

rel — “Ysen*

Since the sensor motion is estimated using a large number of features, the cross-correlation
between the position and velocity is considered insignificant (Qpy = 0323).

The error covariance matrix for the collision parameters, for both the moving and
stationary objects, is given by

-1

Qrel QZ;:
Qre @y

-1
= Hcol

col —

HT (4.232)

col*

When the cross-correlation between position and velocity is small, the error covariance

is approximated by

Q;oll = Hcol,VQ:elle;l,u + HCOI,PQ;IHCI(‘)I,p' (4233)
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Note that, for a constant relative translation (&, g, Z), the following terms are time-
invariant: the object’s focus of expansion (Zsee, Js0e) and the object’s point-of-collision
(Zcot, Yeot)- If the relative translation and the error covariance matrices Q) and Q, 1 are
constant, the first term in (4.233) is proportional to the square of ¢.,; the second term
is proportional to the square of z. Thus, the accuracy of the collision parameters will

improve as the object approaches the observer.

4.6 Implementation Details

This section explains implementation details that are necessary to run the proposed
algorithm. It examines establishing feature correspondences, seeding the Hessian matrix
to avoid startup problems, and grouping features that belong to a common moving object.
It discusses how to improve inter-frame sensor motion estimates by exploiting constraints
such as planar motion. Two extensions to the Kalman filter equations are proposed: the

incorporation of rotational uncertainty and pilot commands into the process model.

4.6.1 Feature Correspondence

This subsection discusses how feature correspondence, stereo and temporal, are estab-
lished. Stereo correspondence exploits a priori information from lower frequency Gabor
channels, past measurements, and heuristic spatial constraints. Temporal correspondence
is guided by the estimate of the inter-frame sensor motion and object motion.

The concept of feature correspondence is simple: given a feature in one image, find
the feature in a companion image that corresponds to the same physical feature within
the scene. The implementation of a correspondence method, however, is difficult. In
the previous chapter, it was shown how local attributes can be compared to test the

plausibility of two lattice points, each from different images, belonging to the same object
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feature. This local test will reject some feature pairings, but there is still the possibility
of multiple candidate matches. In this subsection, a priori information is used to limit the
search space such that a single best match or no match is found. Once a feature is found
in a given image, the a priofi prediction of the position of the corresponding feature is
used to define the search space in the companion image. The search space for a disparity
measurement consists of the two lattice points along the epipolar line that are closest
to the predicted position. The search space for a normal image velocity measurement
consists of the four closest lattice points surrounding the predicted position. Note that
the search space is defined in terms of lattice points within a Gabor channel. The search
space for the lower frequency Gabor channels spans a larger number of pixels than the
higher frequency channels. As a result, greater prediction accuracy is required for high
frequency channels.

The multi-scale approach to feature correspondence is useful for estimating disparity.
Coarse information from low frequency channels are used to predict the disparity in
higher frequency channels. Direct predictions are not always possible. The application
of the three thresholds (see section 3.2.2) to the magnitude map usually produces sparsely
distributed features, and subsequently, sparsely distributed disparity measurements. The
disparity estimates are interpolated to fill-in the disparity map for each epipolar channel.
Interpolated disparity estimates from lower frequency epipolar channels are used to select
the appropriate epipolar offset in the higher frequency epipolar channels. Since disparity
measurements are obtained from the epipolar channel, interpolated data is also used to
estimate disparity of features found in oblique channels of the same frequency.

Accompanying the disparity estimates are the expected disparity errors. The dispar-
ity errors are used to weight the interpolation process. The interpolation of disparity
estimates consists of two stages: a filling-in stage, and a four-point interpolation stage.

In the first stage, every lattice point in the epipolar channel is assigned a disparity value
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and an error value. Direct measurements of disparity and error are left unchanged. Lat-
tice points near direct measurements are assigned a similar disparity value but a larger
error. A drift penalty assigns progressively larger errors as the distance from a direct
measurement increases. In this work, the disparity is estimated from a weighted sum of

neighbouring lattice points:

- 1
di(O, 0) = p [ao,od,;.(O, 0) + ao,ldi(O, 1) + al’od,;;(l, 0) + ao,_ldi(O, —1) + a_l‘od_i-(—l, 0)],
(4.234)
where
Asym = Qoo + ao,1 + a10 + ap,—1 + a_1,0, (4.235)
E[(6d;)? ifi=3=0
a;; = [(6d2)’ ’ (4.236)

E[(6ds + eqrifs)?] otherwise,
and egyifs is the drift penalty. The interpolation error is set to the minimum error in the
neighbourhood:

C_to,o = min[aO,O a011 aw Clo,_l a_lyo]. (4237)

Once the filling-in stage is complete, each lattice point in the epipolar channel will have
a disparity and error estimate.

For oblique channels, the disparity and error are interpolated from the epipolar chan-
nel. A weighted average of the four nearest points provide the off-epipolar disparity
estimates. The error is calculated in a similar fashion. This interpolation scheme is
also used to project initial (predicted) values of disparity and error into higher frequency
epipolar channels. The initial estimates are used to select the appropriate epipolar offset
and to aid the subsequent filling-in stage. A cross-scale penalty is added to the error
estimate to reduce the influence of the lower frequency data.

It is necessary to estimate the disparity for the lowest frequency channel without an

a priori estimate. A histogram of the epipolar offset of all possible candidate matches
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is formed. To reduce the number of potential matches, an additional test using the
normalized moment of inertia is performed (see section 3.2.2). The dominant mode and
the larger of its two neighbours are selected as the candidate epipolar offsets for the
entire channel. Since the lowest frequency lattice contains a small number of points, the
computational complexity is small. In addition, since the spatial extent of low frequency
Gabor functions is large, the range of measurable depths is quite large.

The multi-scale approach is not perfect; no match is made when both candidate
epipolar offsets fail thé local attribute test. Past information is also used to establish
matches. Past depth measurements from the channel of interest are projected to the
current time instant. The image velocities due to sensor and object motion predict the
changes in the lattice positions of corresponding points. In most cases, the temporal
estimate of the epipolar offset will confirm the scale-based prediction. There will be
instants when the temporal estimates will produce extra matches. These additional
feature correspondences will increase the density of the stereo matches and improve the
certainty of the interpolated disparity map.

The density of stereo matches can be increased by enforcing a heuristic ordering con-
straint. If a surface is sufficiently smooth, corresponding features along an epipolar line
will appear in the same order in the left and right images [32]. The application of the
heuristic ordering constraint is shown in figure 4.15. The existing correspondences, es-
tablished by the scale-based and temporal-based matching algorithms, act as boundaries
for other yet unseen matches. If an unmatched feature is detected in the left image, and
it is bounded by two stereo features, the currently unmatched corresponding feature in
the right image must be bounded by the two corresponding stereo features (see figure
4.15). This limited space is searched for a potential match. If one unambiguous match
is found, the correspondence is established. In this work, multiple candidate matches

are ignored. Multiple candidate matches could be resolved using dynamic programming
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Figure 4.15: Heuristic Ordering Constraint

[40]. Once the heuristic ordering constraint instantiates a correspondence, the temporal
constraint will propagate the correspondence over time.

A multi-scale approach, embedded within a cycle of perception, is useful for creating
temporal correspondences and for estimating normal image velocities. Candidate tem-
poral correspondences are generated using the estimates of inter-frame sensor motion
and extended object motion, as shown in figure 4.16. The inter-frame sensor motion,
estimated from the lower frequency channels 3, is used to predict the temporal shift in
the lattice position of a feature belonging to a stationary object. The object motion,
estimated using past information from the channel of interest (see subsection 4.6.4), is

used along with the sensor motion to predict the lattice shift for moving object features.

3At the lowest frequency channel, the predicted image velocity is zero.
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In the epipolar channel, both stereo and temporal feature correspondences can be
made. This four point correspondence produces a stereo motion detector, such as de-
scribed in section 2.6. The stereo motion detector, also referred to as a “trajectory
detector,” i1s tuned to a preferred three-dimensional observer trajectory and has a finite
velocity bandwidth.

As mentioned previously, candidate temporal correspondences are predicted from the
sensor and object motion. For an epipolar channel, the candidate correspondences (the

lattice offsets that are closest to the predicted image displacement) are generated using *

Vi‘,R
Vir, | = Ho[B(2)0 + Tosy], (4.238)
Vy
where
zg 0 —2p
Hv=-1— 0 =3 |- (4.239)
0z -3

The candidate correspondences are tested and the best match (if any) is accepted. The
lattice offset along the §-axis, Jofsset, is the same for both the left and right images. The
lattice offsets along the Z-axis, £, .55 in the left image and &g, sse: in the right image,
can be different. The lattice offsets form a trajectory detector that is tuned to a preferred

three-dimensional velocity (., ¥,, 2,):

i‘o i‘R,offset
1
. -1 -
g | =14, TLoffset | Ag’ (4.240)
2.:0 ?Joffset

4For the case of parallel stereo cameras, the image velocity Vy is the same for both the right and left
images.
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where
2 —2IR 0
1 z 1 . .
== — —FE, ¢t 4.241
25 Eofgset y y fhset |7 ( )
Zf —-Zf 0

and E,ffset = & — r. The term F g is the preferred disparity of the trajectory
detector. Due to lattice quantization, the preferred velocity will not, in general, be the
same as the actual velocity B(2)0 + T,5;. The actual velocity will be within the velocity
bandwidth of the trajectory detector.

The three-dimensional velocity bandwidth of the trajectory detector is described using
a covariance matrix. If the largest change in image velocity without further offsetting

the lattices is £2&: or +2¥  the covariance matrix for the trajectory detector is defined

2At 2A¢°
as
E[(A%)?] E[AzAy] E[AzAz] (822 0 0
Cwa = | E[A§AZ] E[(A9)?Y E[AjAZ) | =H'| o (8zp o |HT
E[A:A#] E[AzAj] E[(A%)? 0 0 (5k)
(4.242)
If Ag, = aAZ,, the covariance matrix can be written as
A 21+ Th §(&r +2r)  27(2L+ R)
z T, . X R X
Cuza = (Z—f)2(2 Eoffset)2 §(2r +3r) 2%+ o’El,., 20z . (4.243)

Zf(iL—*-i'R) 2@21: 22;
It can be seen that the velocity bandwidth along the coordinate axes are different:

Az,

Ag > 9052 (22s 4.244
= Zf ( 2At )7 ( )
. z A?)s )
> = .
Aj 2 —(535); (4.245)
AI\
Ay =908 2 (2T (4.246)
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The velocity bandwidth along the z-axis is usually the largest ® of the three coordinate
bandwidths.

Estimates of the object motion may be known from past images. In such cases,
(4.238) can be used to predict candidate temporal correspondences. Unfortunately, the
object motion T,; is not always known. In such cases, candidate correspondences are
generated using a default set of probable or important object translations. In this work,
the default set contains the translation of stationary objects, moving objects that are
currently being tracked, and objects on collision trajectories.

T.s; = 0is a probable object translation because it is assumed that most of the objects
in the scene are stationary. A candidate correspondence predictor that assumes Tow; =0
is said to be “tuned to stationary objects,” and is referred to as a “stationary object
correspondence predictor.” Such a predictor will also detect moving objects within its
velocity bandwidth. Once a moving object is detected and its three-dimensional motion
is estimated (see section 4.6.4), the information is used in subsequent images to predict
temporal correspondences. It is important to retain the estimate of T,5; because the
velocity bandwidth will contract as the object approaches the observer.

Once a moving object has been detected, it is useful to search for other features be-
longing to the same object. Such action is useful for finding moving object features in
higher frequency channels where the velocity bandwidths are small. Since we are search-
ing for features belonging to a specific object, the depth of the candidate correspondence
must be close to the depth of the object. The matching depth requirement reduces the
amount of computations and reduces the probability of chance (incorrect) matches. This
is important when the scene contains many moving objects.

The most important objects are obstacles: objects with collision trajectories. There is

5The largest bandwidth is along the eigenvector of C,34 that is approximately equal to 7,34 =
(2L + 2R) 29 2zf].
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no guarantee that a candidate correspondence predictor tuned to stationary objects will
detect an obstacle. A correspondence predictor that is tuned to objects with collision
trajectories is required. The following paragraphs review collision prediction for the
monocular case, then extend it for the stereo case.

For a monocular observer, a collision can be predicted from the projected image
coordinates of the object, denoted by (&os;, Josj), and the object’s focus of expansion,

(Zf0es Jfoe)- Recalling section 2.4.1, the object’s focus of expansion is defined as

Z foe
ke | §poe | = Totj + Brl = Top; — T, (4.247)
zf
where
by = ’;'“J'Z; L —Zf:COI. (4.248)

A collision will occur if (2,55, Gob;) = (£ 0es Yfoe). For the stereo camera setup 6, a collision
will occur if the object’s focus of expansion lies between the projections of the object in
the left and right images; that is, if #rop; < Troe < TLob; and Yobj = Yfoe-

In order to determine which Tobj should be used to detect obstacles, we need to

consider the stereo image velocity:

V-’i‘,R j:foe
Vir | = ke | §50e | + Ho Baf (4.249)
Vg Zf

If the obstacle will collide into the right camera, (Zg iy Jobj) = (£ foes Jfoe), the stereo

SFor parallel stereo cameras, the object’s focus of expansion will be the same in both the left and
right images.
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image velocity is

Vir 0
EO sSe )
Vi = ti :l Y11 | + H, Baf2. (4.250)
Vs 0
v (j’R:i"foe)

If the obstacle is heading for the left camera, (&1 cb5, Jobj) = (Z foe, foe), the stereo image

velocity is

Vsr -1
EO se =
Vi = =%\ o |+ Hy Baf. (4.251)
/A 0
v ("Z'L:i‘foe)

To detect an obstacle that will pass between the cameras, we wish to select T,; such

that
ViR Vi,r A,
1
Ve — | Var <5x7 | A% |- (4.252)
V‘ V. A As
(ErR=%f0e) Y (ar=8s00) Y
If

Eoffset Aﬁjs
teol 2At’

then (4.252) is satisfied by setting T,5; = 7. In this work, the extended sensor translation,

(4.253)

Tsen, is used instead of the inter-frame sensor translation T. Thus, if the time-to-collision
is sufficiently large, such that (4.253) is satisfied, tuning the correspondence predictor
to the sensor translation 7., will generate the correct correspondences for objects on
collision trajectories.

In summary, the above-mentioned four point correspondences produce three types of
trajectory detectors. The first type of trajectory detector is tuned to the detect stationary
objects. This type is used in section 4.6.2 to identify features that belong to stationary
objects. The second type of trajectory detector is tuned to the velocity of a known

object at a specific depth. This type of trajectory detector is used to identify features
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that belong to a specific moving object. The final type of trajectory detector is tuned to
the sensor translation. This trajectory detector is used to identify features belonging to

obstacles (objects that will collide into the observer).

4.6.2 Seeding the Hessian Matrix

In order to use the Mahalanobis distance as a test for stationary objects, the Hessian
matrix @);n; must have a full rank. Thus, the Mahalanobis distance can not be used
during the startup stage of estimating inter-frame sensor motion. A multi-stage seeding
process is used to increase the rank of the @);,;. In the first stage, a priori predictions
of the sensor motion (usually from auxiliary sensors), along with the associated errors
increase the rank of the Hessian. The remaining stages identify features belonging to
known (or at least probable) stationary objects. These stationary object features are
combined to produce an initial estimate of the inter-frame sensor motion before testing
the normal image velocity of other (uncertain) measurements.

A priori predictions can be obtained from other sensors, such as a speedometer, or
from default values. The extended sensor translation, if available, can be used as a
prediction of the inter-frame sensor translation. To illustrate how predicted parameters
can be incorporated into the inter-frame sensor motion estimate, it is useful to formulate
a cost function that penalizes deviations from the measured data and deviations from

‘the predicted parameters:

Cseed = Cdata + Cpred- (4254)

The cost function for deviating from the measured data is given by
Caata = 0.5 _wi(V, (i) — JT 0). (4.255)
The matrix form of (4.255) is

Ciata =0.507Q 8 — g7 + ¢ (4.256)

v?
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where ¢, is a constant term. The cost function for deviating from the predicted values is
Cpred = 0.5 (0 — 0prea) Wprea(0 — Oprea), (4.257)

where 0,,,.q is the predicted sensor motion and W,,.4 is a weighting matrix. The inverse
of the weighting matrix is the error covariance matrix for the predicted sensor motion.

The least square estimate of # is obtained by solving
p+ Wpredgp'red = [ant + Wpred] 6. (4258)

The next stage of seeding attempts to order the data such that the processing of
uncertain data is delayed. Candidate seed features are selected and tested for global
consistency. Inconsistent features are culled from the seed set. This stage relies on
four assumptions: an estimate of the sensor translation is available, the depth has been
measured, the rotation about the z-axis is small, and that most of the features in the
scene belong to stationary objects. The effect of errors in the above assumptions are
discussed at the end of this subsection.

Initial seeding candidates are obtained from the epipolar channel. Stereo image fea-
tures that have similar 2z are grouped together. The velocity 2 is estimated locally using
the difference in image velocity at corresponding points in the stereo images (see section
2.6). Any stereo image feature whose 2 is significantly different than —T7, 4, is excluded
from the seed set. The estimate of T’ ;.,, is obtained from the extended sensor translation
or from an auxiliary sensor such as a speedometer.

The features fulfilling the Z requirement are tested for in-plane motion consistency,
as shown in figure 4.17. The normal image velocity is measured at each seed feature. A
companion set of predicted normal image velocities is formed using the extended sensor
translation. The difference between the measured and predicted normal image velocity

is due to sensor rotation. Since the features are obtained from the epipolar channel,
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Figure 4.17: Identifying Stationary Object Features Using In-plane Motion Consistency

the difference is measured in one direction: along the #-axis. If the rotation about the

z-axis is zero, the difference between the measured and predicted set of normal image

velocities should be a nearly constant offset caused by 2, (see section 2.4.2). The normal

image velocity differences are stored in a histogram. If the first assumption (most of the

features in the scene belong to stationary objects) is valid, the features associated with

the histogram’s dominant mode belong to stationary objects.

The previous paragraph describes how stationary object features from the epipolar
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channel are identified. A similar histogram technique is used to identify stationary object
features from the orthogonal channel. The featur-es associated with the dominant mode
are assumed to belong to stationary objects. The & and § image velocity offsets, estimated
from the epipolar and orthogonal channels, respectively, areAused to identify stationary
object features within the remaining (oblique) channels.

The final stage of the seed process incorporates known stationary objéct features
available from past segmentations. Most of these features will have been detected by the
previous stage.

In summary, the estimation of the inter-frame sensor motion has four distinct steps.
In the first step, information from auxiliafy sensors is used to initialize the inter-frame -
Hessian matrix and the measurement vector. In the next step, a conservatively chosen
set of seed measureménts are used to update the Hessian matrix and the measurement
vector. The Mahalanobis distance test is inhibited. In the third step, features previously
identified as belonging to stationary objects are incorporated, subject to passing the
Mahalanobis distance test. Finally, the remaining features passing the Mahalanobis
distance test are incorporated into the inter-frame Hessian matrix and measurement
vector. The four steps introduce a serial processing requirement to the estimation of
inter-frame sensor motion. Parallel processing is possible within each step.

It is important to note that the seeding process (the first three steps) does not ex-
clude features; culled features are retested during the final step. At the final step, the
Mahalanobis distance is used to reject features that do not belong to stationary objects.
The exceptional case is stereo features that are identified as belonging to moving ob-
jects. Such features are immediately removed from the seed set. The processing of these
“moving object features” is discussed in in subsection 4.6.4.

Since the seed process does not exclude features, errors in seed assumptions are usually

not serious. The sensitivity of the seeding histogram to inaccuracies in T, and 7}, is related
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to the variation in depth within the scene. If the variation in depth is small, the errors
will simply change the image velocity offset, but the same features will remain in the
dominant mode. Large variations in depth coupled with errors in 7, and 7, tend to
smear the histogram. In such a case, the dominant mode in the histogram will contain
only features from the depth interval with the most features.

Inaccuracies in T, and a non-zero {1, tend to degrade the histogram process. When
the estimate of T is inaccurate, the dominant mode in the histogram will coniprise
measurements from a local part of the image containing a high density of features with
small variations in depth. Sensor rotation about the z-axis produces a constant offset
along each column of the Gabor lattice. The offset will be different in each column.
The histogram process‘will pick features localized about a given column of the sampling
lattice when 2, is not zero.

The critical assumption is that most of the features in the image belong to stationary
objects. If most of the objects are moving at a common (non-zero) velocity, the histogram
process will select the wrong mode. This is less likely to occur for stereo features (from
the epipolar channel) because the local estimate of 2 is used is used to cull moving object

features.

4.6.3 Exploiting Planar Motion

The poor distribution of features in the scene can produce image velocity fields that
are not unique to a given sensor motion. This subsection discusses how non-uniqueness
is identified. It also discusses how physical constraints such as planar motion can be
exploited to improve the conditioning of the Hessian matrix. Two cases of planar motion
are examined: the unknown plane and the known plane.

Strictly speaking, the set of normal image velocities will produce a unique least square

-1

estimate of sensor motion if @}, exists. However, if the conditioning of the Hessian matrix
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is poor, the least square solution will not be stable to small changes in the measurement
vector. Since measurement errors exists, an ill-conditioned solution may exhibit a large
change in parameter estimates when a new measurement is incorporated.

The condition of the Hessian matrix is measured by the ratio of the largest and
smallest eigenvalues; a large eigenvalue ratio indicates poor conditioning. Associated with
each eigenvalue is an eigenvector. The eigenvectors are dependent on the distribution
of features in the image and scene. Consider the case where the features are evenly

distributed throughout the image. Four of the six eigenvectors will be approximately

equal to 7
B0 ~ [=L 000 — z 0], (4.259)
75 & [z, 00 0 =L 0], (4.260)
o~ [0 =L 02z, 00], (4.261)
and
_ Zf
B (02,0 — =L 00], (4.262)

where z,,. is the average depth of the scene 8. The eigenvectors vy and v, represents the
in-plane motion; the average shift in the image velocity field along the i- and g-axes,
respectively. The eigenvectors vs and v, represents the variations in V; and Vj due to
variations in depth. In most cases, vy and v; will produce the largest eigenvalues; v4 and
vs will produce the smallest eigenvalues. When the eigenvalue associated with vs (vy4) is
small, it is very difficult to distinguish between T, and Q, (T, and Q) from the image

velocity field.

"The following eigenvectors can be considered as an ideal case that is sufficiently accurate for illus-
trative purposes.

8This “average” depends on the weighted average of the features being processed as stationary objects.
It is not explicitly calculated. :
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Some of the eigenvalues can be increased by enforcing physical constraints. In many
cases, an autonomous vehicle is travelling on a planar surface, such as a floor. The planar
surface constrains the sensor motion: sensor translation must be along the surface, and
axis of sensor rotation must be normal to the surface. Thus, the translation vector is

orthogonal to the rotation vector. In vector form, the constraint is given by
0 =0. | (4.263)

This constraint does not assume that the surface normal is known.
To illustrate how the planar motion constraint can be exploited, it is useful to define
a cost function that penalizes deviations from the measured data and deviations from

planar motion. The proposed cost function is given by
Cp = Cuata + 0.5 wyel, (4.264)

where w, is a scalar weighting term and

e, = (TTQ). (4.265)
The cost function can be written as
— T — —_
T e T T o o
Cp=05]| G Qs | =B )| | |+ 405w, (TTQ)T(TTQ). (4.266)
Y’ Qf Q. Q Q

The gradient with respect to inter-frame sensor translation and rotation are respectively
given by
VC(T) = QuT + Q0 — po + wye, (4.267)

and

VCo(Q) = QIT + Q0 — pp + wye,T. (4.268)
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Setting both gradients to zero, we get

[ﬁa}z[@, QbHT}wpep[oaza I [T} (4.269)
Db QbT Qc Q 1 0323 Q

where 03,3 is a 3 by 3 matrix of zeroes and I is a 3 by 3 identity matrix. Equation (4.269)

can be rewritten as

_ 03.7:3 I -
P = {Qint + wpep } 6. (4.270)
I 031‘3

Assume that the surface normal, denoted by #, = [n, n, n,}7, is known. A cost

function that penalizes deviation from this known planar motion can be made:
Cr = Caata + 0.5 wred + wqed, (4.271)

where wr and wq are scalar weighting terms, ey = T - n, and eq = 0 x fip. The least

square solution is

0— = [Qint + Wplane]_lp, . (4272)
where
Wa 031'3
Wplane = ; (4273)
031:3 Wc
n2  ngn, ngn,
We=wr| nzn, nl nyn, |, (4.274)
ngn, nyn, n:
and
ni4n? —ngn, —nen,
W, = wq —ngn, nz + nz -nyn, |- (4.275)
—ngn, —nyn, nl+n’

It is useful to compare the two types of planar constraints. The known plane weighting

matrix Wyigne has a rank of three. It is applied directly to the Hessian matrix and should
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be incorporated into the seed phase with the auxiliary sensor motion estimates. The
unknown plane constraint has a rank of one. The constraint contains the error term ep;
thus, the unknown plane a non-linear problem that is dependent on the current estimate
of sensor motion. As a result, an iterative process is required to find the soll}tion. The
unknown plane constraint is applied after all the data has been incorporated into the
inter-frame sensor motion estimate. It has little value as a seeding tool.

The planar constraint reduces, but does not eliminate, the problem of poor condi-
tioning. The unknown plane constraint only has a rank of one; there are typically two
small eigenvalues in the Hessian matrix. In addition, there is no guarantee that the un-
known plane constraint will affect either of the smallest eigenvalues.. For the case of an
observer travelling forward along a plane whose surface normal is given by 7, = [0 1 0]7,
the unknown plane constraint will primarily affect the eigenvalues associated with 2,.
The known plane constraint suffers from a similar limitation, but to a lesser extent. For
the previously mentioned case, the known plane would constrain eigenvalues associated
with T, ©,, and Q,. The eigenvalue associated with 94 would increase significantly.
The eigenvalue associated with 5 would be unaltered. Thus, for the typical operation
of a ground-based autonomous vehicle, the planar constraints provide only marginal im-
provements in the overall conditioning of the Hessian matrix. The planar constraints will

improve certain individual motion parameter estimates.

4.6.4 Moving Objects

This subsection describes how features belonging to moving objects are processed. The
grouping of features is discussed.

The stereo features that belong to moving objects are identified at two stages in
the processing: early .in the processing during the seed stage; and later, after the inter-

frame sensor motion stage is complete. The selected stereo features are tested for 2
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consistency; that is, to check if both the image velocity-based and depth-based estimates
of 2 are similar (see section 2.6). A by-product of the Z consistency test is a local estimate
of the time-to-collision. A feature tracking procesé is activated if the feature has a short
time-to-collision. The time-to-collision restriction is used to reduce the number of active
(tracked) features. The segmentation of the image sequence is discussed in section 4.6.5.

Once the active features are identified, it is necessary to group features that belong
to a common moving object into a common object class. The features within a given
object class have the same translational velocity and approximately the same depth. For
the purpose of testing the similarity of two object classes; a second Mahalanobis distance

is defined:

Cane = [Tovitr) — Totjia)] [Quiay + Qo)) ™ Towir) — Tobic2)]
[d:(1) — d:(2)]

E[(Ad:(1))2] + E[(Ad:(2))¥ (4.276)

This Mahalanobis distance measures the difference in object velocity and in the disparity.
The disparity term is particularly useful when an object class has a small number of
features. A small class can have a large error covariance Q;blj; thus, the expected motion
error is too large to reject other object classes. If the maximum size of the viewed object
is known, the difference in the average z and y position of two object classes can be
included in the Mahalanobis distance.

In this work, the grouping process is sequential. Each stereo pair of features is assigned
its own object class. The Mahalanobis distance is calculated for each pair of object classes.
The two object classes that produce the smallest Mahalanobis distance (that does not
exceed a given threshold) are merged. This procedure is repeated until all remaining
pairs of object classes exceed the threshold.

The above-mentioned method groups stereo features together. Since all the stereo fea-

tures are obtained from epipolar channels, the Hessian matrix @,; will be ill-conditioned.
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Features from oblique channels are required. Candidate oblique features are selected from
the set of features as belonging to non-stationary objects ®. The disparity similarity is
enforced to reduce the number of candidates for a given object class. If more than one
candidate remains, flow-field divergence [46] is used to estimate the time-to-collision and
subsequently, the velocity Z,;. Once this initial culling process is complete, the remain-
ing candidates are tested using the second Mahalanobis distance. Acceptable candidates
are merged into the appropriate object class.

In some cases, there are no oblique candidate features. This can be a result of
lack of oblique features, severe culling of features, or incorrectly identifying features
as belonging to stationary objects. To allow the calculation of the error covariance Q;blj,
the y component of object motion, y,;, must be assumed. If the object and sensor are
travelling on the same plane, the combined object/sensor motion has the same Ufoe @S
the sensor motion. An alternative (worst case) approach is to assume a §ys,. that will
cause the object to collide with the sensor or pass-by at the height of the sensor. The

object’s “padded” Hessian matrix, that incorporates the assumed y,., is given by

0 0 0
Qpad = Qob; Wpad 2 - 4.277
pad = Wobj + "';?_ 0 Zf (Zf yfoe) ’ ( . )
0 (zf gfoe) g?oe

where @pqq is the padded Hessian matrix and wpeq is the padding confidence term. The
padding confidence is the inverse of the expected squared error in y,;; resulting from the
assumption of gy.

Not all features belonging to moving objects will be incorporated into an object
class. It is desirable to identify these unassigned monocular image features for two

reasons: to prevent the image features from accidentally being identified as belonging to

90blique features belonging to non-stationary objects are available after the inter-frame sensor motion
stage has been completed.
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stationary objects; and to identify regions of uncertainty in the scene. Certain moving
objects can be identified, without depth information, by the normal image velocity. If
the measured normal image velocity is incompatible with the positive depth/stationary
object assumption, the viewed object must be moving. Consider, as an example, a
forward translating camera with no rotation. Any feature whose normal image velocity
points towards the sensor’s focus of expansion must belong to a moving object. This
directional test will identify moving objects that will pass in front of the sensor. This
method for identifying moving objects is also valid for a rotating sensor. The effect of
sensor rotation must be subtracted from the normal image velocity before applying the

directional test. In summary, an image feature must belong to a moving object if [29]
(V. — a7 AR,,Bq Q) 7T 7,. < 0, (4.278)

where Froe = [(2 = Z50e) (§ = F1oe)]T s

T,
-'i'foe = zf—]—,—, (4279)
and
:‘}foe = Zf%:-y-. (4280)

Equation (4.278) will only detect a moving object (that is passing in front of the cam-
era) at certain parts of the object’s trajectory. Consider a forward moving camera and
the right moving object. If the projection of the moving object is at the left periphery of
the image, the normal image velocity induced by the object motion opposes the normal
image velocity induced by the forward translation of the sensor.. Equation (4.278) is
activated at the point in the object’s trajectory where the object-induced normal image
velocity exceeds the normal image velocity induced by the sensor translation. This will
occur at some point because the normal image velocity induced by the sensor translation

decreases to zero as the image feature approaches the sensor’s focus of expansion. Once
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the image feature crosses the sensor’s focus of expansion, the two normal image veloci-
ties will have the same directions. At this point in the trajectory, (4.278) is no longer
activated.

If a standoff depth is assigned, more types of moving objects can be detected. Very
fast image features will be flagged as significant. These features belong either to mov-
ing objects at an arbitrary positive depth or to stationary objects within the standoff
depth. Either case is consider interesting by the obstacle avoidance module. The fast
moving/standoff depth test is given by
T,

(Vo — 2T AR,,Bg Q) 2T Ff0e > (ﬁTffoe)zz =,

(4.281)

where z4,,q 1s the standoff depth. Note that the right side of the inequality is positive for

forward translating sensors.

4.6.5 Interaction Between Modules

This section describes the interaction of the various modules in the obstacle detection
algorithm. Particular attention is given to the segmentation of the image sequence into
stationary objects and moving objects.

The modules of the obstacle detection algorithm are shown in figure 4.18. Significant
features are selected from the Gabor-filtered images. The disparity and the normal image
velocity, along with the expected errors, are measured. The stereo normal image velocity
and the disparity produce a local estimate of 2.

The velocity # is used to segment the image sequence. If an estimate of the extended

sensor translation is available, the object velocity Z,; can be estimated:

éobj =z + Tz,sen- (4282)
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Figure 4.18: Modules of the Obstacle Detection Algorithm
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A necessary condition for a stationary object is

|Z055| = 0. (4.283)
A sufficient condition for a moving object is

|2,55] >> 0. (4.284)

Two thresholds are applied to Z,;, initially segmenting the stereo image features into
stationary objects, moving objects, or uncertain. The stationary object threshold, 2z, is
non-zero (but small) to allow for errors in the local estimate of z and the sensor motion
estimate T}, sen. The moving object threshold, 2, is chosen significantly larger than zero
to avoid false detections. Stereo features whose Z,; is between the thresholds are labelled
as uncertain.

The potential stationary object features are tested for in-plane motion consistency
using the seeding histograms. Inconsistent measurements are labelled uncertain. The
potential moving objects are tested for urgency. Any object with a large time-to-collision
‘is labelled as uncertain because these measurements are sensitive to errors. Moving object
that are being tracked from prévious images, referred to as “tracked moving” in figure
4.18, by-pass both the 2,,; and ., tests.

The features identified by the seed stage as belonging to stationary objects are com-
bined to obtain an initial estimate of the inter-frame sensor motion, denoted by 8,.q
in figure 4.18. The inter-frame Hessian associated with 8,4 is usd in the Mahalanobis
distance to test if uncertain features are consistent with the stationary object hypothesis.
The image measurements of consistent features are used to update the inter-frame sensor
motion estimate. Any inconsistent features remain labelled as uncertain.

After all the stati(.)nary object features have been identified and combined, the final

inter-frame sensor motion estimate (denoted by 4 in figure 4.18) is integrated into the
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extended sensor translation estimate (denoted by f,en). The Hessian matrix associated
with 8 is used to test the stereo features belonging to moving objects. If both of the stereo
features are consistent with the stationary object hypothesis, the features are removed
from the moving object list.

Uncertain stereo features are checked for collision trajectories. The correspondence
predictor, that is tuned to collision trajectories, uses both T, and 8. This step identifies
moving obstacles whose velocity is orthogonal to the z-axis (Z,; is small). Next, the
uncertain features are tested for inconsistent motion. Any normal image velocity mea-
surement with an incompatible direction (that satisfies equation (4.278)) is identified. If
matching stereo features exist, the stereo features are labelled as a moving object. This
step identifies moving objects that will pass in front of the cameras.

The moving object features, both the new and tracked, are merged into equivalence
classes. The extended object motion for each class is estimated. In the current imple-
mentation, only stereo features from the epipolar channel are used to estimate object
motion. As a result, the s, of the object is assumed to be zero. The extended object
and sensor motions are combined to estimate the observer frame trajectory. The collision
parameters for each feature are predicted using the image coordinates, the depth, and
the observer frame trajectory. Note that each feature belonging to a given object has a

different point-of-collision.

4.6.6 Extensions to the Kalman Filter

This subsection investigates extensions to the Kalman filter equations presented in sec-
tion 4.4. Uncertainty in the inter-frame rotation is modelled as process noise (motion
disturbances) in the extended sensor and object translation equations. It is also shown
how pilot commands, such as the steering angle and braking, can be incorporated into

the process model to predict future states.
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The process model of the extended sensor translation is given by
T-?en(tﬂ-l/ti) = RT(ti)Tsen(ti)- (4285)

The error, the process noise, is given by

6Tsen(ti+1/ti) = RT(ti) 6Tsen(ti) - S 6Qa (4286)
where
0 _Tz,sen Ty,sen
S=1 Tyeen 0 —Tyen | At (4.287)

_Ty,sen Tz,sen 0

In matrix form, the error can be written as

- T 67_13611(&')
0T sen(tiy1/t:) = Hy B ) (4.288)
60
where HY = [RT - §).
- The error covariance matrix of this noise corrupted process is denoted by

-1 t; E 6T,en 60T
Prr(ti) = Q’f"(_) [ T ] : (4.289)

E[6Q 6T.en]  E[66 6Q7)

The error covariance for the inter-frame sensor motion can be written in a similar form:

-1 p
Qi = [ @r fr } . (4.290)
Par Pagq

The block elements of Prr and Q) are related:

nt
E[6T e, 6Q7] = 4 Prq, (4.291)
E[8Q 8T,(,] = nPar, (4.292)

E[6Q 607] = Pag, O (4.293)
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where
= Qn@r. (4.294)
The matrix n represents the influence of the current inter-frame sensor motion estimate
on the extended sensor translation. It will tend to decrease as more information is
integrated.
The error covariance of the extended sensor translation at time ¢;4; can be predicted

from Pgr at time ¢;:
-1 T T R
Qron(tiza/ti) = Hy Prr(ti)Hy = [R* — S)Prr(t;) . (4.295)

This equation can be rewritten as
Qrn(tisr/ti) = RTQL (4R + Noen(t:), (4.296)

where

Nyen(t;) = —n[RT PrqST + SParR] + SPaqS”. (4.297)

The matrix Ny, is the error covariance of the motion disturbance described in section

4.4.

A similar model of process noise exists for the extended object translation. The

process model for the object translation is given by
Tovs(tiv1 /ts) = RT (1) Tos (t:)- (4.298)

Since T,;; is based on the excess normal image velocity, the object translation and the

inter-frame sensor rotation are uncorrelated; that is,
E[T;07] = (E[Q TE,]))T = 03, (4.299)
Thus, the error covariance of the extended object translation is given by

Qas (tir1/t:) = RTQo5(t:) R + Sobj PaaSy;, (4.300)
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where

0 ~Toobi  Tyobj
Sobj = | Ty op; 0 —T, o | At (4.301)
—Tyobi Trobj 0
The rotational uncertainty increases the predicted error covariance Qy;(ti41/t:). As a
result, the relative importance of future inter-frame object translations will increase. This
result is also true for the extended sensor translation case.

It is possible to incorporate pilot commands into the process model for the extended
sensor motion. In its current form, the model of vehicle motion is pure translation 1°.
Certain forces applied to the vehicle, such as steering, propulsion, and braking, cause
the vehicle to accelerate. The acceleration, by definition, will cause the velocity of the
vehicle to change. A vehicle translation model, that includes these accelerations, is given
by

Toen(tivr/t:) = Rip[Toen(ti) + Al (4.302)

veh
where T, is the translation of the vehicle (relative to a world coordinate frame), R,
is a rotation matrix representing the change in vehicle heading, and A, is the change in
vehicle speed. Note that Tyen(tis1/t;) in (4.302) is represented using the same coordinate

frame as T,.5(%;). The vehicle translation at time ¢; is (assuming no sideways slip)
Tveh = 0 ) (4303)

where s is the speed of the vehicle.
Vehicle acceleration has two forms: changes in vehicle heading, and changes in vehicle

speed. For a standard automobile, the steering angle is used to alter the vehicle heading.

10The matrix R(t;) changes the coordinate frame representing the sensor translation from the observer
frame at time t; to the observer frame at time ¢;4,. The change in the orientation of the observer frame
is assumed to be due to transients, such as camera shake, not due to changes in the vehicle heading.
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The steering angle, v,:,, causes the vehicle to travel in a circle whose radius, r,, is given

by
wa
tan v,

(4.304)

Tstr =

where L, is the wheel base of the vehicle. The change in heading, A#f;, is dependent on

the steering angle and the distance the vehicle travels during At:

t str tita
AG, = 2BTst / (s +at) dt, (4.305)
t

wb ‘

where a is the linear acceleration. The vehicle speed is given by

S(t,'.H) = kas(ti), (4306)
where

. Jadt

k, =1+ S (4.307)

The new model of vehicle motion is
Toen(tis1/ti) = kaRuenToen(t:), (4.308)

where
cos A6, 0 sinAéb,

Ryen = 0 1 o0 |- (4.309)
—sinAf, 0 cos A,
The above equations describe the vehicle translation. The extended sensor translation
is given by
Toen(t:) = R, (t:) Toen(t:), (4.310)
where R, is the difference in orientation between the observer and vehicle coordinate

frames. When the roll angle between the coordinate frames is zero, and the pan and tilt
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angles are small,
zf 0 —:Atfoe
Ruo(tt) = —_-— 0 2f _ﬁfoe B (4.311)
z5
jfoe ?:lfoe Zf

The new model of the extended sensor translation is
Tsen(ti+l/ti) = kaRT(ti)RZonethoTsen(ti)- (4312)

In this work, pilot commands are not incorporated into the process model for the
extended sensor translation. Such a model would be useful for obstacle avoidance. Simple
evasive maneuvers, described by the steering angle and braking/propulsion, could be
tested to predict how long a given path can be followed before encountering an obstaclé.
Maneuvers that decrease the time-to-collision should be avoided.

This subsection has proposed extensions to the extended sensor and object Kalman
filters. The uncertainty associated with the inter-frame rotation is incorporated into
the Kalman filters as process noise. This rotation-induced process noise is included in
the current implementation. The current implementation does not incorporate pilot
commands. The ease in which an obstacle avoidance module can be added should be

apparent.

4.7 Comparison

The implementation described in this chapter is a cascade of a number of different al-
gorithms. This section provides a comparison of the submodules of this implementation
with the works of other researchers.

The inter-frame sensor motion is similar to the direct passive navigation problem first
studied by Negahdaripour and Horn [45], later by Ito and Aloimonos [33], and Horn

and Weldon [31]. It is most similar to the known structure case found in both Ito and
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Aloimonos, and Horn and Weldon. This implementation differs from the previously
mentioned works in a number of ways. First, phase derivatives from bandpass (Gabor)
filtered images are used in place of image intensity derivatives. The advantage of using
phase is that, unlike image intensity, phase is stable with respect to changes in contrast
and to geometrical deformations such as dilation and rotation [21]. The second difference
is that error estimates are used to weight the normal image velocity measurements. Thus,
a weighted least squared solution is obtained. Finally, this work is designed for a dynamic
environment, the other researchers assume that the scene is stationary.

The depth of each feature must be measured to estimate the inter-frame sensor mo-
tion. The depth is measured using a set of epipolar Gabor filters. The depth module
is a combination of the works of Sanger [47], Jenkin and Jepson [34], and Fleet, Jepson
and Jenkin [21]. The interesting features obtained from their works include a multiscale
approach for estimating disparity, and a matching criteria for reducing the likehood of
false disparity estimates. I have extended their work by estimating the measurement
error. This work also uses temporal consistency and a heuristic ordering constraint to
increase the number of detected stereo features.

Gabor filters are also used to estimate the normal image velocity. This module follows
the work of Fleet and Jepson [22] [23]. There are some differences, however. This
implementation uses the inter-frame sensor and object motion to predict the normal
image velocity. This extends the maximum inter-frame displacement. In addition, this
implementation estimates the measurement error.

The Mahalanobis distance is used to identify features belonging to stationary objects.
Heeger and Hager [29] applied the Mahalanobis distance to image velocity field; this
implementation uses the normal image velocity. The Mahalanobis distance compares
the estimated velocity error with the expected error. Both errors are available from the

inter-frame sensor motion module. Thus, motion segmentation using the Mahalanobis
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distance is a natural extension of the weighted least square approach to direct passive
navigation when the structure is known.

Kalman filtering is used to estimate the object and sensor motion over the entire
image sequence. The uniqueness of a given implementation of the Kalman filter is in the
modelling of the motion and the error. In this implementation, a pure translation model
is used. Dropping the inter-frame rotation parameters has the effect of stabilizing the
image sequence. The inter-frame rotation terms are comparable to the extra terms used
in an augmented Kalman filter [11].

In summary, the key difference between this implementation and the many works it
draws from'is error estimation. The error estimated from the Gabor filters is propagated
throﬁgh each stage of processing until it reaches the collision parameters. The error
estimates are particularly important for motion segmentation. Error estimates are also
used to fuse measurements of vehicle motion from auxiliary sensors. The error covariance
matrices used in the inter-frame sensor motion estimation and the Kalman filter can
be used to incorporate physical constraints, such as planar motion, into the motion
estimates.

The rest of this section compares this implementation as a whole with that of Ayache
and Faugeras [6]. Ayache and Faugeras use three-dimensional positional information to
perform stereo (trinocular) camera-based navigation. The three-dimensional position of
physical features (lines in a three-dimensional space) are tracked and integrated over
time using a Kalman filter. The uncertainty in the three-dimensional position is stored
in an error covariance matrix. As time elapses, and more information is accumulated,
the error covariance for tracked three-dimensional feature decreases. The changes in
the three-dimensional position of features over time are used to estimate the inter-frame
sensor motion as well as the inter-frame error covariance matrix. The inter-frame motion

is used to aid temporal correspondences by predicting the the future position of a physical
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feature. The Mahalanobis distance is used to reject outliers (candidate correspondences
that are inconsistent with the inter-frame motion). The Mahalanobis distance is also
used to test groups of features for coherent properties (such a belonging to a common
plane). Coherent features are merged.

There are many similarities between the implementation used by Ayache and Faugeras
and the irnplernentat‘ion presented in this work. Both irnplementétions use Kalman filters
to integrate information, use inter-frame motion to predict correspondences, use the
Mahalanobis distance to reject outliers and to test features for coherent properties, and
both merge coherent features to improve accuracy. There are notable differences. Ayache
and Faugeras use the three-dimensional position as the state variables in the Kalman
filter; I use the three-dimensional velocity as state variables. The obvious reason for this
difference is that Ayache and Faugeras are building a three-dimensional description (map)
of a static environment, where as I am estimating the collision parameters of obstacles.
The position of physical features relative to the cameras is important for building a
map of the environment where as the trajectory of the object relative to the sensor is
important for obstacle detection. Merging features with coherent positions improves the
accuracy of a map; merging features with coherent motion improves the accuracy of the
estimated trajectory.

There are also differences in the data representations. In the implementation used
by Ayache and Faugeras, feature information is transformed from an image representa-
tion to a three-dimensional r’epresentdtion immediately after the disparity is measured.
The implementation presented in this work delays the transformation. Both depth and
motion are measured in the image coordinate frame using stereo disparity and normal
image velocity, respecti;/ely. The transformation from an image representation to a three-
dimensional representation occurs during the estimation of the inter-frame sensor motion.

There is an advantage in using the image coordinate frame to measure both motion
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and depth. In this work, changes in position are measured directly using phase differences;
the positional information is only coarsely measured. The advantage of such an approach
is that changes in position can often be measured more accurately than the individual
positions. Consider as an example a sine wave grating. It is difficult to localize the
position of such a feature, but it is easy to determine how much it has moved. Since the
estimates of the inter-frame sensor and object motions are based on changes in position
(normal image velocity and disparity), the implementation is less sensitive to positional
errors. A much simpler error model can be used to represent positional uncertainty (only
the disparity error in maintained). Error covariance matrices are maintained for the

sensor and object motion, but not for positional information.
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Results

In this chapter, three data sets, which comprise eight stereo image sequences, are used
to test the individual modules of the algorithm as well as to demonstrate the algorithm’s
robustness as a system to various scene structures, various lighting conditions, and various
combinations of sensor and object motions. All image sequences contain scenes are
captured using CCD cameras; there are no computer synthesized images.

Data set 1 is comprised of two stereo image sequences obtained from an optical bench.
In both experiments 1 and 2, the cameras are undergoing pure translation in a stationary
environment. The purpose of data set 1 is to test the accuracy of various modules in the
obstacle detection algorithm.

Data set 2 is also obtained from an optical bench. Three controlled experiments are
presented that are designed to imitate difficult, but typical, situations encountered by
an autonomous vehicle. In experiment 3, the stereo cameras are panning the scene, as if
the computer pilot is turning its “head” to better view interesting features (as in [18]).
Experiments 4 and 5 are designed to imitate two vehicles (one of which is the ego-vehicle)
approaching an intersection. In experiment 4, the two vehicles reach the intersection at
the same time; in experiment 5, the other vehicle reaches the intersection before the
. ego-vehicle. The purpose of data set 2 is to test the accuracy of the algorithm in the
presence of sensor rotation and the algorithm’s ability to segment a moving object from

the background.

140
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Data set 3 presents three experiments which are performed under less controlled light-
ing conditions and less preéise motion than in data sets 1 and 2. Experiment 6 contains
an outdoor scene with shadows. Experiment 7 has a moving sensor that experiences
transient rotations. Experiment 8 contains a scene with two independently moving ob-
jects. The purpose of data set 3 is to test the accuracy of the algorithm in realistic
environments.

Before proceeding with the experimental results, section 5.1 will specify the system
parameters used in the eight experiments, and section 5.2 will establish standards for

judging the accuracy of the results.

5.1 System Parameters

This section specifies system parameters used to process the image sequences. The Gabor
channels are defined by the selection of the filter set and spatial sampling lattices. Various
thresholds, used to identify important features, to test the stability of featurés, and to
test feature correspondences, are selected.

The set of Gabor filters used in the following experiments comprises 3 frequen-
cies, 4 orientations, and 2 phases (a total of 24 filters). The three frequencies are
(0.0407,0.0927,0.2107) radians per pixel or (0.020,0.046,0.105) cycles per pixel. The
four orientations are (0,%,%,3r). The two phases are (—%,Z). The three constants de-
scribed in section 3.2.1—the aspect ratio of the Gabor function «, the ratio of adjacent

frequencies p, and the bandwidth-frequency ratio A—are given by
a = 1.00, (5.313)

p = 2.29, (5.314)

(5.315)
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The spatial lattice is oversampled, with respect to the minimally complete definition
(equations (3.113) and (3.114)), by a factor of 2.55 in both the £ and g directions.
This sampling density exceeds the “local frequency estimation” sampling requirement
(section 3.2.3) and matches the overlapping disparity interval requirement (section 3.2.4).
A bandsampled lattice is used in the epipolar channels; a restricted sampling lattice is
used in the oblique channels. The width of the bandsampled lattice is limited to 35
lattice points. The 35 lattice point limit is enforced in both the £ and § directions for the
restricted lattices (total number of lattice points is restricted to 1225). In the experiments
presented in this chapter, the 35 lattice point limit affects only the spatial lattice in the
highest frequency channel.

Important features have local magnitudes that exceed three thresholds: an absolute
threshold, a relative orientation threshold, and a relative spatial threshold (see section
3.2.2). The absolute threshold is set between 0.1 and 0.2 of the maximum magnitude.
The relative threshold for orientation neighbours is set to 0.95. The relative threshold
for spatial neighbours is set to 1.0.

The size of the relative spatial threshold may be misleading. The spatial threshold
is applied to a relative significance measure that is calculated using a peak detector
method. The local magnitude at a given lattice point is compared to the attenuated
magnitude of other nearby lattice points. The attenuation is obtained using a Gaussian
window whose spatial support is twice the support width of the Gabor filter’s kernel. The
relative (spatial) significance is the ratio of the local magnitude and the largest of the
Gaussian windowed (neighbouring) responses. A relative spatial threshold of 1.0 using
this peak detector method is similar to a threshold of 0.8 when unattenuated adjacent
spatial neighbours are compared.

The relative magnitude thresholds used to test stereo and temporal correspondences

(see sections 3.2.4 and 3.2.5) are both set to 0.8. The thresholds for the relative magnitude
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test for the stability of features (see section 3.2.3) are set to 0.5 for the £ direction and
0.7 for the ¢ direction. The thresholds for the local frequency test for stability (equations
(3.128) and (3.129)) are set to 0.5 for both the £ and § directions.

5.2 Standards for Comparisons

This section defines the standards for judging the utility of the obstacle detection al-
gorithm and its various modules. Three standards will be used to compare measured
data with actual values. The difference between the measured and actual values can
be compared to the accuracy of methods used by other researchers, the expected error
estimated by the algorithm, and the accuracy required to discriminate between obstacles
and ob jects.

It is difficult to make useful comparisons with other researchers. As will be seen in
the following eight experiments, camera-based results depend heavily on image, scene,
and motion quantities. An additional problem (perhaps due to the previous observation)
is that there are few published results for real image sequences. Despite these obvious
difficulties, I will attempt to formulate standards for judging the accuracy of disparity
and depth, normal image velocity, and the direction of sensor motion.

Matthies et al [39] published disparity and depth results for a flat tiger poster that
is the same as the one used in experiment 1. The RMS error in the disparity is 0.12
pixels. The RMS error in depth is 0.5 percent of the actual depth. It is also useful to
compare the accuracy to other sensors: a laser range finder with 256 levels [48] has a
depth accuracy of 0.4 percent of the maximum depth !. I consider the results of [39] to
be “very good.”

Weng et al [52] judge the accuracy of the image velocity using the RMS difference

In most cases, 0.4 percent of the maximum depth will be less accurate than 0.5 percent of the actual
depth. ’
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between the measured image velocity field and the field predicted by the inter-frame

sensor motion; that is, the RMS error is given by

AVrms = [%]0'5, (5.316)

where r;, is defined by (2.75). In this work, the RMS error is given by

AV, rms = ["']n\;u]()j, (5.317)

where r,;, is defined by (2.77). In the real image sequence found in [52], the RMS error
is 0.84 pixels. It is claimed in [52] that an RMS error less than one pixel is “satisfactory.”

The accuracy of the direction of sensor translation is dependent on many conditions:
the speed of translation, the distribution of features in the image, and the variety of
depths in the scene. Large inter-frame translation tend to improve the directional accu-
racy; a sparse number of features, clustering of the features in a small portion of the image,
or clustering of features in a small depth interval will produce ambiguous image velocity
fields which tend to reduce the directional accuracy. Establishing a fixed “standard” for
judging the directional accuracy ignores the (inherent) translation-rotation ambiguity [3]
that can exist when sensor motion is estimated from the image velocity field. Acknowl-
edging its limitations, I will attempt to determine a fixed standard by comparing the
directional accuracy reported by other researchers. Table 5.1 contains published results
for real image sequences produced by a camera (or cameras) undergoing predominantly
axial translation (T, > T;,T,). If the reference contains more than one example of axial
translation, the best result is listed. Table 5.1 also lists any assumptions used to improve
the results 2. It appears that a directional error of less than 1.0 degree in each of the pan
and tilt directions can be considered “very good.”

The second standard for judging accuracy is the expected error. In this work, each

measurement of disparity and normal image velocity is accompanied by an expected error

2The no rotation assumption is often used to avoid the translation-rotation ambiguity.



Chapter 5. Results 145

Table 5.1: Comparison of Directional Accuracies

Researcher Directional Error Assumptions
Matthies [40] [42] < 1.0 degree Stereo, 3D point matching,
Planar motion (T, T, §,)
Hayashi and 4.3 degrees Correspondenceless stereo, Direct,
Negahdaripour [26] No rotation
Heel and 0.7 degrees Monocular, Direct, 10 image integration,
Negahdaripour [30] ’ No rotation, Frontal plane (one depth)
Adiv [2] 1.0 degree Monocular, Requires optical flow

estimate. These expected errors are propagated to other modules as error covariance
matrices. The expected error is useful for judging the accuracy of motion estimates and
collision parameters because it accounts for any inherent ambiguities that arise due to
poor feature distribution. If the difference between the measured and actual values (of
a motion or collision parameter) is within the expected error, the measured value is said
to be “consistent” with the actual value.

The third standard is the éccuracy required to successfully complete the task at hand.
In this work, the task is to estimate the collision parameters of objects with sufficient
accuracy that the computer pilot can avoid any obstacles. The accuracy of the point-of-
collision required for obstacle detection is related to the size of the object /obstacle, and

the baseline separation of the stereo cameras (or the size of the ego-vehicle).

5.3 Data Set 1

Data set 1 tests the following modules: disparity, normal image velocity, inter-frame
sensor motion, and the extended sensor motion. Two stereo image sequences are formed
by viewing stationary environments with forward translating cameras. The first sequence

has a flat scene structure with one depth; the second sequence has a variety of depths.
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Both stereo image sequences were obtained from the Calibrated Imaging Lab at Carnegie
Mellon University 3.

The image sequences are obtained from an optical bench, which ensures precise motion
control. The stereo image sequence is produced using one camera; the baseline separation
is obtained by moving the camera along the z-axis. This technique guarantees that the
focal lengths used in the right and left image sequences are matched. The stereo baseline
is 2.54cm (1.0 inch). The optical axes of the stereo cameras are parallel. The direction
of sensor translation is along the z-axis (axial translation).

The nominal camera parameters are as follows: the focal length of camera is 16mm;
the physical size of the CCD. array is 6.6mm by 8.8mm; and the image size is 480 x 512
pixels. The effects of using nominal camera parameters instead of the actual values is

discussed in appendix C and in the section summary.

5.3.1 Experiment 1: Tiger Poster

In this experiment, stereo cameras move towards a stationary poster. A stereo pair from
the image sequence is shown in figure 5.19. The poster contains the face of a tiger. The
poster is flat and its surface normal is parallel to the z-axis; that is, the scene structure
has one depth. The image projection of the poster contains many uni-directional features
that comprise a variety of normal directions.

Using the theory outlined in the previous chapters, we can make predictions regarding
the performance of various modules of the algorithm for this particular image sequence.
The disparity module should perform well because the scene structure is simple (constant
depth). All of the stereo correspondences can be made using the E,ss: histogram for the

lowest frequency channel and the multiscale prediction for the higher frequency channels

3The sequences were supplied by Larry Matthies who is currently working at the Jet Propulsion
Laboratory.
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- Figure 5.19: Experiment 1, Stereo Images (upper) Left Image, (lower) Right Image.
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(see section 4.6.1); the heuristic ordering constraint will not produce additional matches.
The normal image velocity module should also perform well because the axial motion is
small. Generating the correct temporal correspondences will be simple because most of
the matches will have no lattice offset.

The Hessian matrix used to estimate inter-frame sensor motion will be ill-conditioned
due to the lack of variation in depth. As a result, the z component of motion may be
incorrectly distributed between T, and Qy. Similarly, the y component may be incorrectly
distributed between T, and .. Enforcing motion constraints should improve the inter-
frame parameter estimatés.

The objectives of this experiment are: to measure the structure of the scene and
compare with the flat poster; to measure the normal image velocity and compare with
the flow pattern predicted by the sensor motion; to measure and compare the two inter-
frame sensor motions; to determine if the motion constraints improve the inter-frame
sensor motion estimates; and to measure the extended sensor translation. Success of this
experiment will verify the correct operation of the phase-based measurements of disparity
and normal image velocity. It will also verify the correct operation of the primary stereo
correspondence predictors: the E, s, histogram and the multiscale prediction.

The interpolated disparity and the associated uncertainty, for each of the three epipo-
lar channels, are shown in figures 5.20, 5.21, and 5.22. There is a total of 284 stereo
feature pairs across the three epipolar channels. The disparity is approximately constant
throughout the image. The average disparity of these features is 51.07 pixels. The mea-
sured standard deviation is +£0.16 pixels. It is comparable with the RMS error of +0.12
pixels reported in [39].

The top view and side view of the local map (observer coordinate frame) are shown in
figure 5.23. The top view (the upper image) is the projection of stereo features from all

epipolar channels onto the z-z plane. The side view (the lower image) is the projection
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Figure 5.20: Experiment 1, &, = 0.0407 rad/pixel. (upper) Interpolated Disparity. The
minimum (black) and maximum (white) responses are 42 pixels and 52 pixels, respec-
tively. (lower) Uncertainty. Dark regions have large uncertainties. Light regions denote
direct disparity measurements.
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Figure 5.21: Experiment 1, &; = 0.0927 rad/pixel. (upper) Interpolated Disparity. The
minimum (black) and maximum (white) responses are 42 pixels and 52 pixels, respec-
tively. (lower) Uncertainty. Dark regions have large uncertainties. Light regions denote
direct disparity measurements.
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Figure 5.22: Experiment 1, &, = 0.2107 rad/pixel. (upper) Interpolated Disparity. The
minimum (black) and maximum (white) responses are 42 pixels and 52 pixels, respec-
tively. (lower) Uncertainty. Dark regions have large uncertainties. Light regions denote
direct disparity measurements.
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Table 5.2: Inter-frame Sensor Motion for Experiment 1

cm/frame 103 rad/frame

Frame T, T, T, Q. Qy Q,
0-1 0.0452 0.0416 - 0.7194 | 0.856 -1.232 0.043
1-2 [ -0.0018 0.0036 0.7204 | 0.056 -0.144 -0.051

of the stereo features onto the y-z plane. In each view of the local map, the observer
origin is positioned at the bottom-center tick.

The local map correctly illustrates the flat planar structure of the scene. The average
depth is 46.30 cm and the standard deviation is +0.14 cm. Thus, the RMS error in depth
is 0.3 percent of the average value, which is better than the standard described in section
5.2.

The normal image velocity measurements (also referred to as “component flow vec-
tors”) for the four orientations with the channel frequency of 0.0927 radians per pixel
are shown in figures 5.24 and 5.25. It can be seen that the normal direction of each
component flow vector is within the orientation bandwidth of its respective channel. All
four channels display flow patterns that are characteristic of a sensor undergoing axial
motion: the component flow vectors point away from the image origin and the speed
increases with the (normal) distance from the origin. The RMS error in the measured
normal image velocity field, compared to the field predicted by the inter-frame sensor
motion, is 0.10 pixels, which is better than the one pixel standard described in section
5.2.

The two inter-frame sensor motions and the expected errors appear in tables 5.2 and
5.3, respectively. The two inter-frame sensor motions are consistent with each other;

that is, the parameter differences between the two inter-frame transitions are less than
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Figure 5.23: Experiment 1, Local Map. Stereo features are denoted by black squares.
Distance between ticks is 7.5 cm. (upper) Top View, z-z projection, (lower) Side View,
y-z projection. ‘
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Figure 5.24: Experiment 1, Normal Image Velocity for &; = 0.0927 rad/pixel. Compo-
nent flow vectors are represented by a “T.” The direction and length of the stem of the
“T” denote the normal direction and the image displacement, respectively. The lengths
of the vectors have been multiplied by 5.0. (upper) Epipolar Channel, ¢ = 0, (lower)
Orthogonal Channel, ée = % radians.



Chapter 5. Results 155

\ % %
‘(’(
X
\\\
AY
X X
NN \ \ "‘ «
\
\ X
\ X
<
&
\
b
N
5\
y7
y 7
N /

Figure 5.25: Experiment 1, Normal Image Velocity for &; = 0.0927 rad/pixel. Compo-
nent flow vectors are represented by a “T.” The direction and length of the stem of the
“T” denote the normal direction and the image displacement, respectively. The lengths
of the vectors have been multiplied by 5.0. (upper) ¢; = Z, (lower) é3 = 3% radians.
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Table 5.3: Expected Error in Inter-frame Sensor Motion for Experiment 1

cm/frame 10~ rad/frame

Frame Ty T, T, Q. Q, Q,
0-1 | £0.1360 =4 0.2002 =+ 0.0163 | + 4.246 £ 2.875 £ 0.370
1-2 {£0.1329 £ 0.1883 =+ 0.0144 | + 4.052 =+ 2.848 + 0.349

the expected errors. The inter-frame sensor motions are also consistent with the axial
motion; the direction of translation (%, %) and the rotation are approximately zero
(within the expected errors).

 An eigenvalue decomposition of Q;,; shows that the inter-frame parameters T}, T,

Q,, and 2, are sensitive to measurement errors. The six eigenvalues and eigenvectors are

as follows 4:
Ao = 948781 vy = [ 0.702 0.002 -0.004 -0.001 0.712 0.005 ]T,
A = 339083 o = [ —0.002 0.703 —-0.029 —-0.710 -0.001 0.011 ]T,

A, =4482.5 Ty =] —0.023 —0.021 —0.820 0.021 0.015 0.571]7,
As =3727.3 ©3=[ —0.004 —0.010 —0.571  0.001 0.007 —0.821]7,
Ay =233.123 ©y={ —0674 0229 0.024 0227 0.664 -—0.010],
As=13.362 B =[ 0229 0.673 0.024 0.666 —0.226 —0.002]".

It can be seen, by comparing eigenvalues Ay and As, that the inter-frame motion estimate
is poorly conditioned (the condition number is 71000). Any constraints that increase A4
and A5 will improve the estimates of T, T,, Q, and §,. Two constraints are considered:
the known rotation constraint, which will increase both A4 and As; and the motion along
a known plane constraint, which will increase As.

For the known rotation case, the rotation and the uncertainty are assumed to be

4The rotation terms in the eigenvectors have been normalized by the average scene depth, znorm = 46
cm.
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Table 5.4: Inter-frame Sensor Motion, Known Rotation, for Experiment 1

cm/frame - 10~ rad/frame
Frame T, T, T, Q. Q, Q,
0-1 |-0.0107 0.0016 0.7209 | 0.0069 -0.0522 0.0177
1-2 | -0.0082 0.0010 0.7207 | -0.0002 -0.0071 -0.0402

Table 5.5: Inter-frame Sensor Motion, Known Plane Constraint, for Experiment 1

cm/frame 1073 rad/frame
Frame T, T, T, Q, Q, Q,
0-1 | 0.0356 0.0010 0.7195 | -0.0045 -1.029 0.0324
1-2 1-0.0019 0.0005 0.7205 |-0.0102 -0.1418 -0.0388

(Qe, Q,, ) = (0.000 £ 1.000, 0.000 £ 1.000, 0.000 & 1.000) 10~3 radians per frame.
The inter-frame sensor motion for the known rotation constraint appears in table 5.4.
The surface normal of the known plane is n, = [0 1 0]7. The weighting terms used in

the known plane constraint are Ay = 472.6 and Aq = 10°, which produce the following

auxiliary inter-frame estimates:

T, = 0.000 & 0.046 cm per frame, (5.318)
), = 0.000 £ 1.000 10~2 radians per frame, (5.319)
Q. = 0.000 £ 1.000 10~ radians per frame. (5.320)

The inter-frame sensor motion for the known plane constraint appears in table 5.5. The
known rotation constraint improves the accuracy of T, T, Q,, and . The known plane
constraint improves the accuracy of T, and Q.

The extended sensor motion appears in table 5.6. The extended sensor motion is
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Table 5.6: Extended Sensor Motion for Experiment 1

cm/frame Pred. Error cm/fr

Frame T, T, T, AT, AT, AT,
0-1 |0.0452 0.0416 0.7194 | +0.136 + 0.200 =+ 0.016
0-2 ]0.0211 0.0202 0.7198 | £ 0.093 =+ 0.136 -+ 0.011

consistent with the axial translation, and improves as more images are integrated. The
final estimate of the direction of translation along the z- and y-axes (pan and tilt) are
0.029 radians (1.68 degrees) and 0.028 radians (1.61 degrees), respectively. The pan
and tilt directional errors are slightly larger than the one degree standard established in
section 5.2. These results are surprisingly accurate considering the inherent translation-
rotation ambiguity that exists when viewing frontal planes.

To summarize experiment 1, the image measurements of disparity and normal image
velocity are very good. The disparity measurements provide an accurate representation
of the scene structure, verifying the correct operation of the E,s,. histogram and the
multiscale prediction. The normal image velocity measureménts produce a flow pattern
that is consistent with sensor motion. The two inter-frame sensor motions are consis-
tent (within the expected error) with each other and with the axial motion. The known
rotation and plane constraints improve the inter-frame sensor motion estimates, as pre-
dicted by the eigenvalue analysis of (J;,;. The direction of the extended sensor translation

estimate is within the expected error of axial motion.

5.3.2 Experiment 2: Model City

In this experiment, stereo cameras move towards a stationary model of a city. A stereo

pair from the image sequence is shown in figure 5.26. The model city contains buildings,
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cars, railroad tracks, and trees. The scene structure has a variety of depths, including
some large depth gradients. The image projection of the model city contains many uni-
directional features, primarily features with vertical and horizontal normal directions.
The image contains some specular reflections from the railroad tracks.

Theoretical predictions can be made for this image sequence. The disparity module
will be challenged by this scene structure. Since there are large depth gradients, the
E,f5set histogram and the multiscale p;ediction will miss some stereo features. The
heuristic ordering constraint will make additional matches. The temporal constraint will
propagate these matches into future stereo images.

The normal image velocity module should perform well because the axial motion is
small. The inter-frame sensor motion estimate should be good: the conditioning of the
inter-frame Hessian matrix will be much better than experiment 1 (the scene contains a
variety of depths). As a result, the known rotation constraint will provide only a modest
improvement in the estimate of inter-frame sensor motion.

The objectives of this experiment are: to measure the disparity and normal image
velocity; to measure and compare the two inter-frame sensor motions; to determine if
the known rotation constraint improves the inter-frame sensor motion estimates; and
to measure the extended sensor translation. Success of this experiment will verify the
correct operation of secondary stereo correspondence predictors: the temporal constraint
and the heuristic ordering constraint.

The interpolated disparity and its uncertainty are shown in figures 5.27, 5.28, and
5.29. These figures illustrate the increasing resolution with channel frequency. The low
frequency channel provides only a vague description of the scene structure. The scene
details become discernible in the higher frequency channels.

The top and side views of the local map are shown in figure 5.30. There is a total of

298 stereo feature pairs across the three epipolar channels. The local map captures much
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Figure 5.26: Experiment 2, Stereo Images (upper) Left Image, (lower) Right Image.
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Figure 5.27: Experiment 2, & = 0.0407 rad/pixel. (upper) Interpolated Disparity. The
minimum (black) and maximum (white) responses are 10 pixels and 45 pixels, respec-
tively. (lower) Uncertainty. Dark regions have large uncertainties. Light regions denote
direct disparity measurements.
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Figure 5.28: Experiment 2, &; = 0.092x rad/pixel. (upper) Interpolated Disparity. The
minimum (black) and maximum (white) responses are 10 pixels and 45 pixels, respec-
tively. (lower) Uncertainty. Dark regions have large uncertainties. Light regions denote
direct disparity measurements.
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Figure 5.29: Experiment 2, &, = 0.2107 rad/pixel. (upper) Interpolated Disparity. The
minimum (black) and maximum (white) responses are 10 pixels and 45 pixels, respec-
tively. (lower) Uncertainty. Dark regions have large uncertainties. Light regions denote
direct disparity measurements.
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Figure 5.30: Experiment 2, Local Map." Stereo features are denoted by black squares.
Distance between ticks is 15 cm. (upper) Top View, z-z projection, (lower) Side View,
y-z projection.
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Table 5.7: Inter-frame Sensor Motion for Experiment 2

cm/frame 1073 rad/frame

Frame T, T, T, Q. 2, Q,
0-1 -0.0101 -0.0055 0.4631 } 0.027 0.105 0.032
1-2 1-0.0031 -0.0089 0.4772{-0.005 -0.117 0.094

Table 5.8: Expected Error in Inter-frame Sensor Motion for Experiment 2

cm/frame 10~° rad/frame

Frame T, : T, T, Q. 2, Q,
0-1 + 0.0112 + 0.0135 =+ 0.0155 | £ 0.199 4 0.151 =+ 0.287
1-2 4+ 0.0111 £ 0.0134 4+ 0.0158 | £ 0.197 =+ 0.150 =+ 0.290

of the scene structure. The flat surfaces, such as the front of the buildings, are correctly
represented.

The normal image velocity measurements for the epipolar and orthogonal channels
are shown in figure 5.31. The normal image velocity measurements display the outward
flow associated with axial motion. The speed of the component flow vectors increase with
the (normal) distance from the image origin and the disparity of the feature. The RMS
error in the measured normal image velocity field, compared to the field predicted by
the inter-frame sensor motion, is 0.09 pixels, which is better than the one pixel standard
described in section 5.2.

The inter-frame sensor motions and the expected errors appear in tables 5.7 and 5.8,
respectively. -The inter-frame sensor motions are consistent with axial motion (within
the expected errors). The two inter-frame translations are consistent with each other.

An eigenvalue decomposition shows that the inter-frame Hessian matrix is better

conditioned in this experiment than in experment 1. The eigenvalues and eigenvectors
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Figure 5.31: Experiment 2, Normal Image Velocity for &; = 0.092x rad/pixel. Compo-
nent flow vectors are represented by a “T.” The direction and length of the stem of the
«T» denote the normal direction and the image displacement, respectively. The lengths
of the vectors have been multiplied by 5.0. (upper) Epipolar Channel, do = 0, (lower)
Orthogonal Channel, ¢y = Z radians.
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Table 5.9: Inter-frame Sensor Motion, Known rotation, for Experiment 2

cm/frame 10~ rad/frame

Frame T, T, T, Q. Q, Q,
0-1 [-0.0095 -0.0057 0.4632 | 0.024 0.098 0.021
1-2 | -0.0031 -0.0090 0.4772|-0.006 -0.115 0.083

are given by °

Ao = 544702 B =[ 0.723 —0.073 —0.030 0.067 0.683 0.001 ]7,
A1 = 406505 © =[ —0.076 —0.758 —0.032 0.644 —0.066 —0.009]7,
Ay =T7519.1 B =[ 0.583 —0.077 —0.096 —0.085 —0.622 0.501]7,
A3 =5646.7 ©3=[ 0.100 0.288 0.865 0.386 —0.076  0.064 )7,
Ay =22188 vy =[ —0.164 —0.523 0448 -0.588 0.195 0.338]",
s =1486.3 w5 =[ —0.308 0.241 —0.200 0.280 0.314 0.794 }7.

The condition number is 366, which is 194 times smaller than in experiment 1.

For comparison with experiment 1, the known rotation constraint is applied to the
inter-frame sensor motion; the results appear in table 5.9. The rotation and uncertainty
are assumed to be (9, Q,, ©,) = (0.000 £+ 1.000, 0.000 £ 1.000, 0.000 + 1.000) 10~3
radians per frame. No significant improvement is obtained (for a rotational uncertainty
of £0.001 radians per frame).

The extended sensor motion appears in table 5.10. The extended sensor transla-
tion is consistent with axial motion. The measured direction of translation is (—0.014,
—0.016) radians, or (—0.79, —0.89) degrees, relative to the axial motion. The pan and
tilt directional accuracies are better than the one degree standard established in section

5.2.

5The rotation terms in the eigenvectors have been normalized by the average scene depth, 2,o0rm = 78
cm.
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Table 5.10: Extended Sensor Motion for Experiment 2

cm/frame Pred. Error cm/fr

Frame T, T, T, AT, AT, AT,
0-1 -0.0101 -0.0055 0.4631 { £ 0.0112 +£ 0.0135 =+ 0.0161
0-2 [-0.0065 -0.0073 0.4702 | &+ 0.0079 &£ 0.0095 4+ 0.0113

In summary, the disparity measurements are good, capturing the structure of the
scene, and verifying the correct operation of the heuristic ordering constraint and the
temporal constraint. The normal image velocity measurements produce a flow patt-ern
consistent with the sensor motion. The variations in depth improve the estimate of
inter-frame sensor motion over experiment 1. The motion constraint does not improve
significantly the inter-frame sensor motion estimates, as predicted by the eigenvalue anal-
ysis. The direction of the extended sensor translation is within the expected error of axial

motion.

5.3.3 Discussion and Summary

The actual motion of the cameras for experiments 1 and 2 are believed to be 0.762cm (0.3
inch) and 0.508cm (0.2 inch) per frame, respectively. The T, component of the extended
sensor translation for the two experiments are 0.720cm and 0.478cm, respectively. The
percent error in the motion is approximately the same for both experiments: 5.8 for the
tiger poster sequence, and 6.2 for the m(;del city sequence. In both sequences, the error
is limited to the speed of the sensor translation; the direction of translation is accurately
measured.

The above-mentioned speed errors are caused by the camera parameter uncertainty.

The nominal camera parameters are used instead of the actual values because calibration
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data is not available. The speed errors are probably due to an incorrect focal length and
to pixel scaling errors (see appendix C). Both errors affect the speed, not the direction,
of translation ©.

A speed error can also be caused by an error in the baseline separation. Since the base-
line separation is produced by precise lateral motion on the optical bench, the baseline
error should be negligible.

To summarize this section, the image measurements are very good: stable features are
selected, stereo and temporal correspondences are correctly made, disparity is measured
to sub-pixel accuracy, and normal image velocity measurements are consistent with the
component flow pattern predicted by the sensor motion. The local maps capture the scene
structure. The inter-frame and extended sensor motions are consistent with axial motion.
The known rotation and known plane constraints improve the inter-frame parameters
when the Hessian is ill-conditioned. The condition number of the inter-frame Hessian
matrix is a good measure of the extent to which the motion estimates are affected by the

inherent translation-rotation ambiguity.

5.4 Data Set 2

The second data set contains three stereo image sequences which test the ability of the
obstacle detection algorithm: to estimate motion in the presence of sensor rotation; to
segment moving and stationary objects; and to predict collision parameters. In the first
sequence, stereo cameras view a stationary scene while translating and rotating. In the
second sequence, a translating object is on a collision trajectory with forward translating
cameras. In the final sequence, the translating object has a trajectory that will pass safely

in front of the forward translating cameras. The image sequences are obtained from an

SFocal length errors and symmetric pixel scaling errors are not serious problems for obstacle detection
because they have no effect on the time-to-collision or the point-of-collision.
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optical bench, insuring precise sensor and object motions. The stereo image sequences
in data set 2 were obtained from the Laboratory for Computational Intelligence at the
University of British Columbia, 7.

Separate cameras are used to capture the right and left image sequences. Unfortu-
nately, the stereo cameras could not be mounted with great precision. The left camera
has a 0.01 radian roll, which is compensated by rotating (and re-sampling) the image
about the optical axis. The left camera also has a slight upward tilt, requiring a -3 pixel
offset along the j-axis to approximate a parallel stereo setup (see section 2.5). A one
pixel offset along the #-axis compensates for a slight camera convergence. The stereo
baseline is 5.2+ 0.05cm. The nominal camera parameters are as follows: the focal length
of each camera is 8.5mm; the physical size of the CCD array is 6.6mm by 8.8mm; and
the image size is 480 x 512 pixels.

The sequences in data set 2 are affected by a problem with the image acquisition sys-
tem. The acquisition system introduces random vertical offsets into the image sequence.
Depending on when the frame grabbing process is initialized, relative to the camera syn-
chronization pulse, the stereo imagés can either be registered correctly or offset vertically
by two pixels. The random toggling between the zero and two pixel offsets is interpreted
by the sensor motion module as transient rotations about the z-axis (pitch motion).

The same scene is used in all three experiments. A stereo image pair is shown in
figure 5.32. The stereo images are viewing two plastics toys and a background poster.
The toy at the right periphery of the image, the “eco-sub,” is on a movable platform. The
platform moves to the left in experiments 4 and 5. The toy on the left, the “toxic cannon,”
is stationary in each experiment. The toys and the rails of the movable platform produce
specular reflections and shadows. Additional complications are that the brightness of the

two images are slightly different, and the peripheral image features are compressed due

“Technical work was performed by Stewart Kingdon.
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to lens distortion 8.

The interpolated disparity and its uncertainty are shown in figures 5.33, 5.34, and
5.35. The top and side views of the local map are shown in figure 5.36. There are
300 stereo feature pairs across the three epipolar channels. The background poster has a
parabolic shape in figure 5.36, instead of planar. This parabolic shape is believed to be
caused by lens distortion.

It is possible to compensate for the distortion in the depth estimate ®. The compen-
sated local map is shown in figure 5.37. Note that the surface normal of the plane is not
parallel to the z-axis. This non-zero angle suggests that the focal lengths of the stereo
cameras are mismatched.

In the following three experiments, the lens distorted (uncompensated) image se-

quences will be used.

5.4.1 Experiment 3: Camera Rotation

The purpose of this experiment is to test the robustness of the sensor motion module to
sensor rotation. The stereo cameras are moving in a stationary environment: the sensor
translation is along the z,-axis; and the sensor rotation is about the y-axis.

Theoretical predictions regarding the performance of the various modules can be
made for this image sequence. The normal image velocity module should perform well
because all of the image features belong to stationary objects, and the axial motion is not
large relative to the depth of the objects. The accuracy of the inter-frame sensor motion
estimate will be degraded by the depth distortion. The parabolic depth distortion in this

image sequence will cause T, to be over-estimated (see appendix C).

8The arching of the top edge of the background poster board is believed to be due to radial lens
distortion.

9The radial distortion constant k, found in appendix C, equation (C.376), is adjusted until the
background poster is planar.
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Figure 5.32: Experiment 3, Stereo Images (upper) Left Image, (lower) Right Image.
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Figure 5.33: Experiment 3, &y = 0.0407 rad/pixel. (upper) Interpolated Disparity. The
minimum (black) and maximum (white) responses are 12 pixels and 30.3 pixels, respec-
tively. (lower) Uncertainty. Dark regions have large uncertainties. Light regions denote
direct disparity measurements. A region that is black in both the disparity and uncer-
tainty maps indicate a disparity estimate whose uncertainty is too large to be meaningful.
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Figure 5.34: Experiment 3, &; = 0.092x rad/pixel. (upper) Interpolated Disparity. The
minimum (black) and maximum (white) responses are 12 pixels and 30.3 pixels, respec-
tively. (lower) Uncertainty. Dark regions have large uncertainties. Light regions denote
direct disparity measurements. A region that is black in both the disparity and uncer-
tainty maps indicate a disparity estimate whose uncertainty is too large to be meaningful.
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Figure 5.35: Experiment 3, &, = 0.2107 rad/pixel. (upper) Interpolated Disparity. The
minimum (black) and maximum (white) responses are 12 pixels and 30.3 pixels, respec-
tively. (lower) Uncertainty. Dark regions have large uncertainties. Light regions denote
direct disparity measurements. A region that is black in both the disparity and uncer-
tainty maps indicate a disparity estimate whose uncertainty is too large to be meaningful.
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Figure 5.36: Experiment 3, Local Map. Stereo features are denoted by black “X”s.
Distance between ticks is 20 cm. (upper) Top View, z-z projection, (lower) Side View,
y-z projection.
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Figure 5.37: Experiment 3, Local Map with Distortion Compensated. Stereo features
are denoted by black “X”s. Distance between ticks is 20 cm. (upper) Top View, z-z
projection, (lower) Side View, y-z projection.
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Table 5.11: Actual Inter-frame Sensor Motion for Experiment 3

cm/frame 10~° rad/frame
Frame T, T, T, 0, 2, Q,
0-1 0.0443 0.0000 2.5396 | transient 8.727 0.000
1-2 1 0.0222 0.0000 2.5399 | transient 8.727 0.000
2-3 | 0.0000 0.0000 2.5400 | transient 8.727 0.000

The objectives of this experiment are: to measure the inter-frame sensor motions;
and to measure the extended sensor translation. Success of this experiment will verify
the ability of the inter-frame sensor motion stage to measure rotation, and the correct
implementation of process model used in the Kalman filters.

The normal image velocity measurements for the epipolar and orthogonal channels
are shown in figure 5.38. The epipolar channel displays the outward flow associated
with axial motion and a -4 pixel offset associated with the rotation €,. The orthogonal
channel has an outward flow pattern. The RMS error in the measured normal image
velocity field, compared to the field predicted by the inter-frame sensor motion, is 0.16
pixels, which is better than the one pixel standard described in section 5.2.

The actual inter-frame sensor motion over the image sequence appears in table 5.11.
The precise movements of the cameras include a forward translation of 2.54cm (1.0 inch)
and a rotation of 0.00873 radians (0.5 degrees) per frame. Other parameters are approx-
irnately known. The pan and tilt angles of the observer axes, relative to the direction
of camera motion, are believed to be 0.0174 radians (—1.0 degree) and 0 radians, re-
spectively, at the start of the sequence (time tp). It is also believed that the center of
rotation of the stereo cameras is at the origin of the observer coordinate frame. The
apparent pitch velocity (§2;), which is caused by the random occurrence of zero or two

pixel (vertical) offsets, will be one of three values: —3.221073, 0.0, or 3.2x10~3 radians
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Figure 5.38: Experiment 3, Normal Image Velocity for & = 0.0927 rad/pixel. Com-
ponent flow vectors are represented by a “T.” The direction and length of the stem of
the “T” denote the normal direction and the image displacement, respectively. (upper)
Epipolar Channel, ¢o = 0, (lower) Orthogonal Channel, ¢, = Z radians.
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Table 5.12: Inter-frame Sensor Motion for Experiment 3

cm/frame 10~° rad/frame

Frame T, T, T, Q. Q, Q,
0-1 }0.0577 -0.0562 2.6986 | -0.461 8.672 0.042
1-2 1 0.0178 -0.0329 2.6821 | -3.536 8.864 0.161
2-3 |0.0018 -0.0877 2.6834 |-0.795 8.588 0.182

Table 5.13: Expected Error in Inter-frame Sensor Motion for Experiment 3

cm/frame 103 rad /frame

Frame T, T, T, 0, Q, Q,
0-1 + 0.0648 £ 0.1165 £ 0.0357 | £ 1.089 =+ 0.530 £ 0.621
1-2 | £0.0594 =+ 0.1263 =+ 0.0337 | £ 1.199 =+ 0.495 < 0.649
2-3 {£0.0576 £ 0.1209 £ 0.0327 | £ 1.200 £ 0.490 < 0.604

per frame.

'The estimated inter-frame sensor motion and expected errors appear in tables 5.12 and
5.13, respectively. The T, is over-estimated (as expected), but it is consistent throughout
the image sequence. The other translational parameters are within the expected error of
the actual motion. The Q, rotation is within the expected error of the actual value. The
largest difference between the measured and actual Q, is 0.00014 radians (0.008 degrees)

per frame.
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Table 5.14: Inter-frame Sensor Motion, Known (2., for Experiment 3

cm/frame 107> rad/frame

Frame T, T, T, Q. Q, Q,
0-1 0.0581 -0.0560 2.6987 | -0.459 8.669 0.033
1-2 10.0192 --0.0314 2.6822 | -3.521 8.852 0.124

- 2-3 10.0032 -0.0866 2.6835-0.785 8.576 0.144

The eigenvalues and eigenvectors of the inter-frame Hessian matrix are given by 1°

Ao =33406 w=[ 0.690 0.063 —0.021 —0.057 0.718 —0.002}7,

A =T7485.1 =] 0.047 —0.736 —0.003 0.671 0.072 —0.022]7,
A2 =901.73 9, =[ -0.106 0.015 0.983 0.012 0.130 —0.068]7,.
A3 =289.44 wv3=[ 0368 0.017 0.142 0.058 —0.344 0.850 |7,

As=101.12 ©,=[ —0.612 0.025 —0.108 0.025 0586 0.518]7,
As =33.552 b5 =] —0.004 —0.673 0.022 —0.737 0.004 0.063]7.

The condition number is 996. It can be seen that the following parameters are sensitive
to measurement errors: T, and §),; and to a lesser extent, T, Q,, and Q,. The random
vertical offsets prevent the use of the known plane constraint (which would increase As).
The known (2, constraint is chosen in an attempt to improve the inter-frame sensor
motion estimate.

The inter-frame sensor motion for the known 2, appears in table 5.14. For this
experiment, the rotation is assumed to be Q, = 0.000 & 1.000 10~2 radians per frame.
The known axial rotation does not alter significantly the inter-frame parﬁmeters.

The extended sensor motion appears in table 5.15. The extended sensor translation

is consistent with the actual direction of translation throughout the sequence. In the

10The rotation terms in the eigenvectors have been normalized by the average scene depth, zporm = 117
cm.
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Table .5.15: Extended Sensor Motion for Experiment 3

cm/frame Pred. Error cm/fr

Frame| T, @ T, T, AT, AT, AT,
0-1 0.0577 -0.0562 2.6986 | + 0.0648 + 0.1165 =+ 0.0357
0-2 10.0253 -0.0456 2.6900 [ + 0.0419 + 0.0853 =+ 0.0245
0-3 |[0.0011 -0.0656 2.6876 | + 0.0307 = 0.0695 =+ 0.0196

Kalman filter’s process model, the translation estimate is rotated after each inter-frame
motion to account for the change in the orientation of the observer coordinate frame.
Without this coordinate change, the direction estimate of the extended sensor motion
would lag the actual motion. The final estimate for the direction of translation is (0.0004,
—0.0244) radians, or (0.02, —1.40) degrees (actual direction is believed to be (0,0)). The
pan directional error is less than the standard established in section 5.2; the tilt error is
slightly larger than the one degree standard.

In summary, the inter-frame sensor motion parameters are good despite the sensor
rotation and the lens distortion. The good distribution of features in the image suppressed
many of the detrimental effects of lens distortion, such as biases in the direction of sensor
translation (see appendix C). The direction of sensor translation is consistent with the
actual motion, verifying the correct implementation of the process model for the sensor’s

Kalman filter.

5.4.2 Experiment 4: Moving Object on Collision Trajectory

The purpose of this experiment is to test the ability of the algorithm to segment the image
sequence into stationary and moving objects, and to identify an object on a collision
trajectory. In this experiment, the sensor translation is along the z,-axis; the translation

of the eco-sub is along the z,-axis.
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Theoretical predictions can be made for this image sequence. The normal image
velocity module should perform well. Even though the eco-sub is moving, its normal
1mage velocity is within the velocity bandwidth of a correspondence predictor tuned to
stationary objects (see section 4.6.1). The accuracy of the inter-frame sensor motion
estimate will be affected by the lens distortion and the feature clustering. Most of the
stationary object features for the epipolar channel will be clustered in the left half of the
image !; thus, T, will be over-estimated, and T, will be biased towards the left.

The objectives of this experiment are: to measure the inter-frame and extended sensor
motions; to segment the image sequence; to measure the object translation; and to predict
the collision parameters. Success of this experiment will verify the correct operation of
the segmentation stage and the collision trajectory predictor.

The stereo image velocity measurements for the epipolar channel are shown in figure
5.39. The RMS error in the set of normal image velocity measurements belonging to
stationary objects, compared to the set predicted by the inter-frame sensor motion, is
0.17 pixels. The normal image velocity measurements belonging to stationary objects
exhibit an axial motion flow pattern. The normal image velocity measurements belonging
to the eco-sub are small compared to the neighbouring axial flow vectors; the flow pattern
of the eco-sub is typical of an object on a collision trajectory for the case of no sensor
rotation.

The actual inter-frame motion includes a forward camera translation of 2.54cm (1.0
inch) and a leftward object (eco-sub) translation of 0.847cm (0.33 inch) per frame. Both
the pan and tilt angles of the observer axes relative to the direction of camera motion
are believed to be 0 radians throughout the image sequence.

The estimated inter-frame sensor motion and the expected errors appear in tables 5.16

1The inter-frame sensor motion is estimated using stationary object features only. Because it is
moving, the eco-sub measurements are not included.
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Figure 5.39: Experiment 4, Normal Image Velocity for &, = 0.0927 rad/pixel. Compo-
nent flow vectors are represented by a “T.” The direction and length of the stem of the
“T” denote the normal direction and the image displacement, respectively. The lengths
of the vectors have been multiplied by 2.0. (upper) Left Epipolar Channel, (lower) Right
Epipolar Channel.
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Table 5.16: Inter-frame Sensor Motion for Experiment 4

Frame T, T,

cm/frame

T,

10~° rad/frame
0, Q, 0,

0-1 |[-0.1545 -0.0436 2.6672

2.797 0.874 0.654

1-2 1-0.1392 -0.0749 2.7166

-0.693 0.670 0.565

2-3 |[-0.1546 -0.0530 2.6816

-0.579 0.881 0.679

Table 5.17: Expected Error in Inter-frame Sensor Motion for Experiment 4

cm/frame 10~° rad/frame
Frame T, T, T, Q. Q, 0,
0-1 + 0.0620 =+ 0.1215 £ 0.0536 | £ 1.132 £ 0.497 =+ 0.664
1-2 | £0.0627 4+ 0.1116 =+ 0.0555 | + 1.041 =+ 0.515 = 0.642
2-3 | £0.0608 =+ 0.1061 £ 0.0506 | £ 1.026 = 0.506 £ 0.641

185

and 5.17. The lens distortion and the clustering of stationary object features produces

a bias in the £ component of motion. The & component of sensor motion is given by (for

Q, = 0)

tx T, —2zQ,.

(5.321) -

The # bias is consistent over the sequence; the bias in # for a poster feature, whose depth

is (127.5, 125.0, 122.5) cm at (%o, ¢y, t), is (0.0431, 0.0555, 0.0467) cm per frame. In

addition to the z bias, the lens distortion-feature clustering alters the distribution of &

between T, and ,. The lens distortion also results in an over-estimated T.
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Table 5.18: Inter-frame Sensor Motion, Known §,, for Experiment 4

cm/frame 107> rad/frame

Frame T, T, T, Q. Q, Q,

0-1 1-0.1492 -0.0453 2.6703 | 2.786 0.825 0.496

1-2 | -0.1350 -0.0749 2.7193 | -0.682 0.630 0.436

2-3 ]-0.1497 -0.0522 2.6841]-0.562 0.835 0.523

The eigenvalues and eigenvectors are given by 12

Ao = 26357
A = 7394.1
A, = 428.81
As = 236.34
¢ = 103.24
As = 20.918

o=[ 0682 0.052 0.096 —0.050 0.721 —0.017 J%,

5=[ 0.049 - —-0.746 —-0.051 0.659  0.060

0.009 7,

v, =[ —0.020 -0.014 -0.937 -—0.094 0.131 -0.308 |7,

3= 0499 -0.033 -0.290 —0.068 —0.419
7,=[ -0.531 0.014 -0.126 -0.013 0.553
vs=[ 0.037 0.663 —0.096 0.741 —0.018

The condition number is 881, which is similar to experiment 3.

0.697 17,
0.647]7,
0.027 7.

The inter-frame sensor motion for the known €2, constraint appears in table 5.18. The

rotation and uncertainty are assumed to be 2, = 0.000 = 1.000 10~ radians per frame.

As in experiment 3, the known axial rotation did not alter significantly the inter-frame

parameters. Constraints on T, T, {2, and 2, would be more effective.

The extended sensor motion appears in table 5.19. The T}, bias, seen in the estimate of

inter-frame sensor motion, also appears in the extended sensor translation. As a result,

the directional error is larger than the one degree standard established in section 5.2.

The measured direction of translation is (-0.057, -0.021) radians, or (-3.3, -1.2) degrees

(actual direction is believed to be (0,0)).

The segmentation of the image sequence is in shown in figure 5.40. The segmentation

12The rotation terms in the eigenvectors have been normalized by zpoem = 120 cm.
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Figure 5.40: Experiment 4, Segmentation of Image Sequence. Stereo features identified
as belonging to the eco-sub are denoted by black squares. (upper) Epipolar Channel,
& = 0.0927 rad/pixel, (lower) Epipolar Channel, & = 0.2107 rad/pixel.
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Table 5.19: Extended Sensor Motion for Experiment 4

cm/frame Pred. Error cm/frame

Frame T, Ty T, AT, AT, AT,
0-1 |-0.1546 -0.0436 2.6672| + 0.0620 = 0.1215 =+ 0.0536
0-2 |-0.1509 -0.0566 2.6906 | & 0.0416 + 0.0820 =+ 0.0384
0-3 |-0.1532 -0.0564 2.6874 | + 0.0321 &+ 0.0646 =+ 0.0311

Table 5.20: Extended Object Motion for Experiment 4

cm/frame Pred. Error cm/fr

Frame T, T, AT, AT,
0-1 |-0.9458 -0.1680 | + 0.0589 =+ 0.2339
0-2 |-0.9550 -0.1239 [ £ 0.0429 =+ 0.1620
0-3 |-0.9494 -0.0768 | £ 0.0362 =+ 0.1339

of the eco-sub features from the stationary object features is successful: there are no false
positive responses (no stationary features are identified as part of the eco-sub). Most of
the features identified in figure 5.40 belong to the arms of the eco-sub.

The extended object motion appears in table 5.20. The |&.;| is over-estimated. Since
the object motion is estimated using the excess normal image velocity, the bias in the z
component of sensor motion affects the object motion. If this bias (which is about 0.07
at the depth of the eco-sub) is removed, Z,,; is approximately —0.87, which is 0.32 of
the measured T ,., (the ratio of the actual object and sensor motion is 0.33). There is
a small bias in the Z,; that decreases as the object moves towards the origin. The cause
of this bias is discussed in appendix C.

Each feature on a given object has a different point-of-collision. The arm of the eco-

sub that is closet to the driver (the right-most arm in the image) is used as a reference
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Table 5.21: Eco-sub Collision Parameters for Experiment 4

Units: z., cm, t., frames
Estimate | Actual Pred. Error
Frame | Too0  teol | Teat teol | ATea  Alcal

0 24 355 -9 40| +24 +3.1
1 3.9 348 -9 39 |+£16 +21
2 39 3421 -9 38 |+13 +£1.8

point. The collision parameters (z., and {.,) of the arm appear in table 5.21. Both the
point-of-collision and the time-to-collision have been under-estimated. These €rrors are a
result of the biases '® in T, and z,;. Despite the biases, the point-of-collision is accurate
enough, relative to the spread of features (see figure 5.40), to identify the eco-sub as
an obstacle . The final time-to-collision under-estimates the actual value by about 10
percent.

In summary, the inter-frame and extended sensor motions are affected by the combi-
nation of lens distortion and clustering of stationary object features: T} is over-estimated,
and T, is biased. The object translation is also biased and over-estimated. As a result,
the time-to-collision is under-estimated by 10 percent. Despite the distortion, the seg-
mentation of the eco-sub from the stationary background is successful. In addition, the
estimated point-of-collision is sufficiently accurate (relative to the size of the eco-sub) to

identify the eco-sub as an obstacle.

13The bias in T is partially compensated by the bias in the object velocity Zop;. A residual of —0.08
cm per frame (-0.15 + 0.07) remains. This residual decreases the |z.,| by about 3 cm. The bias in z,;
decreases |z.,| further by about 1.5 cm.

14The spread of features is related to the body length of the eco-sub, which is 20 cm. A collision is
predicted if z.,; for the reference arm is between 0 and -20 c¢m.
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Table 5.22: Inter-frame Sensor Motion for Experiment 5

cm/frame 10~ rad/frame

Frame T, T, T, Q. Q, Q,
0-1 |-0.1477 -0.0706 2.6810| 2.665 0.757 0.476
1-2 |-0.1568 -0.0766 2.7241 | -3.943 0.858 0.679
2-3 {-0.1284 -0.1013 2.6971 | -0.832 0.632 0.263

5.4.3 Experiment 5: Moving Object on Pass-by Trajectory

The purpose of this experiment is to test the ability of the algorithm to identify an object
that will pass in front of the cameras. This experiment is similar to experiment 4 except
that the speed of the eco-sub has been doubled.

The stereo image velocity measurements for the epipolar channel are shown in figure
5.41. The RMS error in the set of normal image velocity measurements belonging to
stationary objects, compared to the set predicted by the inter-frame sensor motion, is
0.18 pixels. The normal image velocity measurements belonging to the eco-sub have a
leftward direction in both the left and right images. This component flow pattern is
characteristic of an object that will pass in front of the cameras for the case of no sensor
rotation.

The actual inter-frame motion includes a forward camera translation of 2.54cm (1.0
inch) and a leftward object (eco-sub) translation of 1.69cm (0.67 inch) per frame. Both
the pan and tilt of the observer axes are believed to be 0 radians throughout the image
sequence.

The inter-frame sensor motion and expected errors appear in tables 5.22 and 5.23.
As in experiment 4, & is biased and T, is over-estimated. The & bias is consistent over

the sequence; for a poster feature, whose depth is (127.5, 125.0, 122.5) cm at (o, 1, t2),
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Figure 5.41: Experiment 5, Normal Image Velocity for & = 0.0927 rad/pixel. Compo-
nent flow vectors are represented by a “T.” The direction and length of the stem of the
“T™ denote the normal direction and the image displacement, respectively. The lengths
of the vectors have been multiplied by 2.0. (upper) Left Epipolar Channel, (fower) Right
Epipolar Channel.
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Table 5.23: Expected Error in Inter-frame Sensor Motion for Experiment 5

cm/frame 1073 rad/frame

Frame T, T, T, (P Q, Q,
0-1 | +0.0625 =+ 0.1227 + 0.0550 [ £ 1.138 + 0.503 =+ 0.715
1-2 | £0.0609 =+ 0.1173 4 0.0567 | +£ 1.097 £ 0.501 = 0.680
2-3 | £0.0628 +0.1129 4 0.0529 | & 1.080 =+ 0.521 =+ 0.676

Table 5.24: Extended Sensor Motion for Experiment 5

' cm/frame Pred. Error cm/fr
Frame Ty T, T, AT, AT, AT,

0-1 |-0.1477 -0.0706 2.6810 { + 0.0625 =+ 0.1227 = 0.0550
0-2 |[-0.1534 -0.0700 2.7018 | 4 0.0413 =+ 0.0844 -+ 0.0395
0-3 |-0.1489 -0.0874 2.6994 | & 0.0319 =+ 0.0674 + 0.0316

the z bias is (0.0512, 0.0496, 0.0510) cm per frame.

The extended sensor motion appears in table 5.24. The T}, bias seen in the estimate of
inter-frame sensor motion also appears in the extended sensor translation. As a result, the
directional error is larger than the one degree standard (see section 5.2). The measured

“direction of translation is (-0.055, -0.032) radians, or (-3.2, -1.9) degrees (actual direction
is believed to be (0,0)).

The segmentation of the image sequence is in shown in figure 5.42. As in experiment 4,
the segmentation of the eco-sub features from the stationary object features is successful:
there are no false positive responses. Most of the features identified in figure 5.42 belong
to the arms of the eco-sub.

The extended object motion appears in table 5.25. The object velocity is approxi-

mately double the speed of the eco-sub in experiment 4 (as expected). If & bias (which is
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L

Figure 5.42: Experiment 5, Segmentation of Image Sequence. Stereo features identified
as belonging to the eco-sub are denoted by black squares. (upper) Epipolar Channel,
@& = 0.092x rad/pixel, (lower) Epipolar Channel, &, = 0.2107 rad/pixel.
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Table 5.25: Extended Object Motion for Experiment 5

cm/frame

Frame T, T,

Pred. Error cm/fr
AT, AT,

0-1 |-1.8977 -0.3223 | £ 0.0730 =+ 0.3438

0-2 |-1.8568 -0.0332 | & 0.0468 =+ 0.1841

0-3 |-1.8787 -0.11

44 | £ 0.0392 £ 0.1570

Table 5.26: Eco-sub Collision Parameters for Experiment 5

Estimate
Frame | .y .ol

Units: zc; cm, t., frames

Actual Pred. Error
Lol tcoI AII} col Atcol

0 -44.3  34.7

-50 43 | £ 54 4.1

1 -48.1 37.2

-50 42 |34 26

2 -47.8 34.9

-50 41 | £3.7 £ 28

about 0.07 at the depth of the eco-sub) is
is 0.67 of the measured T} ,, (the ratio of

As in experiment 4, there is a bias in Zy;;.

removed, &.; is approximately —1.81, which

the actual object and sensor motion is 0.67).

The forward arm of the eco-sub is used as a reference point. The collision parameters

of the arm appears in table 5.26. As in exp

eriment 4, both the point-of-collision and the

time-to-collision have been under-estimated. The final time-to-collision under-estimates

the actual value by 15 percent. The point-

of-collision correctly identifies the eco-sub as

an object that will pass safely in front of the cameras.

In summary, the inter-frame and exten

ded sensor motions are affected by the com-

bination of lens distortion and the clustering of stationary object features: T, is over-

estimated, and T, is biased. The object translation is also biased and over-estimated.
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As a result, the time-to-collision is under-estimated by 15 percent. Despite the distor-
tion, the segmentation of the eco-sub from the stationary background is successful. The
estimated point-of-collision is sufficiently accurate (relative to the size of the eco-sub) to

identify the eco-sub as a pass-by object.

5.4.4 Summary

Lens distortion (or any other non-scalar error) has a detrimental effect on the estimated
depth, motion, and collision parameters. The planar background appears parabolic in
the local map. The T, is over-estimated in each image sequence. In experiments 4 and 5,
the combination of feature clustering and lens distortion causes biases in T;. In addition,
the magnitude of the collision parameters are under-estimated.

The algorithm performed fairly well in spite of the lens distortion. In experiment
3, the sensor rofation and the direction of sensor translation are within the expected
errors. Because the image has a good distribution of stationary object features, motion
biases did not appear. In experiments 4 and 5, the segmentation of the image sequence
is successful; and the collision parameters are sufficiently accurate, relative to the size of
the eco-sub, to determine if the eco-sub is an obstacle (as in experiment 4) or a pass-by

object (as in experiment 5).

5.5 Data Set 3

In this final set of image sequences, we leave the precise environment of the optical
bench. In the first of three experiments, an outdoor scene is analyzed. The second
experiment measures the motion of tripod-mounted cameras that are moving through a
stationary indoor environment. The last experiment estimates the collision parameters

of two manually moved objects viewed from stationary cameras.
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5.5.1 Experiment 8: Outdoor Scene

In this experiment, only one stereo pair is available °; it is an outdoor scene shown in
figure 5.43. The ground surface is flat in the foreground, and hills are present in the
background. The foreground contains stationary objects: rocks, dirt piles, and trees.
Beyond the rdcks and dirt piles, the shadows reduce the contrast of viewed objects.

The nominal camera parameters are as follows: the focal length of each camera is
16mm; the CCD array is 6.6mm by 8.8mm; and the image size is 240 x 256 pixels. The
stereo baseline is 25cm. The cameras are convergent, requiring an 11 pixel offset along
the f-axis to approximate a parallel stereo setup (see section 2.5). This offset is estimated
by manually measuring the disparity of features along the horizon 1°.

Theoretical predictions can be made regarding the performance of the disparity mod-
ule. The E, sy, histogram and the multiscale prediction will detect large objects in the
foreground, such as the big rock and the tree. The flat ground produces a large depth
gradient in the image along the §-axis, causing the disparity module to rely heavily on
the heuristic ordering constraint. The horizon will be difficult to match because it is
predominantly horizontal; the preferred spectral orientation is orthogonal to the epipolar
channel. The shadow covering the background hides objects. As a result, the number of
disparity measurements in background will be small.

The objective of this experiment is to measure the scene structure and to make a
qualitative comparison with the presumed structure. Success of this experiment will
verify the disparity module’s robustness to outdoor conditions which include large depth
gradients, and lighting phenomena such as shadows.

The interpolated disparity and its uncertainty are shown in figures 5.44 and 5.45.

The black regions in the disparity map indicate that the uncertainty is too large for a

15This stereo image was supplied by Larry Matthies.
161t is assumed that the parallel stereo disparity of a distant horizon point is approximately zero.
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Figure 5.43: Experiment 6, Stereo Images (upper) Left Image, (lower) Right Image.
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Figure 5.44: Experiment 6, &; = 0.092r rad/pixel. (upper) Interpolated Disparity. The
minimum (black) and maximum (white) responses are -15 pixels and 35 pixels, respec-
tively. (lower) Uncertainty. Dark regions have large uncertainties. Light regions denote
direct disparity measurements. A region that is black in both the disparity and uncer-
tainty maps indicate a disparity estimate whose uncertainty is too large to be meaningful.
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Figure 5.45: Experiment 6, &, = 0.2107 rad/pixel. (upper) Interpolated Disparity. The
minimum (black) and maximum (white) responses are -15 pixels and 35 pixels, respec-
tively. (lower) Uncertainty. Dark regions have large uncertainties. Light regions denote
direct disparity measurements. A region that is black in both the disparity and uncer-
tainty maps indicate a disparity estimate whose uncertainty is too large to be meaningful.
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meanful estimate of disparity. These regions include the shadowed background points.

Two local maps are shown in figures 5.46 and 5.47. Figure 5.46 displays most of the
stereo features with the exception of four background features. Figure 5.47 is a more
detailed map of the foreground features. The relative position of objects in the scene can
be compared with the presumed structure. The presumed ordering of objects, from the
most distant features to the foreground features, is as follows: the crest of the hill, the
shadowed background, the tree, and the rock pile. The measured depths of these features
have the correct order.

Experiment 6 has measured the dispgrity and depth for an outdoor scene. Although
the disparity module did not detect many shadowed background features, it did not make
any foolish matches. If an image sequence was available, the number of detected stereo
features and the variation in depth would have been sufficient to accurately estimate the

inter-frame sensor motion.

5.5.2 Experiment 7: Camera Motion with Transients

In this experiment, stereo cameras move in a stationary environment: namely, a graduate
student office. A stereo pair from the image sequence is shown in figure 5.48. The office
contains tables, chairs, bookshelves, boxes, beverage cans, and stacks of papers. The
background is a uniform coloured wall with some posters. The image projection of the
office contains uni-directional features from various orientations, but primarily features
whose normal direction is either horizontal or vertical.

The image sequence is obtained by moving stereo cameras, which are mounted to
a tripod, at approximately 10 cm per frame in a forward direction (believed to be the
z-axis). Tripod flex introduces transient rotations into the sequence. The optical axes
of the stereo cameras are believed to parallel. The stereo baseline is 11cm. The nominal

camera parameters are as follows: the focal length of each camera is 16mm; the CCD
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Figure 5.46: Experiment 6, Local Map. Stereo features are denoted by black “X”s.
Distance between ticks is 250 cm. (upper) Top View, z-z projection, (lower) Side View,
y-z projection.
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Figure 5.47: Experiment 6, Local Map of Foreground. Stereo features are denoted by
black “X”s. Distance between ticks is 150 cm. (upper) Top View, z-z projection, (lower)

Side View, y-z projection.
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0

Figure 5.48: Experiment 7, Stereo Images (upper) Left Image, (lower) Right Image.
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array is 6.6mm by 8.8mm; and the image size is 480 x 512 pixels.

The disparity module will work well because there are no large disparity gradients.
Most of the stereo correspondences will be made by the E,;t,.; histogram and the multi-
scale prediction. The heuristic ordering constraint and temporal constraint will provide
some additional matches. There will be large regions in the image with no epipolar fea-
tures, and therefore, no direct disparity measurements. These include image regions with
no spectral energy, such as the uniform coloured wall, and the shadowed region below
- the desk.

The normal image velocity module will be challenged by this sequence. Large axial
translation and transient rotation result in non-zero lattice offsets between (temporal)
corresponding points. The generation of correct correspondences in higher frequency
channels will depend heavily on the accuracy in which the low frequency motion estimate
can predict the image velocity field.

The inter-frame Hessian may be ill-conditioned because of the poor distribution of
features in the image. Almost all of the features are found in the top part of the image. As
a result, the axial rotation {2, will produce a similar image velocity field to those produced
by T and €,. The known {2, constraint may improve the estimate of inter-frame sensor
motion.

The objectives of this éxperiment are: to measure the inter-frame sensor motion; to
determine if the known 2, constraint improves the inter-frame motion estimate; and to
measure the extended sensor motion. Success of this experiment will verify that the
sensor motion module is insensitive to transient rotations induced by camera shake.

The interpolated disparity and its uncertainty are shown in figures 5.49, 5.50, and
5.51. The uncertainty maps display large regions of uncertainty: the shadowed area
beneath the table, and the uniform coloured portions of the wall.

The top and side views of the local map are shown in figure 5.52. The local map



Chapter 5. Results 205

Figure 5.49: Experiment 7, & = 0.0407 rad/pixel. (upper) Interpolated Disparity. The
minimum (black) and maximum (white) responses are 18 pixels and 39 pixels, respec-
tively. (lower) Uncertainty. Dark regions have large uncertainties. Light regions denote
direct disparity measurements. A region that is black in both the disparity and uncer-
tainty maps indicate a disparity estimate whose uncertainty is too large to be meaningful.
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Figure 5.50: Experiment 7, @ = 0.0927 rad/pixel. (upper) Interpolated Disparity. The
minimum (black) and maximum (white) responses are 18 pixels and 39 pixels, respec-
tively. (lower) Uncertainty. Dark regions have large uncertainties. Light regions denote
direct disparity measurements. A region that is black in both the disparity and uncer-
tainty maps indicate a disparity estimate whose uncertainty is too large to be meaningful.
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Figure 5.51: Experiment 7, (upper) Interpolated Disparity and (lower) Uncertainty for
@9 = 0.210% rad/pixel. (upper) Interpolated Disparity. The minimum (black) and max-
imum (white) responses are 18 pixels and 39 pixels, respectively. (lower) Uncertainty.
Dark regions have large uncertainties. Light regions denote direct disparity measure-
ments. A region that is black in both the disparity and uncertainty maps indicate a
 disparity estimate whose uncertainty is too large to be meaningful.



Figure 5.52: Experiment 7, Local Map. Stereo features are denoted by black squares.
Distance between ticks is 50 cm. (upper) Top View, z-z projection, (lower) Side View,
y-z projection.
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Table 5.27: Inter-frame Sensor Motion for Experiment 7

cm/frame 1073 rad/frame

Frame T, T, T, (¢ Q, Q,
0-1 0.1816 0.0794 9.513 | 3.649 10.265 0.078
1-2 [ -0.0068 0.0060 9.421|-0.166 -1.581 1.140
2-3 [-0.2750 -0.0252 9.627 | 1.436 1.085 1.710

captures the scene structure: a corner of a room with assorted office materials. The
distant features roughly define the wall. Note that the wall features, which are vertically
aligned, appear slanted in the local map. This slant suggests that one of the stereo
cameras is mounted with a non-zero roll angle.

The normal image velocity measurements for the epipolar and orthogonal channels,
during the first inter-frame transition (from ¢y to ¢;), are shown in figure 5.53. The
normal image velocity measurements are consistent with an axial flow pattern offset by
—10 pixels in the Z direction. The nearly constant offset is induced by a transient sensor
rotation about the y-axis. The RMS error in the measured normal image velocity field,
compared to the field predicted by the inter-frame sensor motion, is 0.17 pixels, which is
better than the one pixel standard described in section 5.2.

The inter-frame sensor motion and the expected errors appear in tables 5.27 and
5.28, respectively. The inter-frame sensor motion estimates are good despite transient
rotations. The direction of translation is consistent with axial translation (within the
expected errors). The inter-frame frame estimates of T, are consistent with the final

estimate of the extended sensor translation (T, sen = 9.51).
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Figure 5.53: Experiment 7, Normal Image Velocity for & = 0.0927 rad/pixel. Com-
ponent flow vectors are represented by a “T.” The direction and length of the stem of
the “T” denote the normal direction and the image displacement, respectively. (upper)
Epipolar Channel, ¢, = 0, (lower) ¢, = Z radians.
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Table 5.28: Expected Error in Inter-frame Sensor Motion for Experiment 7

cm/frame 1073 rad/frame

Frame T, T, T, 0, - Q, Q,
0-1 | +0.3313 + 04109 =+ 0.0994 | +1.343 +1.044 =+ 0.799
1-2 | £0.3038 +0.3051 £ 0.1019 { £1.019 =+ 0.985 =+ 0.712
23 | +£03170 £ 0.3419 £ 0.1222 | £1.196 =+ 1.065 =+ 0.794

The eigenvalues and eigenvectors are given by 17

do=98942 To=[ 0.699 —0.005 —0.022 0.006 0.714 —0.016]7,
A =5649.1 7 =] —0.006 —0.711 —0.014 0.703 —0.005 0.016 |7,
Ay =142.89 v, =[ -0.082 0.034 0.988 0.054 0.111 0.003]7,
As=34.999 B = —0234 —0.055 —0.036 —0.035 0.207 —0.947 7,
Ae=53994 m=[ —0314 0626 —0116 0628 0305 0.089]7,
As = 4.8512 Ty = —0.593 —0.313 —0.087 —0.327 0.585 0.308 ] .

The condition number is 2040. It can be seen, from the eigenvectors associated with Ag,
A4, and s, that all the parameters except T, are sensitive to measurement errors.

The known 0, constraint ié applied to improve the inter-frame estimates 8. It is
assumed that the axial rotation §, is zero with a standard deviation of +1.000 10-3
radians per frame. The inter-frame sensor motion for the known axial rotation can be
found in table 5.29. The known 2, constraint appears to improve the parameter estimates
for the inter-frame transition from ¢, to ts.

The extended sensor motion appears in table 5.30. The temporal variations in the

inter-frame translation are smoothed by the integral nature of the extended sensor motion

17The rotation terms in the eigenvectors have been normalized by the average scene depth, z,,0rm = 303
cm. ‘

8Constraints on Ty, Ty, Qz, or Q, would also be useful. Unfortunately, the tripod flex makes most
of the motion constraints invalid. The known £, is itself a bold assumption.



Chapter 5. Results

Table 5.29: Inter-frame Sensor Motion, Known Axial Rotation, for Experiment 7

cm/frame 10> rad/frame
Frame T, T, T, 0, Q, Q,
0-1 | 0.1924 0.0810 9.5149 | 3.655 10.230 -0.030
1-2 | 0.1457 0.0397 . 9.4481 | -3.610 -2.086 0.496
2-3 [-0.0184 0.0047 9.6837 | 1.568 0.212 0.654

Table 5.30: Extended Sensor Motion for Experiment 7

Frame

cm/frame

T, T, T,

Pred. Error cm/fr
AT, AT, AT,

0-1

0.1816 0.0794 9.5131

+ 0.3313 + 0.4109 -+ 0.0994

0-2

0.0499 0.0405 9.4710

+ 0.2179 + 0.2430 =+ 0.0726

0-3

-0.0653 0.0137 9.5142

+ 0.1755 £ 0.1949 £ 0.0633
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module. The extended sensor motion is consistent with the axial sensor translation.

The (final) measured direction of translation is (-0.0069,0.0014) radians, or (-0.39,0.08)

degrees, from the z-axis. The impressive directional accuracy (the error is less than half

of the standard established in section 5.2) is partial due to the large axial translation.

In summary, the inter-frame sensor motion estimates displayed temporal variations,

but they are within the expected errors. The known {1, constraint partially stabilized

these variations. The extended sensor motion smoothed the variations, producing pa-

rameter estimates that are consistent with axial translation. Experiment 7 has shown

that the sensor motion module is insensitive to transient sensor rotations.
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5.5.3 Experiment 8: Multiple Moving Objects

In this experiment, two moving objects, in an otherwise stationary environment, are
being viewed by stationary stereo cameras. Stereo pairs from the beginning (¢¢) and
end (t4) of the image sequence are shown in figures 5.54 and 5.55, respectively. The
two moving objects in the foreground are beverage cans on top of stools. The two
moving objects can be easily distinguished because the attached cans are competing cola
brands: the left object will be referred to as the “C-cola stool” and the right object
will be referred to as the “P-cola stool.” The stationary background consists of a large
bookshelf filled with assorted manuals and equipment. A stationary chair appears in
the foreground at the right periphery of the stereo images. The scene structure is very
complex, containing large depth gradients and viewpoint sensitive (unstable) alignments
of foreground and background features. The image projection of the background contains
many uni-directional features that have horizontal or vertical normal directions.

The image sequence is produced by manually moving objects which are in the field
of view of stationary cameras. The C-cola stool is heading towards the cameras along a
collision trajectory at 10 cm per frame. The P-cola stool is heading towards the cameras
at 20 cm per frame, but the stool will pass safely in front of the cameras.

The stereo cameras are divergent and are differently tilted, requiring a -12 pixel offset
along the Z-axis and -10 pixel offset along the §-axis to approximate a parallel stereo
setup. The right camera has a 0.012 radian roll angle which is compensated by rotating
the right image. The stereo baseline is 10.2 cm.

The nominal camera parameters are as follows: the focal length of each camera is
16mm; the CCD array is 6.6mm by 8.8mm; and the image size is 480 x 512.

The theory outlined in the previous chapters predict that this image sequence will be
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Figure 5.54: Experiment 8, Stereo Images at ¢, (upper) Left Image, (lower) Right Image.
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Figure 5.55: Experiment 8, Stereo Images at t4, (upper) Left Image, (lower) Right Image.
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extremely difficult to analyze. The image sequence contains viewpoint sensitive align-
ments of foreground and background features, which are unstable with respect to sensor
motion as well as stereo camera separation. These unstable features appear in image
regions near the stools.

Generating the correct stereo correspondences in image regions near the stools will
be difficult: the depth gradients are very large; the presence of the stools changes the
order in which features appear along an epipolar line in the left and right images, making
the heuristic ordering constraint invalid; and there are unstable alignments of foreground
and background features. The different alignment of the foreground and background in
the left and right images can result in a low relative magnitude between stereo features,
‘prompting a “no match” response from the correspondence tester. The “no match”
response most likely to occur if the image projection of the aligned backgrounds (in
left and right images) contain significant features. If the background is uniform over
the spatial extent of the Gabor function, the correspondence testing and the disparity
estimation of foreground features will not be affected. Note that the rejection of unstable
measurements is desirable in moderation; excessive culling will make the stools “invisible”
to the algorithm.

The normal image velocity module will perform in a similar manner. Temporal cor-
respondences for features belonging to moving objects will be difficult to create. As the
object moves, its position relative to the background changes, causing many candidate
correspondences to be rejected in regions where the background not uniform locally. Gen-
erating temporal matches will be most difficult for the P-cola stool. The image velocity
associated with the P-cola stool is very large; there is a good possibility that the velocity
bandwidth of a correspondence predictor, tuned to stationary objects, will be exceeded.
Generating the correct temporal match will be easier for the C-cola object because it

has a collision trajectory. An object on a collision trajectory produces a near zero image
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velocity when viewed by stationary cameras.

The objectives of this experiment are: to measure the inter-frame and extended sensor
motions; to measure the object motions; and to predict the collision parameters. Success
of this experiment will verify the ability of the obstacle detection algorithm to segment
and track multiple objects, both collision and pass-by cases.

The interpolated disparity and its uncertainty are shown in figures 5.56, 5.57, and
5.58. Despite the difficult scene structure, the disparity module is able to produce many
good disparity measurements.

The top and side views of the local map are shown in figure 5.59. The two forward
clusters of features belong to the two stools. The other features belong to the bookshelf
in the background. The planar structure of the bookshelf is correctly depicted in figure
5.59.

Figure 5.60 shows the stereo image velocity for the epipolar channel at time t3. The
actual normal image velocity of each background feature is zero. The RMS error in
the set of normal image velocity measurements belonging to the stationary background,
compared to the set predicted by the inter-frame sensor motion, is 0.14 pixels. The
epipolar image velocity for the C-cola stool is small and has opposite directions in the
left and right images. This stereo flow is typical for an object on a collision trajectory
(when there is no sensor rotation). The stereo image velocity for the P-cola stool has
the same direction in both images, as we would expect for an object that will pass in
front of the cameras. The inter-frame displacement for the P-cola stool is very large:
approximately 14 pixels during the first inter-frame transition. This displacement is near
the limit of the velocity bandwidth '° for a correspondence predictor, tuned to stationary

objects, for the channel ;.

19Depending on which four points are selected by the correspondence predictor, the maximum mea-
surable displacement can vary. For the channel &;, the range in the & direction varies from 5.5 to 16.5
pixels (0.5A%, to 1.5A%,).
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N

Figure 5.56: Experiment 8, & = 0.040x rad/pixel. (upper) Interpolated Disparity. The
minimum (black) and maximum (white) responses are 22 pixels and 57.3 pixels, respec-
tively. (lower) Uncertainty. Dark regions have large uncertainties. Light regions denote
direct disparity measurements. A region that is black in both the disparity and uncer-
tainty maps indicate a disparity estimate whose uncertainty is too large to be meaningful.
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Figure 5.57: Experiment 8, &, = 0.092r rad/pixel. (upper) Interpolated Disparity. The
minimum (black) and maximum (white) responses are 22 pixels and 57.3 pixels, respec-
tively. (lower) Uncertainty. Dark regions have large uncertainties. Light regions denote
direct disparity measurements. A region that is black in both the disparity and uncer-
tainty maps indicate a disparity estimate. whose uncertainty is too large to be meaningful.
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Figure 5.58: Experiment 8, &, = 0.2107 rad/pixel. (upper) Interpolated Disparity. The
minimum (black) and maximum (white) responses are 22 pixels and 57.3 pixels, respec-
tively. (lower) Uncertainty. Dark regions have large uncertainties. Light regions denote
direct disparity measurements. A region that is black in both the disparity and uncer-
tainty maps indicate a disparity estimate whose uncertainty is too large to be meaningful.
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.
o

Figure 5.59: Experiment 8, Local Map. Stationary stereo features are denoted by black
squares. Moving stereo features are denoted by black crosses (in foreground). Distance
between ticks is 62.5 cm. (upper) Top View, z-z projection, (lower) Side View, y-z
projection.
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Figure 5.60: Experiment 8, Normal Image Velocity for Epipolar Channel, do = 0,
& = 0.092r rad/pixel. Component flow vectors are represented by a “T.” The di-
rection and length of the stem of the “T” denote the normal direction and the image
displacement, respectively. (upper) Left View, (lower) Right View.
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Table 5.31: Inter-frame Sensor Motion for Experiment 8

223

cm/frame 10~° rad/frame
Frame T, T, T, Q. Q, Q,
0-1 0.1082 -0.0008 -0.0417 {-0.002 -0.224 0.344
1-2 | -0.0124 -0.0685 0.0360 | -0.198 0.086 0.576
2-3 |-0.0473 -0.0996 -0.0085 |-0.235 0.124 0.141
3-4 0.0718 -0.0368 -0.0552 | -0.057 -0.118 0.560

Table 5.32: Expected Error in the Inter-frame Sensor Motion for Experiment 8

cm/frame 1073 rad/frame
Frame T, T, T, Q. Q, Q,
0-1 4+ 0.1865 =+ 0.0676 £ 0.1461 | £ 0.191 =+ 0.447 £ 0.395
1-2 | £0.1359 =+ 0.0731 £ 0.1451 | £ 0.206 =+ 0.336 =+ 0.529
2-3 | £0.1173 £ 0.0705 £ 0.1676 | £ 0.228 £ 0.301 =+ 0.569
3-4 | £0.1216 £+ 0.0585 £ 0.1759 | £ 0.201 =+ 0.306 < 0.511

The inter-frame sensor motions and the expected errors appear in tables 5.31 and

5.32, respectively.

Since the cameras are stationary, each parameter should be zero.

Most of the inter-frame parameters are within the expected errors.

The eigenvalues and eigenvectors are given by 2°

Ao = 6780.0
A; = 5522.9
A =124.24
Az = 45.557
Agy = 39.569
As = 15.465

o =[ —0.065
7= 0.676
vy =] —0.035
by = —0.128
oa=[ —0.126
o= 0.711

0.739 —-0.036
0.069 0.010
0.638  0.252
—0.129  0.948
—0.161  0.056
-0.019 0.181

—0.666
—0.062

0.701
—0.198
—0.144
—0.028

—0.068
0.729
0.017
0.110
0.058

—0.669

—-0.022 7,
—-0.046 ]T,
—0.191 J7,

0.129 7,
—-0.965 )7,
—0.115 7.

20The rotation terms in the eigenvectors have been normalized by z,orm = 400 cm.
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Table 5.33: Extended Sensor Motion for Experiment 8

cm/frame Pred. Error cm/fr

Frame T: T, T, AT, AT, AT,
0-1 | 0.1082 -0.0008 -0.0417 | &+ 0.1865 =+ 0.0676 =+ 0.1461
0-2 | 0.0338 -0.0319 -0.0094 | £ 0.1093 =+ 0.0496 =+ 0.1022
0-3 |-0.0059 -0.0558 -0.0182 | £ 0.0798 & 0.0403 =+ 0.0867
0-4 | 0.0169 -0.0503 -0.0231 | & 0.0666 =+ 0.0330 = 0.0777

The condition number is 438. The inter-frame parameters associated with Az, A4, and As
(Ty, T, Q, and Q,) are sensitive to measurement errors.

The extended sensor motion appears in table 5.33. The extended sensor motion is
‘approximately zero.

The segmentation of the image sequence at four time instants is shown in figures 5.61
and 5.62. The features on the right belong to the P-cola stool. During the inter-frame
transition from %, to ¢;, all correspondence predictors are tuned to stationary objects. As
a result, only one stereo feature belonging to the P-cola stool is detected at time ¢, (the
algorithm is fortunate to have detected this feature). After detecting this first feature, a
new correspondence predictor, tuned to this moving object, is automatically generated.
As a résult, more features belonging to the P-cola object are detected in later images.
Note that the tracked features for the P-cola stool change over time, as the alignment of
the stool and the background changes.

The feature at the left in figures 5.61 and 5.62 belongs to the C-cola stool. Most of
the tracked C-cola features are found in other epipolar channels (@ and &,). Note that
a correspondence predictor tuned to a stationary object is also tuned to a moving object
with a collision trajectory, when the cameras are stationary. As a result, the detection

of the C-cola stool does not cause a new correspondence predictor to be generated.
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Figure 5.61: Experiment 8, Segmentation of Image Sequence for & = 0.0927 rad/pixel,
Stereo features identified as belonging to the P-cola (C-cola) stool are denoted by black
(gray) squares. (upper) Epipolar Channel, ¢y, (lower) Epipolar Channel, ¢;.
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Figure 5.62: Experiment 8, Segmentation of Image Sequence for &y = 0.0927 rad/pixel,
Stereo features identified as belonging to the P-cola (C-cola) stool are denoted by black
(gray) squares. (upper) Epipolar Channel, ¢5, (lower) Epipolar Channel, ;.
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Table 5.34: Extended P-cola Motion for Experiment 8

cm/frame Pred. Error cm/fr

Frame | T, .; Toobh; | ATeob; AT obs
0-1 |[-5.912 -13.945 | 4 0.520 =+ 7.944
0-2 |-6.320 -19.678 | £ 0.160 £ 3.208
0-3 |[-6.198 -17.984 | &+ 0.116 =+ 2.196
0-4 }-5905 -17.498 | 4 0.100 £ 1.597

Table 5.35: Extended C-cola Motion for Experiment 8

cm/frame | Pred. Error cm/fr

Frame Tz,obj Tz,obj AJT:L',r:zbj ATz,obj
0-1 1.481 -9.122 | £ 0.193 <+ 1.418
0-2 |[1.427 -8.985|+0.134 =+ 1.003
0-3 | 1373 -9.280( + 0.166 =+ 1.228
0-4 1417 -9.841 |+ 0.131 =+ 0.969
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The extended object motion for the P-cola and C-cola stools appear in tables 5.34 and

5.35. The actual P-cola velocity is approximately (Zos;, 205;) = (6.0,19.1); the actual

C-cola velocity is about (&ob;, 2055) = (1.4,9.9). The C-cola estimates are closer to the

actual value than the P-cola estimates. Most of the object translation parameters are

within the expected errors.

Each feature on a given object has a different point-of-collision. The P-cola and C-

cola collision parameters, at selected reference points, appear in tables 5.36 and 5.37.

The reference point for the P-cola stool is at the left leg for ¢, and ¢;, and at the right

side of the P-cola can for ¢; and t3 ?!. The reference point for the C-cola stool is at the

white stripe of the C-cola can. Most of the estimated collision parameters are within the

21The change of the reference point alters the actual ., in table 5.36.
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Table 5.36: P-cola Collision Parameters for Experiment 8

Units: z., cm, t., frames

Estimate Actual |- Pred. Error
Frame Lol Lot | Teol  teol A-'I;C(JI Att:ol
0 -119.0 22.2|-80 16 | £65.4 £ 12.7
1 -88.4 15.0-80 15 | £13.7 £25
2 -744 143 | -65 14 | £9.7 £1.8
3 -741 138165 13| £6.5 +1.3

Table 5.37: C-cola Collision Parameters for Experiment 8

Units: z., cm, ., frames
Estimate | Actual Pred. Error
Frame ZTeol  teol | Teol  teol Axcol AtcoI
0 50 265 3 25| +52 +4.2
1 6.0 2568 3 24 |+£31 +29
2 45 239 3 23 |+22 +3.2
3 32 216 3 22 |+16 £2.2

228
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expected tolerances. The collision parameters correctly identify the P-cola stool as an
object that will pass safely in front of the cameras, and the C-cola stool as an obstacle.
The final error in the time-to-collision is 6.2 percent and 1.9 percent of the actual values
for the P-cola and C-cola stools, respectively.

In summary, experiment 8 has shown that the obstacle detection algorithm can esti-

mate the collision parameters of multiple moving objects, simultaneously.

5.5.4 Summary

Data set 3 has tested the obstacle detection algorithm under realistic conditions. Exper-
iment 6 demonstrates that the disparity module can operate in an outdoor environment
which has large depth gradients and uneven lighting (shadows). Experiment 7 demon-
strates the sensor motion module’s robustness to transient rotations associated with
camera shake. Experiment 8 demonstrates the obstacle detection algorithm’s ability to

process multiple moving objects.

5.6 Summary

The results presented in this chapter demonstrate the robustness of the obstacle de-
tection algorithm to various difficult conditions: stereo images with different brightness
and contrast (experiments 3, 4, 5); images containing shadows and specular reflections
(experiments 2, 3, 4, 5, 6); unstable alignments of foreground and background features
(experiment 8); image sequences with large image velocities (experiment 8); scenes with
large depth gradients (experiment 6); constant and transient sensor rotations (exper-
iments 3, 7); concurrent object and sensor motions (experiments 4, 5); and multiple
moving objects (experiment 8). Experiments 1, 2, and 6 verified the correct implementa-

tion of the stereo candidate correspondence predictors. Experiment 8 demonstrated the
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Table 5.38: RMS Error in the Normal Image Velocity

Experiment | RMS Error Comments
1 0.10 pixels
2 0.09 pixels
3 0.16 pixels | Lens Distortion
4 0.17 pixels | Lens Distortion
5 0.18 pixels | Lens Distortion
7 0.17 pixels
8 0.14 pixels

automatic generation and the correct operation of temporal correspondence predictors
tuned to moving objects. Experiment 4, 5, and 8 demonstrated the correct operation of
the segmentation algorithm.

The accuracy of various modules within the obstacle detection algorithm have been
measured. The RMS error of the disparity and the depth in experiment 1 is +0.16 pixels
and 0.3 percent of the actual depth, respectively. Theses results are comparable with the
published results of Matthies et al [39] (0.12 pixels and 0.5 percent of the actual depth
for a similar scene). The RMS error in the normal image velocity field is summarized in
table 5.38. All of the RMS errors are within the one pixel “satisfactory” level used by
Weng et al [52].

The directional errors in the sensor translation are summarized in table 5.39. The
directional accuracy tends to be better when the condition number of the inter-frame
Hessian is low and the speed of sensor translation is large. The directional accuracy
degrades in the presence of lens distortion and feature clustering. The better results
presented in this chapter (experiments 2, 7) are below the one degree standard established
in section 5.2; a standard which is based on the best reported results of other researchers.

The percentage error in the time-to-collision for moving objects is summarized in
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Table 5.39: Directional Errors in Sensor Translation

Directional Error
Experiment | Pan (deg.) | Tilt (deg.) Comments

1 1.68 1.61 Frontal Plane, ill-conditioned
2 -0.79 -0.89
3 0.02 -1.4 Lens Distortion
4 -3.3 -1.2 Lens Dist., Feature Clustering
5 -3.2 -1.9 Lens Dist., Feature Clustering
7 -0.39 0.08 Large translation (10 cm/fr)

Table 5.40: Percentage Error in the Time-to-Collision

Experiment | Percent Error Comments
4 10 percent | Lens Distortion
5 15 percent | Lens Distortion

8 (P-cola) | 6.2 percent
8 (C-cola) 1.9 percent

table 5.40. The lens distortion causes the time-to-collision to be under-estimated in ex-
periments 4 and 5. The accuracy of the time-to-collision for the P-cola and C-cola objects
in experiment 8 are within the expected errors and should be sufficient for most obstacle
detection/avoidance applications. The point-of-collision in each experiment is sufficiently
accurate relative to the size of the object to discriminate between obstacles with collision

trajectories (experiments 4, 8) and objects with pass-by trajectories (experiments 5, 8).
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Summary and Conclusion

In this chapter, the obstacle detection algorithm is summarized, possible extensions are

discussed, and conclusions are made.

6.1 Summary

The obstacle detection algorithm transforms a stereo image sequence from pixels with
time varying intensities to the collision parameters for viewed objects. The collision
parameters, the point-of-collision and the time-to-collision, along with the expected errors
can be used by a computer pilot to avoid obstacles. |

The pixel-based stereo image sequence is first converted into a Gabor representation
(section 3.2.1). The representation comprises a set of channels formed by filtering the
image sequence with log-polar Gabor filters. Minimal completeness is used to form a
laconic description of the filter set. Once a reference frequency, orientation, and phase
have been chosen (&g, ¢o, and po), we need only to select the number of orientations n %>
and one of the following: the aspect ratio «, the ratio of adjacent frequencies p, or the
bandwidth-frequency ratio A.

The output of each channel is sampled, forming a two-dimensional sampling lat-
tice. Two types of lattice are used: a band sampled lattice for epipolar channels, and a
restricted sampling lattice for oblique channels. Constraints on the spatial sampling in-
tervals that avoid aliasing in the measurement of spatial frequency, disparity, and normal

image velocity are established.

232
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The magnitude and phase responses in each channel is used to extract image fea-
tures, estimate disparity, and estimate normal image velocity. To extract features, three
thresholds are applied to the magnitude response: an absolute threshold, a relative spa-
tial threshold, and a relative orientation threshold. The features with unstable phase
responses are rejected using frequency and magnitude tests. The phase and magnitude
responses are also used to estimate the expected error in the disparity and normal image
velocity measurements.

The disparity is measured using a combination feature matching-phase gradient ap-
proach (section 3.2.4). The feature matching stage attempts to establish stereo corre-
spondences between lattice points in the left and right images. The candidate lattice
shifts are predicted using: an epipolar offset histogram, multiscale consistency, temporal
consistency, and a heuristic ordering constraint. The candidate shifts are tested using a
matching criteria that compares attributes such as the local magnitude and the phase
shift. Once the correspondence has been established, the disparity estimate is refined
using the phase gradient.

The normal image velocity is measured using a similar feature matching-phase gradi-
ent approach (section 3.2.5). The candidate correspondence prediction is achieved using
estimates of the inter-frame sensor motion (obtained from lower frequency channels) and
the object motion (obtained from past measurements). Three types of correspondence
predictors are available. They are tuned to: stationary objects, objects with collision
trajectories, and moving objects seen in past measurements. Correspondence predictors
of the third kind (tuned to past moving objects) are generated automatically. Once the
correspondence has been established, the normal image velocity is refined using the phase
gradient.

Features in the image sequence are segmented into moving objects and stationary

objects using: the local 2 velocity, seeding histograms, and two Mahalanobis distance
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measures. The local Z estimate, obtained from the stereo image velocity, is used to
detect moving objects. The seeding histograms identify stationary object features by
testing the set of image measurements for in-plane velocity consistency (section 4.6.2).
Consistent measurements are combined to produce an initial estimate of the inter-frame
sensor motion. The first Mahalanobis distance is used to test the hypothesis that a
normal image velocity measurement belongs to a stationary object (section 4.3). The
second Mahalanobis distance tests the hypothesis that two moving object classes belong
to the same object (section 4.6.4).

The inter-frame sensor motion is estimated using image measurements (normal image
velocity and disparity) from features belonging to stationary objects (section 4.2). The
image measurements are weighted using the expected squared errors which are approxi-
mated using stable image quantities. The weighted least square estimation also produces
an inter-frame Hessian matrix whose inverse is the error covariance. The inter-frame
error covariance is used in the first Mahalanobis distance, in the eigenvalue analysis, and
in the error covariance of the extended sensor motion.

The eigenvalues and eigenvectors of the inter-frame Hessian are useful for determining
the stability of the motion parameter estimates, and for predicting which motion con-
straints will be most effective in improving the stability of the parameters. Three different
constraints are used in this work: the known rotation, known plane, and the unknown
plane. The known rotation and the known plane constraints improve the inter-frame
sensor motion when the Hessian is ill-conditioned (see experiment 1).

A Kalman filter, which integrates inter-frame sensor translations, is used to estimate
the translational parameters and error covariance for the extended sensor motion (sec-
tion 4.4). The rotation terms are decoupled from the inter-frame Hessian matrix and
measurement vector, which converts the sensor motion model from predominantly recti-

linear to pure translation. The effect of the decoupling process is to stabilize the image
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sequence from transient rotations.

Kalman filters are also used to estimate the extended translation for each moving ob-
ject. The effect of inter-frame sensor motion is compensated by subtracting the predicted
sensor motion-induced image velocity from the measured normal image velocity.

Collision parameters are estimated for each feature belonging to a moving object
using the observer frame trajectory (section 4.5). The observer frame trajectory for
each object is estimated using the difference between the extended object and sensor
translations. The uncertainty in the collision parameters are calculated from the er-
ror covariance matrices for the extended object and sensor motions, and the feature’s
positional uncertainty.

The performance of the obstacle detection algorithm and its various modules—disparity,
normal image velocity, depth, motion, segmentation, and collision parameters—are ana-
lyzed in chapter 5. Good results are obtained in difficult conditions: stereo images with
different brightness and contrast (experiments 3, 4, 5); images containing shadows and
specular reflections (experiments 2, 3, 4, 5, 6); unstable alignments of foreground and
background features (experiment 8); image sequences with large image velocities (experi-
ment 8); scenes with large depth gradients (experiment 6); constant and transient sensor
rotations (experiments 3, 7); concurrent object and sensor motion (experiments 4, 5);
and multiple moving objects (experiment 8).

The image measurements, which use the Gabor representation, are very good: the
feature extraction stage selected stable image features, the disparity is measured to sub-
pixel accuracy, the normal image velocity measurements had speeds and directions that
are consistent with the sensor and object motions as well as the scene structure. The RMS
error in the disparity for experiment 1 is 0.14 pixels, compared with 0.12 pixels reported
in [39) for a similar scene. The RMS error in the normal image velocity measurements,

compared with the component flow field induced by the inter-frame sensor motion, varies
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from 0.09 pixels in experiment 2 to 0.18 pixels in experiment 5. Each RMS error is less
than the 0.84 pixel error reported in [52].

The depth and motion accuracy is limited by the uncertainty associated with using
nominal camera parameters. Deviations from the nominal camera parameters produce
scale factor errors and distortion errors. The scale factor errors are not serious because
they do not affect the structure of the scene (the relative depth of features), the direction
of sensor/object translation, or the sensor rotation. Distortion errors alter the scene
structure. If the features are clustered away from the image origin, distortion errors
also introduce bias terms into the motion estimates, and alter the distribution of & (y)
between T, and , (T, and ).

The scene structure, the direction of translation, and the sensor rotation are accu-
rately measured. In experiment 1, the RMS error in the measured depth, when fitted to
a frontal plane structure, is £0.16 cm; the RMS error is 0.3 percent of the average depth
(compared to 0.5 percent in [39]). The directional accuracy of the extended sensor trans-
lation for experiment 7 is within 0.4 degrees of the actual value (compared to 1.0 degree
in [40]). The Q, rotation in experiment 3 is within £:0.01 of a degree for an inter-frame
rotation of 0.5 degrees.

The segmentation of moving objects and stationary objects is successful in each of the
experiments containing moving objects. All the identified features belonged to moving
objects. The accuracy of the object translation is good; that is, it is usually within the
expected error. The accuracy tends to be better for obstacles with collision trajectories
than pass-by objects.

The estimates of the collision parameters are good. The scale factor errors due to
camera uncertainty have no effect on the time-to-collision; most scale factor errors do
not affect the point-of-collision. The distortion errors in experiment 4 and 5 caused

the magnitude of the collision parameters to be under-estimated. Despite the distortion
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errors, the point-of-collision in each experiment is sufficiently accurate, relative to the

size of the object, to determine if the object will collide with or pass-by the cameras.

6.2 Extensions

There are many possible extensions to the obstacle detection algorithm presented in this
work. They include the use of a priori scene structure, and additional sensors.

In many operating environments, information regarding the scene structure is avail-
able, such as a scene model or the maximum (minimum) depth. A model of the scene,
such a planar ground surface, can be used to produce default disparity estimates at each
lattice point, replacing or enhancing, the epipolar offset histogram. Minimum and max-
imum disparities can be used as search bounds for the epipolar offset histogram and the
heuristic ordering constraint.

The seeding histograms, which test in-plane velocity consistency, use the assumption
that the axial rotation (§,) is zero. Although failure of this assumption has little effect
for stationary environments, it may prove more significant for scenes with many moving
objects. The seeding histograms can be easily altered to use a known §2,. An auxiliary
sensor that measures camera roll could provide this information. In certain cases, the
camera roll can be estimated from the image sequence prior to the seeding stage. If the
scene has a horizon, the changes in the image position and orientation of the horizon
line can produce initial estimates of {1, and (2,. Horizon line is often easily identified; in
experiment 6, it is a dark to light transition extending across the image.

A third camera that provides a vertical baseline separation would be useful for dis-
parity estimation, seeding histograms, and object motion estimation. In the current
implementation, disparity is estimated using features from the epipolar channel only.

A vertical camera separation could provide direct disparity measurements for features
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in the orthogonal channel . The vertical cameras would also provide a stereo image
velocity field for the orthogonal channel. The resulting estimate of Z can be used to re-
move moving object features from the orthogonal channel’s seeding histogram, increasing
the reliability of the seeding process. The moving object features from the orthogonal
‘channel can be combined into object classes, providing an accurate estimate of vertical
component of object translation and an improved estimate of the axial component.
Pilot commands can be incorporated into the sensor’s Kalman filter to predict changes
in the collision parameters in response to an evasive maneuver. In a simpler Kalman filter
implementation, pilot commands can be used to adjust the forgetting factor. When the
vehicle changes heading or speed, the forgetting factor can be temporarily increased
to flush old data. The Kalman filters for the object motion can also be expanded. If
the maneuverability of the object is known, a process noise model can be formed. The
uncertainty in the collision parameters would represent a probabilistic model accounting

for possible perturbation in the object trajectory.

6.3 Conclusion

This work has demonstrated the utility of the Gabor representation as an image process-
ing stage for stereo-based obstacle detection. The importance of error estimation and
propagation have also been demonstrated.

The work presented in this thesis makes the following principal contributions:

e it develops sampling constraints and predictive matching criteria that detect and
avoid aliasing in the measurements of local frequency, disparity, and normal image

velocity;

1Orthogonal with respect to the horizontal stereo cameras.
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¢ it provides robust detection of moving objects by automatically generating trajec-

tory detectors tuned to moving objects seen in past images;

¢ it implements direct passive navigation using phase-differences instead of intensity

derivatives;

e it develops image measurement error models using stable quantities, and propagates

the image measurement errors into collision parameter uncertainty;

e it develops a “seeding” technique that is necessary to initialize the segmentation

process;
o it stabilizes the image sequence from transients caused by camera shake.

¢ it uses eigenvalue/eigenvector analysis to determine if a motion estimate is stable
and which motion constraint will most improve the stability of the sensor motion

estimates.

All of these contributions produce a very robust obstacle detection algorithm.



Appendix A

Discount Factor

The “weight” used in the weighted least square estimate of the inter-frame sensor motion

(see section 4.2) is given by

/Bdiscount |
ERROALK (3

where Biscount 18 a discount factor that compensates for the spatial oversampling. This
appendix shows how the discount factor is determined.

Assume that an image is corrupted by white noise whose power is given by 2. When
the image is filtered by the Gabor filter (Gaussian bandpass), the noise power is reduced

and becomes correlated. The noise power within the Gabor channel is

0% =02 <G,G;>= Z—’z‘, (A.323)
where
<G;,G; >= / / GG ds dy. (A.324)
The correlation matrix R is given by |
Rg = 04R,, (A.325)

where R, is a matrix that contains the correlation (or overlap) between every pair of
Gabor functions in the set of lattices. The matrix R, usually contains the correlation
between Gabor functions from different channels (referred to as “cross-channel corre-
lation”). In this work, the cross-channel correlation is small because the set of Gabor

filters is minimally complete (see section 3.2.1). The most significant correlation occurs
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within a given channel because the spatial sampling lattice is oversampled (to calculate
the phase gradient without aliasing; see section 3.2.3).
If we ignore the cross-channel correlation and consider only the correlation in the &

direction, the correlation matrix R, is given by

< G_l,G_l > < Go, Gi> < G],G_l > ‘
Rysg=| ... <« G_1,Go> <Gp,Go> <G1,Go> --- |- (A326)
<G_1,G1> <G0,G1> <G1,G1>

If the Gabor functions are normalized such that < G;, G; >= 1, R, ; can be rewritten as

Ryse=1{ O (A.327)

where

a= exp[—g(/\cbkAa’cs)z]. (A.328)

It can be seen that the correlation decreases as the separation between pairs of Gabor
functions increases; that is, the elements of R, ; decrease from the diagonal. Thus, R, ;
is a local operator.

The matrix R, used in (A.325) contains the correlation in both the & and §. The
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matrix R, is written as a block matrix:
l
Rs,a’: bRs,i‘ b4Rs,i‘
R,=|... bR,s R,; bR,z --- 1|, (A.329)
b4Rs,i' bRs,i‘ Rs,:z':

where

by
b= exp[_%(;mg,)?]. (A.330)

The blocks in R, decrease from the diagonal as the separation along the §-axis increases.

Thus, R, is a local operator.

The optimal weighting for a least square estimate of the inter-frame sensor motion is
[40]
0=H"WH)*HTWYV,, (A.331)

where V,, is a vector containing all normal image velocity measurements V, (i), H is a
matrix containing all the associated transformation vectors J;, and W is the optimal

weighting matrix. V, and H are given by
H=1[J Jy -+ Ju], (A.332)

Vi = Va(1) Va(2) -+ Va()]" (A.333)

If the error due to éw, is ignored, inverse of W is given by

W'=M3ReMT, (A.334)
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where ) i
mg 0 0 --- O
0 m 0 --- O
M= . , (A.335)
L 0 0 g .- my, ]

and m; is the magnitude at lattice point z. The optimal weighting is impractical because
the matrix R, (as well as Rg and W~!) has a very large size. In addition, the inverse of
R, is required to obtain W. Because of the oversampling of the spatial lattice, a unique
inverse of R, does not exist. It is desirable to obtain an approximate local solution that
is conservative, but near optimal.

The optimal solution contains the matrix product HTW. Consider measurements
from the epipolar channel (¢, = 0). If all the features are vertical, H can written as the

following six column vectors: !

H=[v, 9, - Tg), (A.336)
where

o= [—zp —2p - — 24T, (A.337)
5, =[00 ... 0], (A.338)
53 = [£(1) #(2) --- #(n)]F, (A.339)
_ [5:(1)3)(1) £(2)9(2) 9‘6(3)37(n)]r, (A.340)

Zf Zf zf
o= e+ Z) (o + 28 ey Elyp (A311)
v = [5(1) §(2) -+ ()" (A.342)

Note that the matrices R, and M are symmetric; thus

W1 = R[MM] o2, (A.343)

1Gimilar column vector can be formed for the other channels.
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The matrix product HTW can be written as
H™W = [o] R;” 9] R;” --- o B;P|[MM]™, (A.344)

where R;? is a pseudo-inverse of R,. The lower bound for & R;? is given by

o7 R;P = R;P%; > /\lf),-, (A.345)
0

where Ag is the largest eigenvalue in R,. A sub-optimal weighting matrix is given by

11
Wiowp = -/\—Oa—é[MM]. (A.346)

Since the error due to éwy, is ignored, the expected square error in V,(7) is

E[(8V,)?); = ;_202 (A.347)

3

Using the sub-optimal weighting matrix, we get

HTW,uan = Zw;J_gVn(i), (A348)
H' W H =Y wiJJ], (A.349)
where
w; = AiE[(avn)?],.. (A.350)
0

Thus, the discount factor is given by Baiscount = Ag -

For the above case, all that remains is to determine the largest eigenvalue and to
discuss the reduction in accurary introduced by using a sub-optimal weight. The eigen-
vector associated with Ag is %,(0) = [1 1 --- 1]T. The largest eigenvalue of R, is the sum

of all overlaps with the reference function:

o=, < GiGo>~1+2a+2b+ 4ab. (A.351)
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Note that A is dependent on the Gabor filter, and the spatial sampling lattice spacing.
Because it is not dependent on the signal information, it can be precomputed.

It is interesting to see how the eigenvector v, compares with the actual vectors
Py --- Ug. It can be seen that ¥; and v, are scalar multiples of the eigenvector when
the normal image direction is the same for all sample points. In such a case, W, will
produce the optimal estimates of T;; and T,. Since i, is a local operator, the condition
stated previously can be made less restrictive: the normal image direction need only be
constant within a small region about the reference point. W,,; will produce near optimal
estimates of (), and (1, if the normal direction is locally constant and if the field of view
is small (ﬁ and ;’? ~ 0). The estimates of T, and Q, will not be optimal. Since R, is
local, the estimates T, and 2, should be reasonably close to optimal.

In this work, not every sample is used. Only significant features are incorporated
into the weighted least square estimate of the inter-frame sensor motion. As a result,
the matrix R, must be altered so that it contains only the overlap of significant (active)
features; all other elements of R, must be set to zero. The lower bound obtained using
Ao will be very conservative in a region containing a sparse number of features. Instead
of using the largest eigenvalue Ao, which is define globally, the approximate local bound
for the spatial neighbourhood about the reference Gy can be used. The local bound for
G; is approximated by

Mocat(B) = > < Gy,G; >, (A.352)

active(j)

where the subscript active(j) indicates that the sum includes only the overlaps between

active (significant) features. The local discount factor for the measurement V,,(7) is

1

/Bdiscount = m- (A353)
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Least Square Estimate of Extended Sensor Translation

This appendix provides details of how the inter-frame sensor motion is used to update the
estimate of the extended sensor translation. The least square solution of the extended
sensor translation and the transient inter-frame rotations over an image sequence is given

by

Tsen
-1
Q(0 A, B D
( ) - |- 9 q p ’ (B.354)
BT C, E,
Q(n) |
where Aq = Zi Qa(i)3 Bq - [Qb(o) Tt Qb(n)]’
Q0 0 - 0
0 A1) -~ 0
C, = Q1) , (B.355)
o0 0 - Qun) |
D, = ¥ pa(2), and E, = [p(0) - - - po(n)]T. Using the block matrix inversion, we get
-1
A, B A1 —-A"'B,C!
T = e : (B.356)
BT C, —C;'BIA™Y C;'+ C;7'BIA™'B,C;?
where
A=A, - B,C;'BL. (B.357)
The extended sensor translation is given by
Tyen = A (D, — B,C;'E,). (B.358)
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Note that

and

Thus,

B,C7'E, = Y Qu()@ (O)p(i),
B,C; BT = ¥ Qu()Q:()QF ),

A =37[Qu() ~ Q)R (DR ()

Tsen = Anl Z[pa(z) - Qb(Z)Qc_l(z)pb(z)]
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Appendix C

The Effect of Camera Uncertainty on Collision Parameters

This appendix discusses the effect of uncertainties in the camera parameters and the
stereo setup on the estimates of depth, motion, and the collision parameters. The camera
parameter uncertainties include an incorrect focal length, pixel scaling errors in the & and
i directions, and lens distortion. Uncertainties in the stereo setup include mismatches of

the focal lengths; baseline separation errors; and non-parallel camera configurations.

C.1 Incorrect Focal Length

An incorrect focal length causes errors in the estimated depth, and sensor/object trans-

lation. The error in depth, due to an incorrect focal length, is given by

5Zf

8z = z—=. (C.363)
Zf
The error in sensor translation is given by
— _6
§T = T2, (C.364)
Zf

Object translation is affected in a'similar manner. In each case, the error is a scale factor
of the actual value. Note that the speed of the translation is altered by 6z;, but not the
direction.

The collision parameters are unaffected by incorrect, matched focal lengths. The
collision parameters can be expressed in terms of image measurements, independent of

the z;:
ds

——_—Vi,L A (C.365)

pA
tcol = - =
4
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b
Teol =T + T teo) = (-%(w - '%foe)gs" (0366)

where 3, = 0.5(%L + £g).

C.2 Pixel Scaling Errors

The horizontal and vertical pixel sampling intervals are the distances between adjacent
pixels on the CCD array. The horizontal and vertical pixel scale factors, denoted by s;

and sg, respectively, convert the pixel coordinates into physical distances (in cm):

sy = €D (C.367)
ng
sy = 22, (C.368)

Y

where (zccp, Ycop) are the physical dimensions of the the CCD array (in cm), and
(nz, ng) are the number of pixels along the &- and §-axes. The ratio of the vertical and

horizontal pixel scale factors is given by
Foiz = L. (C.369)

&

This section considers the effect two types of pixel scaling errors: symmetric pixel scaling
errors, which have the correct rpi;; and asymmetric pixel scaling errors, which alter rp;,.
Asymmetric pixel scaling errors affect the estimated motion and collision parameters.
Consider the case where nominal value of s; is correct, but the nominal value of s; is
too large. Because s; is correct, the depth estimates will not be affected. The large
sy will distort the image velocity field by over-estimating V;. The effect on the sensor
motion parameters will depend on the distribution of features (both position and normal
direction) in the image. In most cases, |T,| will be ox}er-estimated; thus, the time-to-
collision of an object being approached by forward translating sensors will be under-

estimated.
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A horizontal scaling error can be introduced by the frame grabbing process. The
CCD camera converts the image into an analog output which is redigitized by an image
acquisition board. A horizontal scaling error can occurred due to mismatches between
the clock frequencies of the camera and acquisition board. The error in s; will have a
similar effect as an incorrect focal length: it will alter the depth and motion estimates.
The asymmetry in the pixel scale error will alter the time-to-collision and further altering
the motion estimate.

Symmetrical pixel scaling errors will have no effect on the time-to-collision and point-

of-collision.

C.3 Lens Distortion

This section discusses the effect of radial lens distortion on the depth, motion, and

collision parameter estimates. The radial lens distortion can be modelled as

8>

= N C.370
d 1+ kq(22 + §2) ( )

Py

: j
= o C.371
YT R+ ) (©31)

where (Z4, §4) represents the image coordinate of the distorted image. In this section,
only the changes in the & coordinate are considered. For convenience, the distortion

model is modified:

& = i4(1 + ka?). (C.372)

The lens distortion will alter the measured depth. If the distortion is not compensated,

the measured depth is given by

20 (C.373)

Zm = % ~ ’
T4, — T4,R
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where &, and &,p are the distorted image coordinates for the left and right images.
The actual depth, z, (for parallel stereo cameras) is obtained by solving the following

equation:

. . . . z¢b
xd,L(l - kx?l,L) - Jtd,R(l - kIIIZ,R) = % (C374)

The relationship between the measured and actual depth is given by
Zm =k, 2, (C.375)

where

k., =14 k(32 + &ardar + 35 p) (C.376)

It can be seen that the peripheral depth measurements will over-estimate the actual
depth.
The lens distortion will also affect the image velocity measurements. The velocity in

the distorted image plane will be reduced compared to the undistorted image velocity:
Vi:,d = kvv_@ (0377)

where

k, = [1 + 3ka2]L. | (C.378)

The effect of lens distortion on the estimated sensor motion is difficult to model. The
sensor motion is estimated by combining a set of image measurements. Consider the
case of forward axial sensor motion, which produces an outward flow pattern from the
image origin. The radial distortion will affect each image measurement: it will reduce
the image velocity by k,, it will reduce the & position by (1 + k#?), and it will increase
the depth by k.. If the features are evenly distributed, T, will be over-estimated and T,
will be approximately zero. If the features are clustered to the left or right of the image

origin, biases in T}, will appear.
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The effect of lens distortion on the time-to-collision varies depending the object’s po-
sition and motion. Consider the case of data set 2 where the sensor is forward translating
(T, > 0) and the objects have no axial translation (Z,; = 0). The time-to-collision will
be under-estimated near the image origin, and over-estimated at the periphery.

In experiments 4 and 5, the object is moving along the z-axis. Because of the lens
distortion, the estimated object motion (&mcbj; Zmobj) (Obtain from the stereo image

velocity) will have a directional bias:

. : . 4ki]
Tobj N Tm,obj — Zm,obj T5 - (C.379)
k2

It can be seen that the directional bias decrease as the object approaches the image

origin.

C.4 Mismatched Focal Lengths

This section investigates the effect of mismatches in the focal length for the left and right

cameras on the measured depth and motion. For the case of parallel cameras, we have

Z 4 — —2—_ip=b (C.380)
2w 2w

where z5z) and zyg) are the focal lengths of the left and right cameras, respectively.

The relationship between the actual and measured depth is given by

1 z
-1 _ -1 S 1 dav - :
2 Zmeas — OZf(L,R) b2y (C.381)

where 6z5Lr) = zy1) — 27(r), 25 = 0.5[z51) + zym)], and Z,, = 0.5[Z + £g]). The
mismatched focal lengths produces an apparent gradient along the #-axis for the disparity
measurements.

The measured direction of sensor translation will be altered by mismatches in the

focal lengths. Consider the case of a forward translating sensor. If the features are evenly
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distributed, the measured direction of translation will be biased towards the camera with
the smaller focal length. This bias will affect the accuracy of the measured point-of-

collision.

C.5 Baseline Separation Errors

The baseline separation is an important parameter for converting the disparity into depth.
Errors in the measured baseline separation (b,,) will affect the estimate of depth, trans-
lational motion, and the point-of-collision.

The error in depth is

bz = zf‘g—’, (C.382)

where 6b = b,, — b. Consider the case where b, is too large. The depth will be over-
estimated by a factor -‘57:1. Since the image velocity measurements are not affected, the
translation estimates will be over-estimated by the same factor. The time-to-collision

will be unaffected. The point-of-collision will be over-estimated by éb'-’.

C.6 Non-parallel Camera Configurations

This section discusses the effect of non-parallel camera configurations on the estimated
depth, motion, and collision parameters. In chapter 2, a first-order compensation, (2.57),
is described that transforms a convergent stereo configuration into a parallel approxima-
tion. The effect of errors in the compensation term Af, as well as higher-order effects
associated with (2.57), are discussed.

The measured depth, which incorporates the first-order compensation, is given by

Zfb

Zm
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If ABn is‘less than the actual AfS,,, both the depth and translational motions will be
under-estimated. Note that an incorrect A, has a larger effect on distant objects than
close ones, causing a distortion along the z,,-axis. If a scene has a large depth gradient
across the camera’s field of view, the z,, distortion will alter the estimated direction of
the sensor translation and the estimated point-of-collision.

The measured direction of object translation is not affected by an incorrect AS,,
(the depth variation of an object is small). However, an incorrect Aﬂm will cause the
measured speed of the object to change as it moves in the z direction. If AS,, is less
than the actual value, then the measured speed will decrease as the object approaches
the cameras. The measured speed of the object will become more accurate as the object
approaches the camera. The time-to-collision will not be affected.

The first-order compensation is not exact. Even if the compensation parameters, Ag
and A~«, correctly selected, the measured depth will be distorted. If f = —fBr and
YL = —7R, the relationship between the actual and measured depth (after the first-order

compensation) is given by
Zmeas = 2 + (kz AB)z — (kz Av)y, (C.384)

where
I+ TR
2(53[, —Ir+ Aﬂ Zf).

This relationship can be written in terms of image coordinates and depth:

ky = (C.385)

32 A Aaue Aaue A
=271 4 Gave B8 Zavellave Ay (C.386)

22 b 3 b’
where 40 = 0.5(Z+2R) and Jove = 0.5(91,+9r). It can be seen that camera convergence,

Ap > 0, causes a parabolic distortion. A differential tilt, Ay # 0, causes a distortion

that makes vertical object appear slanted (in depth).
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For the case of a forward translating sensor viewing well-distributed features, the
parabolic distortion causes T, to be over'-estimated; the slanting introduces a T, bias. In
the presence of a parabolic distortion, the time-to-collision will be under-estimated near
the image origin, and over-estimated near the periphery. The slanting distortion will

affect the point-of-collision.

C.7 Summary

Two types of errors have been discussed in this appendix: scale factor errors and dis-
tortion errors. The scale factor errors include: an incorrect (matched) focal length;
symmetric pixel scaling errors; and baseline separation errors. Each error alters the mea-
sured depth by a scale factor. None of the scale factor errors affect the time-to-collision.
The incorrect focal length and the symmetric pixel scaling errors do not affect the point-
of-collision. An incorrect baseline separation alters the point-of-collision by a scale factor
(no sign changes). Thus, scale factor errors have little effect on obstacle detection.

The distortion errors include: asymmetric pixel scaling errors, radial lens distortion,
rﬁismatched focal lengths, and non-parallel camera configurations. With the exception of
the asymmetric pixel scaling errors, the distortion errors affect the depth estimates. In
addition to altering the estimated depth, the ordering of feature along the z-axis is often
changed. As aresult, the effect of the distortion errors on the estimated sensor motion and
collision parameters is dependent on the distribution of features in the scene (distribution
in image position, normal direction, and depth). The distortion errors, combined with
the clustering of features away from the image origin, introduce biases in the estimated
motion which affect both the estimated point-of-collision and time-to-collision. Thus,

distortion errors have a negative effect on obstacle detection.
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