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Off-Road Path and Obstacle Detection Using
Decision Networks and Stereo Vision

Claudio Caraffi, Stefano Cattani, and Paolo Grisleri

Abstract—Autonomous driving in off-road environments re-
quires an exceptionally capable sensor system, particularly given
that the unstructured environment does not provide many of the
cues available in on-road environments. This paper presents a
complex vision system, which is able to provide the two basic
sensorial capabilities needed by autonomous vehicle navigation in
extreme environments: obstacle detection and path detection. A
variable-width-baseline (up to 1.5 m) single-frame stereo system
is used for pitch estimation and obstacle detection, whereas a
decision-network approach is used to detect the drivable path by a
monocular vision system. The system has been field tested on the
TerraMax vehicle, which is one of the only five vehicles to complete
the 2005 Defense Advanced Research Projects Agency (DARPA)
Grand Challenge course.

Index Terms—Autonomous vehicle, decision networks, image
stabilization, obstacle detection, path detection, stereo.

I. INTRODUCTION

ON October 8, 2005, 23 vehicles and no drivers gathered in
the Mojave Desert to compete in the second edition of the

Defense Advanced Research Projects Agency (DARPA) Grand
Challenge [1]. The U.S. DARPA created this robotic vehicle
competition as an open challenge intended to energize the
engineering community to tackle the major issues confronting
autonomous vehicle development. For the timed competition,
DARPA designed a 132-mi off-road desert course that each
vehicle had to negotiate. The course was defined by an ordered
list of geographic waypoints, a maximum speed for each way-
point, and the boundaries that could not be crossed. Vehicles
had to operate with full autonomy as they maneuvered around
obstacles lining the desert course.

Performance in the inaugural 2004 Challenge gave a clear
indication of how “Grand” a Challenge DARPA had proposed.
No vehicle could travel even 10 mi of a 142-mi course. Au-
tonomous operation is quite a challenge, but the unstructured
off-road environment confounds the basic environmental per-
ception. Color has no clearly defined meaning or interpretation.
Slopes frequently change. Roads are not flat. No lane markings
exist; in fact, boundaries can be defined by severe negative
obstacles. All of these get coupled with high vehicle speeds (up
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Fig. 1. TerraMax vehicle.

to 45 mi/h): The challenge is not simply to complete the course
but to do it faster than anyone else.

This paper presents an artificial vision system that is
developed as part of the TerraMax vehicle, which is one of the
five vehicles to complete the 2005 DARPA Grand Challenge
course, and the only vehicle to have used vision as its primary
sensor during the race. Oshkosh Truck Corporation, Rockwell
Collins, and the University of Parma partnered together to
form Team TerraMax [2]. The Team TerraMax robotic vehicle
(Fig. 1) is a U.S. Marine Medium Tactical Vehicle Replacement
truck which was fitted with electronic actuators for steering,
brake, throttle, and transmission control. A computer network
was installed to host the software applications necessary for
autonomous navigation. The applications consisted of vehicle
control, path planning, light-detection-and-ranging obstacle
detection, and artificial vision obstacle detection and path
following.

The Artificial Vision and Intelligent Systems Laboratory
(VisLab; www.vislab.it) of the University of Parma developed
the artificial vision systems that sensed the environment. Three
color cameras captured the video images; a single computer
processed the data. Obstacle detection used the stereo vision
and V-disparity approach, whereas path detection used the
monocular images. Vision systems were developed to meet the
following requirements: supply valuable information about pos-
sible drivable surfaces, reliably detect obstacles and estimate
their positions, avoid false detections, and minimize the risk
related to wrong classifications.

As we will see in the next sections, the system developed is
not just the bare sum of two separate vision algorithms: obstacle
detection and path detection. In fact, it can be seen as a single
complex system, where partial results of an algorithm can be
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exploited by the other and characterized by a deep integration
with other vehicle subsystems.

TerraMax used the laser scanners as well as the vision
system; however, the limited testing time did not allow the de-
velopment of algorithms to fuse vision and laser-scanner data at
a low level. Each sensing system perceived the environment and
built its own real-world coordinate map to be sent to the path
planner system (like in [3]) on the basis of GPS and inertial-
sensor information. Map databases rounded out the tools that
TerraMax used to sense and understand its environment.

This paper presents and describes in detail the approach that
is used to solve the problems of obstacle and path detection
in off-road environments but keeps all the details, thresholds,
and numeric parameters confidential as they are proprietary
information. The paper is organized as follows. In Section II,
we present the hardware architecture implemented on the Terra-
Max vision system. In Section III, we introduce the V-disparity
image properties that are used to stabilize images. Section IV
describes the path-detection algorithm, whereas Section V de-
scribes the core of our obstacle-detection algorithm. Conclu-
sions are drawn in Section VI.

II. SYSTEM SETUP

A. Motivation

Human beings only partially rely on stereo vision while
avoiding obstacles in driving cars; using motion analysis and
accumulated experience, we can easily drive with a closed eye.
This capability appears to be portable on a computer platform
in environments where it is easier to find known image patterns
to be tracked (as in [4] and [5]), but the same task seems
more difficult in less structured environments. This is the reason
why most of the vision-based obstacle detectors (ours included)
rely on stereoscopic vision. However, there are other tasks,
like path detection, that still remain as monoscopic problems
even in unstructured environments. Path detection is basically
a pattern-recognition problem, where it is necessary to classify
each part of the ground either as road or off-road. Here, stereo
vision can help in bounding the area of interest to those image
portions that were not previously classified as obstacles, but the
core classification is still made on the basis of various pixel
properties that are commonly gathered by a single image.

B. Baseline Selection and Calibration

Without any a priori knowledge (apart from the calibra-
tion measurements), wide baselines1 allow accurate distance
estimation even for very distant obstacles. However, at close
ranges, the wide baselines give very different viewing angles
and make stereo matching difficult. The TerraMax used a three-
camera variable-baseline system to allow for good precision
and efficient computation at a wide range of viewing distances.
The cameras are installed on a rigid bar over the vehicle hood
(see Fig. 2).

Selecting two cameras at a time, the system can switch
through the different baselines (0.5, 1, and 1.5 m). During the

1 The baseline is defined as the distance between the two cameras that form
the stereoscopic system.

Fig. 2. TerraMax camera setup. The three cameras feature a 640 × 480-pixel
Bayer-pattern output and mount low distortion 6-mm optics. Synchronization
is directly supplied by the cameras through the firewire bus.

DARPA Grand Challenge, the TerraMax selected the viewing
baseline based on the vehicle speed. Higher speeds required
greater sensing distances and thus wider baselines. In fact, an
error in stereo-reconstructed distance quadratically increases
with distance and comes in inverse proportion with the baseline
width. Anyway, stereo reconstruction is more difficult when
objects are seen by too different angles; thus, short baselines
are better for closer obstacle detection.

During stereo homologous-point search, the similarity
measurements are made via a sum-of-absolute-difference
computation.2 This allowed code optimizations to exploit the
processors MMX and SSE instruction set [8], as also seen
in [9]–[11]. The right image is chosen as reference, and the
homologous windows are searched in the left image. This way,
disparities grow as the searched window shifts from left to
right on the left image.

During camera installation, every effort is made to obtain
a standard form, i.e., perfect alignment and coplanarity of the
image planes. The goal is to reduce the amount of software
transformation needed to rectify the images,3 avoiding problem
complexity growth. In the work of Nedevschi et al. [10], they
comprehensively explain the importance of this step. Once the
best achievable alignment is reached, the remaining calibration
error (e.g., misalignment) can be measured. When present,
small errors can be compensated by (small) image shift, rota-
tion, and magnification.

Both algorithms run on the same Intel Pentium IV 2.8-GHz
processor with 1 GB of RAM.

III. V-DISPARITY IMAGE ANALYSIS AND

IMAGE STABILIZATION

A. Motivation

In off-road environments, vehicle oscillations caused by ter-
rain bumps cannot be neglected. To overcome this problem,
image stabilization is necessary. In [12], we introduced a system
that relies on V-disparity image properties to stabilize images.
Fig. 3 shows an example of V-disparity image [13], [14]. The
V-disparity images are the 3-D graphical representations of
the similarity measures between the left and right image rows
(v-coordinate), depending on the disparities (d-coordinate)
used to compare them. Brightness is used as the third dimension
and is directly proportional to the measured similarity. In the
example of Fig. 3, the slanted segment in the V-disparity
image is caused by the linearly changing maximum similarity

2 For the complete discussion about matching methods and similarity mea-
surements; see [6] and [7].

3 In this context, “to rectify images” means to geometrically transform them
as they were taken by cameras in a standard form.
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Fig. 3. V-disparity image example on synthetic images. The frame of refer-
ence is plotted. In this case, the similarity measures are computed on edges.

disparity among ground components. This segment, which is
called the “ground correlation line” in this paper, contains the
information about the position and the shape of the ground in
the images, and its detection allows the stabilization of images.

B. Computation

The similarity measure of image rows can be computed in
many ways. Labayrade et al. [13], [14] have computed a fast
disparity space image (DSI); then, they obtained the similarity
by collecting, for each image row, the number of matches for
each disparity value. The V-disparity image is then used to
obtain information about both ground and obstacles. In this
paper, the V-disparity images are used to obtain information
just about the ground. In [12], we introduced a slightly differ-
ent approach to V-disparity image computation: We consider
comparison windows that correspond to the image lines. That
is, we measure similarity among windows of 1-pixel high and
of the same width of the image. By making this choice, we
considered that the ground has different disparities at different
heights in the image. For this reason, it is preferable to maintain
correlation windows as short as possible so that all elements
belonging to the ground have similar disparity values within
a correlation window. In this way, a coherent contribution is
received from the ground elements during the stereo matching.

In off-road environments, a good method to highlight ground
information is to apply a vertical Sobel mask to the image and
to map the obtained values in a ternary domain (−1, 0, and
+1), obtaining the so-called ternarized image. This approach is
thresholdless and takes advantage of a property of the ground
that is usually verified: It occupies the largest part of the image.
Fig. 4 shows an example of the ternarized images and of the
derived V-disparity image.

C. Pitch Evaluation

Considering a flat ground, the behavior of the ground corre-
lation line in the case of vehicle-pitch variations is to oscillate
parallel to itself. Knowing camera static calibration, the algo-
rithm can compute a set of candidate ground correlation lines
by varying the pitch angle. By collecting the V-disparity image
values along these lines and choosing the line that collects the
higher value, it is possible to estimate the pitch at time of
acquisition (see Fig. 5).

The information obtained at this step is used in the subse-
quent path and obstacle detection to locate a region of interest
in the image. It can also be forwarded to other sensors, like

Fig. 4. Original stereo pair, ternarized images, and their V-disparity image. In
the ternarized images, red means negative Sobel phase, whereas green means
positive Sobel phase. In the latter, the red line lays on the zero disparity value.

Fig. 5. V-disparity image analysis. In the right image, the detected ground
correlation line is plotted in yellow. Green lines bound the search space. In this
case, the ground correlation line is closer to the left bound, so that the horizon
height in the image (which corresponds to the point where red and yellow lines
intersect) is below its position when the vehicle is static. The algorithm can then
state that the vehicle is pitching up.

the laser scanner [15], in order to improve the knowledge of
their environment. Horizon estimation can also be useful to
select an appropriate image area to be used to tune the camera’s
automatic gain control.

D. Performance and Limits

Code optimization allows computation of a V-disparity im-
age made of 160 × 240 points in less than 6 ms. Color informa-
tion is not used at this step, and the green channel of the Bayer
input is used to obtain the input 320 × 240 gray stereo images.

A few cases have yet to be addressed. In general, the ap-
proach fails when the terrain does not feature a prevailing
slope and when the assumption that the ground should occupy
the largest image part is not met (i.e., in front of the wide
obstacles). A possible solution to this problem should be to
compute the V-disparity image only, considering image regions
that are classified as road by a former algorithm.

IV. PATH DETECTION

While on structured environments some successful ap-
proaches have been proposed for path detection, e.g., by VisLab
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[16] and by others [17], on unstructured and unknown environ-
ments, it still remains as a hard problem. The main reason lies
in the impossibility of relying on any a priori knowledge about
the road structure, such as the existence of the lane markers. To
overcome this lack of information, many different approaches
have been proposed: learning the road properties by neural net-
works [18], selecting the actual road borders within the set of all
possible curves on the image by evolutionary techniques [19],
[20], and growing the regions believed to belong to the road, on
the basis of some a priori assumptions or approximations [21].
All these methods look for a single homogeneous road surface
in front of the vehicle, basing the search on brightness, color,
texture, etc. The hypothesis of uniform homogeneity becomes
a huge limitation as it bounds the set of detectable roads to the
case of medium/well-structured environments.

To overcome the limitations of the aforementioned methods,
our approach tries to generalize the problem: Roads can be
made by heterogeneous surfaces. To find these potentially het-
erogeneous surfaces, the algorithm tries to build them up from
a variable number of smaller homogeneous terrain portions.
The homogeneous portion of terrain can represent any kind
of natural or artificial environment elements, such as gravel,
paved roads, grass, puddles of water, oil stains, drivable rocks,
lane markers, shadows, etc. No previously learned and recorded
features in a database [22] are used. It is possible to summarize
the path-detection algorithm in the following two-step process.

1) Segmentation of the image: Here, a set of regions made
of connected and homogeneous pixels is built. Image seg-
mentation, sometimes called clustering, has been studied
with success in computer vision. Using both evolutionary
[23] and traditional [24], [25] approaches, it is possible to
achieve good segmentation performance. Unfortunately,
the real-time constraints of the Grand Challenge con-
test do not allow the adoption of such time-consuming
algorithms; hence, we developed a simple but fast and
easily tunable clustering algorithm, which is explained in
Section IV-A as a good tradeoff between the performance
and computational requirements.

2) Decision: Whichever combination of the obtained regions
represents the road surface with the highest probability
is selected here. This step falls in the class of decision
problems. Decision theory [26] was originally developed
to help decision processes in medical, transportation,
political, or environmental fields, but now, it is widely
used in artificial intelligence as a useful framework into
which a variety of classical problems can be mapped.
Decision networks [27] are an extension of Bayesian net-
works, which add actions and utilities to provide a general
methodology for rational decision making. Section IV-B
will describe how decision network fits the problem of
deciding about the set of clusters that belong to the road
surface. The presented decision process tries to minimize
the risk of incorrect classifications, taking into account
the current vehicle state given by speed and steering
angle.

The basic idea is that the path-detection problem inevitably
needs to be faced as a high-level problem. The wide range of

situations to be handled requires a reasoning-based approach.
For example, there is no need to remove vehicle shadows at a
medium/lower level on the basis of brightness considerations:
Since vehicle shadows belong to the terrain surface, its corre-
sponding cluster will be treated just as any other region, like
any other potential part of the road. This is true in general:
At a medium/low level, all the image regions have exactly the
same likelihood to be part of the road. It is at a higher level,
where it is possible to reliably decide about them by using
road models and, when available, information about the current
driving behavior.

A. Image Segmentation

During the clustering phase, the image’s pixels are grouped
together in the connected and homogeneous regions, which will
later be analyzed by the decision network to classify the space
in front of the vehicle. To achieve this, our clustering method
first decomposes the image in d · d-pixel cells and then tries to
put them together to create homogeneous groups. The searched
homogeneity is intended with respect to a set of local-pixel
properties, including the average color and brightness values
and information about the texture, like the variance. In the next
paragraph, a function that is used to measure the similarity of a
pair of cells will be discussed in detail.
1) Pseudodistance Function: To measure the similarity of

cells, we defined a pseudodistance function that combines
distances from cell to cell, from cluster to cluster, and from
cell to cluster. Before introducing the distance function, it is
necessary to define the following entities.

A set C of ck, where 〈xk1, xk2, . . . xkn〉 = ck ∈ �n, is the
property vector of the kth cell, which is placed in the position
(i, j)4 on the interest area of the image. The interest area is
made of cells that correspond to the position not farther than
50 m from the vehicle (see Fig. 7). This information is obtained
by exploiting the methods described in Section III-C. This
implies that the path-detection algorithm always has to use
images captured by one of the two cameras on the currently
selected baseline.

A set V of vk, where vk = 〈yk1, yk2, . . . ykn〉 ∈ �n, is the
property vector of the kth cluster of cells.5

The partial comparison functions are defined as follows.

1) The cell-to-cell comparison function is

c2c(ck, cl)=
n∑

i=0

Di−c2c(xki, xli)·αi ∀ck, cl ∈ C. (1)

2) The cluster-to-cluster comparison function is

v2v(vk, vl)=
n∑

i=0

Di−v2v(yki, yli)·αi ∀vk, vl ∈ V. (2)

4 This is the classical line–row pixel position notation, where k=j · 320+ i.
5 Hereinafter, we will use vk , meaning both the set of cells contained in the

kth cluster and the corresponding property vector.
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3) The cell-to-cluster comparison function is

c2v(ck, vl)=
n∑

i=0

Di−c2v(xki, yli) · αi ∀ck ∈ C and vl ∈ V

(3)

where αi ∈ �+ is the fixed weight assigned to the ith
cluster and cell properties, and Di(·, ·) is the correspond-
ing property comparison function.

The property comparison functions must always be greater
or equal to zero, but no other constraints are required.

Finally, we can define the overall cell-to-cell pseudodistance
function Dist(·, ·) as follows.

1) If ck and cl belong, respectively, to the clusters vk and vl

Dist(ck, cl) = c2c(ck, cl) · (1 − βc) + v2v(vk, vl) · βc. (4)

2) If only cl belongs to a cluster (vl) while ck is still
unclassified

Dist(ck, cl) = c2c(ck, cl) · (1 − βc) + c2v(ck, vl) · βc. (5)

3) If only ck belongs to a cluster (vk) while cl is still
unclassified

Dist(ck, cl) = c2c(ck, cl) · (1 − βc) + c2v(cl, vk) · βc (6)

where βc ∈ �+ is the fixed weight given to the cluster
distance when computing the distance between two cells.

The two cells ck and cl are similar if and only if

Dist(ck, cl) ≤ q0 (7)

where q0 is a fixed threshold. Note that Dist(·, ·) ≥ 0, but
in general, we cannot say anything about Dist(a, b) = 0 and
the commutative and associative properties. Consequently, the
overall process can also be considered as neither commutative
nor associative. Moreover, the function Dist(·, ·) also takes into
account the cluster to which the cells belong; hence, when
comparing the two cells with the same characteristic vector,
the distance could be greater than zero, depending on the
respective clusters. For this reason, it is very important to
adopt a particular cell comparison order, which is able to mini-
mize the possible negative effects of the used noncommutative
pseudodistance function. In Section IV-A2, more details are
given about the comparison order.

The partial comparison functions showed in (1)–(3) are
built on the hue, luminance, and saturation (HLS) color space.
The images are originally acquired in Bayer pattern and then
converted into HLS just before the elaboration. No other pre-
processing is applied on the images.

The property vector of a given cell ck is built from
the respective HLS pixel values. Since each cell is a
squared group of d · d = 8 · 8 pixels, the cell property vec-
tor can be written as follows: 〈(Hk1, . . . , Hk64), (Lk1, . . . ,

L64), (Sk1, . . . , Sk64)〉 = 〈(x[1]
k1, . . . , x

[64]
k1 ), (x[1]

k2, . . . , x
[64]
k2 ),

(x[1]
k3, . . . , x

[64]
k3 )〉 = 〈xk1, xk2, xk3〉. The property vector of a

given cluster vk is made of the corresponding cells’ aver-
age HLS values: 〈(Hk, σHk), (Lk, σLk), (Sk, σSk)〉 = 〈(µk1,
σk1), (µk2, σk2), (µk3, σk3)〉 = 〈yk1, yk2, yk3〉.

Fig. 6. Two neighbor cells cn1 and cn2.

Cell-to-cell (1) partial comparison functions are based on
the Fisher distance function. Given the two vectors a =
〈a1, . . . , an〉 and b = 〈b1, . . . , bn〉, the Fisher distance is de-
fined as follows:

D(a, b) =

∑n
j=1 |aj − bj |√
σ2

a + σ2
b

. (8)

All the comparison functions obtained are greater than or
equal to zero and are commutative when comparing cluster-
to-cluster and cell-to-cell functions. In general, they are not
associative.
2) Segmentation Algorithm: Now, we are able to describe

in detail the clustering processing, at the end of which, each
cell belongs to one, and only one, cluster in V . Collectively,
the clusters will cover the entire interest area of processing. For
each pseudorandomly chosen ck ∈ C, do the following.

1) If ck does not belong to any cluster, a new cluster vk =
ck is created. This cluster actually corresponds to the ck
cell only.

2) The distances Dn1 and Dn2 to the two neighbor (see
Fig. 6) cells cn1 and cn2 are computed by (7). Suppose
that Dn1 < Dn2.

3) When cn1 belongs to a cluster vn1 ∈ V , the following
rules, in the order of priority, apply.
a) v2v(vk, vn1) < qc0: The clusters vk and vn1 will be

merged, averaging the vector properties. qc0 is a fixed
threshold.

b) (c2v(ck, vn1)< c2v(ck, vk)) ∧ ¬(c2v(cn1, vk)< c2v
(cn1, vn1)): The cell ck will be moved from vk to
vn1, and the vector properties from vk to vn1 will be
updated.

c) ¬(c2v(ck, vn1)< c2v(ck, vk)) ∧ (c2v(cn1, vk)< c2v
(cn1, vn1)): The cell cn1 will be moved from vn1 to
vk, and the vector properties from vk to vn1 will be
updated.

d) (c2v (ck, vn1) < c2v (ck, vk))∧ (c2v (cn1, vk) < c2v
(cn1, vn1)): The cells ck and cn1 will be switched, and
the vector properties from vk to vn1 will be updated.

e) In the case of Dn1 >= Dn2, point 3 applies, replacing
cn1 with cn2.

A random selection of the cells helps to minimize the risk of
obtaining a final customization that depends on the specific cell
comparison order. At the end of the clustering processing, each
cell will belong to one, and only one, cluster.

The results of the clustering processing are shown in Fig. 7.
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Fig. 7. Clustered images: Cells superimposed with the same color belong to
the same cluster, appearing like one single homogeneous area. The color used
depends on the cluster’s property vector. The upper elaboration limit on the
image always corresponds to 50 m and is obtained frame-by-frame by a stereo-
based stabilization algorithm.

B. Decision

The decision phase tries to understand whether a cluster
belongs to the road surface, using two different kinds of
information:

1) cluster properties (as a set of pixels): homogeneity, size,
and shape factors;

2) vehicle state: linear speed and steering angle.

The underlying idea is the following: Each cluster belongs to
the road with a given probability, depending only on its own in-
trinsic properties: homogeneity (the higher the better), size (the
higher the better), and shape factors (the closer to road shape
the better) and covered free-space area (the wider the better).
The probability is computed at each frame with no memory
of the previous frame classifications. However, having a high
probability of being a road is not sufficient, and sometimes
even necessary, to be finally classified as a road. Suppose that
the vehicle is running at the highest speed that is allowed by
DARPA in a particular race segment and is neither steering nor
decelerating but is actually running on the off-road surface. In
this situation, telling to the path planner that the road is not
where the vehicle is driving could be extremely risky. This is
why, sometimes, even if a cluster has a low probability of being
a road, the algorithm will classify it as a road, and vice versa.
Total risk must be minimized, and the risk associated with an
incorrect classification depends on the current vehicle state. If
the vehicle is smoothly running at high speeds, one should only
deliver information about the location of the road which could
alter vehicle behavior if one is very sure about the information.
In other words, in the decision about a possible classification,
the following rule applies: Classifications with higher risks
require higher probabilities (of being correct) before they can
be assigned.

A maximum expected utility technique includes these risk
considerations in the decision process. U(S) denotes the utility
of reaching state S as the consequence of decision D. This
utility function assigns a number to express the desirability of
state S. Instead of S, Ri(D) can denote one of the possible
outcomes of decision D. Each outcome can occur with a prob-

ability P (Ri(D)|D,E), where E summarizes the environment
status in which the decision is taken. The expected utility of
decision D has the following value:

E(D) =
∑

eachRi(D)

(U (Ri(D)) · P (Ri(D)|D,E)) . (9)

In other words, the expected value of taking a decision is
the weighted sum of the possible utility, where the weights are
the respective probabilities. A rational decider would take the
action with the maximum expected utility.

In the context of the road classification decision, the terms in
(9) have the following interpretations. The possible decisions
D are: Classify a cluster as road or off-road; the outcomes Ri

are the classification was correct or incorrect, the environment
E is determined by the cluster properties and vehicle state,
and the utility function U depends on the consequences of the
corresponding outcome on the vehicle.

Consequently, the expected utility value can be expressed as
follows:

E(road)=P (road)·U1+(1−P (road))·U2 (10)

E(off-road)= (1−P (road))·U3+P (road)·U4 (11)

where U1 is the utility of correctly classifying a cluster as road,
U2 is the utility of incorrectly classifying a cluster as road, U3

is the utility of correctly classifying a cluster as off-road, and
U4 is the utility of incorrectly classifying a cluster as off-road.

1) Cluster Growing: The decision algorithm is imple-
mented as a cluster-growing process.

1) A cluster vk from V is randomly chosen.
2) If vk is classified as off-road, another cluster is chosen,

and the decision process returns to 1).
3) If vk is classified as road with an expected utility Ek, we

define the current maximum expected utility Emax = Ek.
Then, we perform the following.
a) We define vkgrown as the union of Vk and one of its

neighbors that has yet to be classified.
b) If vkgrown is classified as off-road, another neighbor of

vk is chosen, and the process returns to a).
c) If vkgrown is classified as road and ifEmax < Ekgrown,

then we merge Vk and its neighbor, and the process
restarts from a).

4) When it is no longer possible to keep increasing the road
surface, adding new clusters, the process ends.

The mechanism of cluster growing implements a one-shot
decision process, where any decision taken at time t does not
influence the decisions taken at time t+ 1 and where decisions
are taken only on the basis of the current environment and cur-
rent possible outcomes (i.e., no tracking stage is adopted). The
following paragraphs discuss the computation of probability
and utility functions.
2) Computing Probability Functions: To compute P (Ri

(D)|D,E), a complete causal model of the world is required.
However, having this causal model means having the solution to
the path-detection problem, in general, because we were able to
accurately decide when a cluster is actually a road or not simply
by image processing. Since we have to deal with a completely
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Fig. 8. Free space obtained by the stereo vision: Note that the system detects
the whole drivable space in front of the vehicle.

unknown environment, we can only use an estimation of this
probability distribution.

The probability function has the following form:

P (Ri(D)|D,E) =
n∑

j=0

(pj · hj) (12)

where pj is the probability that would be assigned if one only
knew the jth cluster property (this jth cluster property is called
yj), with hj being the respective heuristic fixed weight. The
underlying hypothesis is that the events Ri(D), conditioned
to the occurrence of D, yj , are disjoint events when varying
yj . This allows the probability function to be expressed as a
linear combination of simpler weighted probability functions.
Moreover, the probability function might not involve the same
sets of cluster properties when evaluating a cluster alone and
when evaluating a set of regions already classified as road.

The cluster properties yj that are used to compute the proba-
bility functions pj in (12) are the following:

Name Property

y1 Average variance of cells’ HLS values.
y2 Number of cells (%).
y3 Percentage of cells contained in the freespace.
y4 Position and form factors 1.
y5 Position and form factors 2.

Each property value is normalized to [0, 1] ∈ �. The free
space is made of the portions of the image assumed to be free
of obstacles (Fig. 8). This elaboration is based on the warped
image provided by the stereo algorithm. However, comparing
Fig. 8 with Fig. 15 in Section V-C should be clear with how
the free space is not just the obstacle complementary space but
is something closer to the definition of ground surface. As will
be extensively explained in the next paragraphs, the obstacle
detector was designed not to detect objects like bushes, curbs,
and short stones but to improve the reliability and to avoid false
detections. On the contrary, path detection takes advantage in
bounding its search to the ground surface. Hence, a different
algorithm was developed for the path detector, which was still
based on the V-disparity analysis but with a different scope.

When searching for the first road cluster, the probability
function depends only on the first four properties. The fifth
property gets included after the initial road cluster gets classi-
fied. The refined position and form characterizations in the fifth
property can help the cluster-growing process to classify small
complementary clusters.
3) Computing Utility Functions: The utility functions U1,

U2, U3, and U4 give a measure, in [0, 1] ∈ �, of the desirabil-

Fig. 9. Bird’s eye view map of the space in front of the vehicle, as classified
by the path detector: Green means road and red means off-road, whereas black
means unknown (out of the field of view). The white line represents the center
of the detected road, whereas the blue line is the expected truck trajectory.

ity of the actions’ outcomes. Typically, correct classifications
(U1, U3) have high utilities, whereas incorrect classifications
(U2, U4) have low utilities. However, in some circumstances,
safe operation might dictate the use of low values of U3

and high values of U2. These alternate weights increase the
likelihood of classifying a given section as a road—even when
the estimated probability that the section is, in fact, a road is
low. High values of U2 (and U1) make the utility of classifying
the section as a road large. Low values of U3 (and U4) make the
utility of classifying the section as off-road small.

Each outcome has an associated set of attributes vsi, which
determines its utility in terms of effect on the vehicle state. The
set of attributes is assumed to be mutually utility-independent
(MUI) [28]: A subset Σ of attributes is utility-independent
from another subset Γ if the preference between two outcomes
characterized by Σ1,Σ2 does not depend on the values of the
corresponding Γ1,Γ2. In the case of MUI, the utility functions
can be expressed in the following terms:

U = k1 · U1 + k2 · U2 + k3 · U3 + · · · + k1 · k2 · U1 · U2

+ k2 · k3 · U2 · U3 + k1 · k3 · U1 · U3

+ · · · + k1 · k2 · k3 · U1 · U2 · U3 + · · ·

where Ui is the utility function of the ith outcome attribute, and
ki is the corresponding assigned weight.

The following vehicle-state parameters are used to compute
the utility values and to represent the outcome attributes:

Name Property

vs1 Current truck speed.
vs2 Current steering angle.

The higher the speed, the higher is the risk related to change
the current path. The farther the computed path to the current
trajectory, the higher the risk related to its classification (see
Fig. 9). Hence, the equation in Section IV-B3 becomes

U = k1 · Uvs1 + k2 · Uvs2 + k1 · k2 · Uvs1 · Uvs2 .

4) Decision-Network Diagram: Fig. 10 shows the decision-
network diagram of the framework.
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Fig. 10. Decision-network diagram. The ovals represent chance nodes: The
random properties over which the decider has no influence (cluster properties).
The rectangles represent decision nodes: Properties influenced by the decider’s
choice (properties of the vehicle state). The diamonds represent the utility
functions.

Fig. 11. Classification result. (a) The road is made of two clusters; (b) the
truck is facing a junction; (c) a sharp curve; (d) a straight road. The color of the
number superimposed to clusters represents the classification outcome: White
means off-road, whereas yellow means road. White numbers denote the clusters
classified as off-road, whereas yellow ones denote those clusters classified
as road.

C. Path Detection Results

The overall path-detection-algorithm elaboration of a single
frame takes about 30 ms using 320 × 240-pixel color images.
Some classification results are shown in Fig. 11.

V. OBSTACLE DETECTION

A. Algorithm Overview

The hardware setup of our system requires the camera pairs
to have a horizontal baseline in order to perceive vertical
obstacles. In these conditions, as Nedevschi et al. [10] state, it
is reasonable to perform a localization of homologous points
on the vertical edges obtained by means of a Sobel filter.
Furthermore, a Sobel-filtered image does not suffer from stereo-
matching problems caused by brightness differences between
cameras. Unfortunately, the image areas with constant ap-
pearance (low contrast or lack of texture) do not have many
(vertical) edges and, thus, do not provide sufficient information
for stereo reconstruction via a simple DSI computation. In such
cases, image segmentation can still provide information for
stereo reconstruction, but it does so at a high computational
cost (e.g., in [29], it takes between 1 and 7 s per image).
This problem is simply one specific instance of the general

phenomena noted in [3]: It is difficult to detect obstacles of
any kind with a single approach. The solution to the general
problem is to use more than one sensor system. In this specific
example, the laser scanners mounted on the TerraMax can
easily detect wide textureless obstacles; thus, the vision system
design need not consider obstacles without edges. Exploiting
the complementary strengths of vision and laser scanners can
provide a complete real-time sensing solution.

Full 3-D stereo reconstruction is currently receiving a great
deal of attention by the scientific community; nevertheless,
computational time aspects are not always addressed (for ex-
ample, the algorithm described in [30], which reaches very
good performance in terms of 3-D reconstruction, takes 40 s
to process a single pair of images). Obviously, this clashes with
our real-time requirements.

As a real-time alternative, this paper proposes a two-step
approach to full 3-D stereo reconstruction. The first step was
shown in Section III. During the V-disparity image analysis,
information about position and shape of the ground is col-
lected. This information provides some structure that off-road
environments would otherwise lack. The second step detects
the obstacles with a DSI-based algorithm that uses information
from the first step to reduce the region of interest prior to
calculation and to filter the results after the calculation. The
found obstacles, which are mapped in real-world coordinates,
are then grouped following a neighbor rule.

B. DSI Computation

Before the DSI computation, the algorithm proceeds by
computing a region of interest using the pitch estimation. That
is, in order to reduce the computational cost, real-world regions
too close to the vehicle for a successful stereo matching and the
image areas well above the estimated horizon are not processed
for obstacle detection.

The DSI is computed using a four-row by three-column
confrontation window. The chosen window is narrow in order to
allow the detection of thin obstacles and short to ease matching
of ground features (as stated in Section III-B). The DSI is not
computed in textureless regions.

The disparity search range is centered, considering the ex-
pected ground disparity depending on the v-coordinate in the
image. Thanks to the code optimization, the DSI is computed
within 15 ms with a resolution of 320 × 240 pixels. In the
meantime, the 3-D world coordinates are computed via stereo
triangulation so that the DSI also encodes range information.6

The wide stereo baselines used here provide a sufficiently ac-
curate depth estimation, thus, not requiring subpixel accuracy.

C. Obstacle Search in the DSI

Many methods have been studied to extract obstacles from
a DSI/range image. In road environments, Nedevschi et al.
[10] and Lemonde and Devy [31] exploit their knowledge
about ground surface in order to delete ground matches in the
range image: The remaining points are grouped into obstacles.

6 The set of computed 3-D world coordinates is called the range image.
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Fig. 12. DSI image before and after ground filter in a highly textured ground
situation.

Anyway, as discussed earlier, the definition of a “ground plane”
is not straightforward in off-road environments.

An exhaustive method, suitable for off-road environments,
has been introduced in [32] and also applied in [11] and [33].
This approach evaluates connectivity of points in the range
image, builds candidate obstacles, and estimates if they present
a sufficiently high angle with the ground plane (i.e., they are
vertical). A tree search allows then to connect close candidate
obstacles and to obtain 3-D point clouds, whose densities have
to be measured in order to classify them as incorrect matches or
as obstacles. Unfortunately, the applications of this method are
still below 1.5-Hz throughput. Furthermore, this method seems
to be inadequate for thin-obstacle detection, which is one of the
main targets of this paper.

Dang and Hoffman [34] use a standard flood-filling algo-
rithm to find the connected regions (clusters) of similar dispar-
ity in the DSI, and they evaluate cluster size to decide if they
represent obstacles.

In the intent of keeping the computational load under control,
in our approach, we developed a series of fast filters to be
applied to the DSI in order to detect disparity concentrations
that are eligible to be obstacles. A full example of the filter
series is shown in Fig. 15 and is explained step by step in the
following lines.
Ground matches deletion: If, moving up along a DSI column,

a continuously decreasing disparity is found, this is considered
to be caused by the ground elements. Pixels satisfying this
property are deleted. Of course, not all the terrain contribution
is removed at this step because of the possible former DSI
false matches. Anyway, good results are achieved on highly
textured ground regions (Fig. 12), decreasing the probability
of a false obstacle detection that is otherwise common in these
situations.
Correlation and distance thresholding: Poor matchings due

to low correlation or relative to too far away areas (low resolu-
tion) are then removed [Fig. 15(b)].
Column filter: Focusing on thin vertical obstacle search, in

the next step, only the most common disparity value for each
DSI column is preserved [Fig. 15(c)], turning off the pixels
with a different disparity. Even if this step is very effective and
significantly draws up the final detection of obstacles, in further
development, it has to be considered that too much information
is lost in applying this filter, and other more general approaches
have to be contemplated. For example, two obstacles at differ-
ent distances that are aligned on the same column of the right
image are both eligible, which may interfere with each other
(see Fig. 13). Generally, the farther one (being smaller in the

Fig. 13. Example of obstacle detection in the case of incorrect column-filter
behavior. Barrel b is not detected because of the interference with the left edge
of barrel a. The right edge of barrel a is not detected because a pedestrian lays
in the same columns of the image: Even if the pedestrian is farther than the
barrel, the pedestrian—being taller—attracts the focus onto himself.

Fig. 14. Processed image of Fig. 15 before and after compactness filter
(detail). In the second, the spots are represented and centered around their
barycenters, and their sizes are proportional to their scores.

image) is not going to be detected, but it can happen that the
missed obstacle is the closer one or even that both obstacles are
missed because of the prevailing alternate columns. This system
is also unsuitable for the detection of slanted thin obstacles.

The remaining pixels turned on are now divided in spots,
i.e., the set of pixels still on for each column of the image.
These spots are characterized by a disparity and a 3-D world
coordinate in the ground plane. This coordinate is obtained
by averaging the 3-D world xy-coordinates of the points
forming the spot. As previously mentioned, these coordinates
are contained in the range image obtained during the DSI
computation.
Compactness filter: The barycenters of the spots are com-

puted in the DSI. Then, each pixel moves toward the barycenter
of the spot to which it belongs; every time it encounters a pixel
on (that is part of the spot), it receives a bonus, whereas a
penalty is given if it has to go through the turned-off pixels.
In this way, spots obtain a score proportional to their size and
compactness.

The compactness filter is very effective against false positive
caused by repetitive patterns that usually cause discontinuous
spots, which are formed by (correct) ground matchings and,
some lines above, by incorrect matches at the same disparity
(see Fig. 14). The drawback is that partially hidden obstacles
may cause discontinuous spots as well and, consequently, may
get lower scores.
Spots scoring: Spots receive an extra bonus if the neighbor

columns are ruled by the spots featuring the same disparity.
The number of columns in the neighborhood is determined in
inverse proportion with the distance characterizing the spot.
Thresholding: Farther obstacles have smaller sizes in the

image. To locate obstacles, Nedevschi et al. [10] map the
range-image data in a bird’s eye view map and looks for point
concentration. To address the fact that a 3-D information is
more and more sparse as the distance grows, it proportionally
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Fig. 15. Example of frame processing in a situation in which the vehicle was facing a short downhill. After the V-disparity analysis, obstacles are found via a
series of filters applied to the DSI. The slope filter helps to remove the false positives that are mainly present in the region featuring a slope change. Note that, in
this case, the ground filter is not effective because of a discontinuously textured terrain. In the bird’s eye view map, the field of view is shown in green. (a) Original
DSI. (b) After ground, correlation, and distance threshold. (c) After column filter. (d) After compactness and size filter. (e) After slope filter. (f) Obstacle bird’s
eye view map.

compresses the space to the distance. Since we directly look for
obstacles in the image (and not in a 3-D-world representation),
we keep the threshold on obstacle size (measured in pixels) in
inverse proportion to the distance. Fig. 15(d) shows the results
at this point of the processing.
Slope filter: As Fig. 15(d) shows, in sloped ground conditions

(more precisely, when facing a concave ground), a number of
false positives still endure. They are caused by ground regions
that present a geometry comparable to obstacle geometry, i.e.,
an orientation with respect to the cameras similar to a vertical
surface, resulting in a nearly constant ground disparity on
adjacent lines of the images. However, this reflects on the
V-disparity image as well. In the V-disparity image of the
example, the letter a highlights the nearly constant disparity of
ground in the region of images where the ground is oriented
almost perpendicularly with respect to the camera optical axes.
Therefore, as long as the ground occupies a prevailing area in

all the image rows, the V-disparity image contains information
that allows the detection of these kinds of false positives.

For each V-disparity image row, a maximum value is found,
and the disparity that caused this best match collects one point.
After all rows and maxima are considered, it is possible to plot
the collected statistics in a histogram (Fig. 16). This histogram
is used to raise the applied obstacle threshold, specifically on
each disparity, depending on its score in the histogram. This
way, false positives are eliminated, obtaining the final result
shown in Fig. 15(e).

This approach fails when facing an obstacle that occupies a
prominent part of the image because it can modify the statistic
on the V-disparity image masking the ground information. Wide
obstacles are, in fact, considered as slope changes and are not
detected as obstacles. This problem has yet to be addressed
because other sensors mounted on the TerraMax can easily
detect wide obstacles.
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Fig. 16. Number of row maxima caused by each disparity in the V-disparity
image of Fig. 15 example. Only the rows below the estimated horizon are
considered.

D. Real-World Coordinate Mapping

The obstacles found in the image are not framed with bound-
ing boxes because the algorithm does not need another obstacle
classification step. As mentioned, the spots feature a 3-D world
coordinate, and obstacles are obtained, grouping spots close to
each other (e.g., closer than the vehicle width), using a convex
hull algorithm. Fig. 15(f) shows the bird’s eye view map of
the obstacles obtained in Fig. 15(e). The entire filtering and
real-world coordinate mapping are accomplished within 5 ms.
Other output examples in different scenarios are shown in
Fig. 17.

E. Obstacle-Detection Results

The algorithm thresholds were tuned in order to avoid false
detections. Preparatory testing in the desert near Barstow,
CA, showed the vision obstacle-detection system to be
very effectively complemented by the other sensor systems.
The vision could detect obstacles which the other sensors
missed—namely, tall thin ones—and ran with a guaranteed
15-Hz throughput. The obstacle-detection system can perform
the entire computation within 30 ms.

During the National Qualification Event prior to the 2005
DARPA Grand Challenge, the system detected all the bounding
cones with only one false detection in four runs. On October 8
and 9, 2005, the TerraMax vehicle was one of the only five vehi-
cles to complete the entire DARPA Grand Challenge course and
was the only finisher exploiting vision for obstacle detection.

The data from the high-precision laser scanner helped tune
the distance estimates from the vision system to meet all the
requirements.

VI. CONCLUSION

This paper has presented a complex trinocular vision sys-
tem for obstacle and path detection, which was specifically
developed for the 2005 DARPA Grand Challenge and tested on
the TerraMax autonomous vehicle. Due to the competitiveness
scenario that the 2005 Grand Challenge presented, the general
approach used while developing the TerraMax’s sensors was to
have high reliability: a minimum number of incorrect classifi-
cations and minimization of incorrect classification risks.

With accurate calibration, the obstacle detector proved to
be robust to false detections, even in complex environments,
with slopes, shadows, and different quality of textures. It also
provided features (such as vehicle pitch) to other subsystems,
like the path detector or higher level object detectors.

Fig. 17. Obstacle detection for different scenarios. The color of the obstacles
varies with distance. In the bird’s eye view map, the field of view varies because
of the different baselines and camera setup. In the bottom image, a far gate in
the left side is detected (in purple).

To reach the required reliability, the path-detector algorithm
first divides the whole problem into a number of smaller tasks,
i.e., clustering and decision. Next, accounting for the current
vehicle state, it introduces some degree of high-level elabora-
tion into the path-detection problem, allowing minimization of
the risk associated with incorrect path classifications.

The overall processing of a single shot takes about 60 ms
using 320 × 240-pixel color images, which is fast enough
to provide a reliable 10-Hz throughput and to keep room
for possible additional elaborations, such as fusion with laser
scanners.
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