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Abstract  

The topographic variations and unstructured 
nature of cross-country environments pose a 
great deal of challenges to vision based 
autonomous navigation. Algorithms that search 
for geometric descriptions of such undulating 
terrains, usually suffer from the lack of viable 
assumptions. This paper presents an innovative 
obstacle-ground discrimination method for  
cross-country navigation using stereo vision. We 
describe well known methods such as planar 
ground approximation and “v-disparity” analysis 
using a common mathematical framework, and 
investigate their failure modes under off-road 
conditions. In order to mitigate these deficiencies 
we define a classifier, which is uniquely 
described by a family of loosely coupled linear 
decision boundaries, with optimized parameters 
under a set of soft constraints. Results for 
simulated and real world test data are presented, 
and compared with pre-existing obstacle 
detection algorithms. 
 

1 Introduction 
Path planning for autonomous vehicle navigation consists 
of a series of interrelated tasks: sensing the environment, 
analysing perceptual information and drawing intelligent 
inferences. Estimating the size and spatial distribution of 
obstacles is a fundamental sub-problem of all such path 
planning algorithms. Intuitively, any obstruction lying on 
the path of a vehicle is considered an obstacle, although 
making a precise definition is surprisingly difficult. 
Because of its practical significance, obstacle detection 
has received widespread attention in autonomous 
navigation research. 

                                                 
This work was supported by the DSO National Laboratories, 
Singapore 

 A large fraction of existing algorithms for 
obstacle detection rely on the powerful interpretive 
characteristics of 3D geometry. Various active (e.g., radar, 
lidar, ultrasonic) and passive (e.g., stereo vision) sensors 
have been used to acquire this information, with different 
degrees of success [Discant et al., 2007]. Unlike active 
sensors, stereo vision is incapable of directly perceiving 
3D geometry. It reconstructs the scene geometry through 
camera calibration and stereo correspondence, which are 
computationally intensive and prone to error. However, 
due to its desirable properties such as passive sensing, 
similarity to human vision, lack of interference and low 
cost, stereo vision still remains a popular choice for 
obstacle detection. 
 Stereo vision based obstacle detection has been 
extensively studied for indoor mobile robot navigation 
and adaptive cruise control (ACC) applications in urban 
and highway environments. With the exception of a few 
methods [Labayrade et al., 2002, Nedevschi et al., 2004, 
Yu et al., 2005], in which the road curvature is taken into 
account, all other algorithms assume the road geometry 
can be approximated by a flat plane [Chumerin and Hulle, 
2008, Se and Brady, 2002, Zhang et al., 1997]. In some 
instances, the problem is even further simplified by 
incorporating structured image details (e.g., lane marks, 
vertical edges) and prior knowledge about obstacle classes 
(e.g., vehicles, pedestrians, walls etc.) [Huang 2005, 
Nakai et al., 2004, Okada et al., 2003]. 
 On the other hand, the notion of “ground plane” 
is often not meaningful for cross-country environments. 
Approximating large topographic variations of an off-road 
terrain by a single planar model might cause obstacles to 
go undetected (false negatives) or traversable terrain to be 
misclassified as obstacles (false positives). The              
“v-disparity” method, proposed in [Labayrade et al., 
2002] for urban roads, has been successfully adapted for 
off-road applications [Broggi et al., 2005, Hummel et al., 
2006, Soquet et al., 2007]. In [Manduchi et al., 2005], the 
authors define obstacles according to the relative 
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geometric relationship between each pair of sensed 3D 
points without explicitly modelling the ground geometry. 
Improved versions of this method are discussed in [Mark 
et al., 2007, Santana et al., 2008] which are time efficient 
and robust against outliers. Apart from the lack of 
geometric constraints, off-road traversability analysis is 
further complicated by negative obstacles (e.g., ditches, 
holes), water puddles, dust clouds etc. Also it is not 
uncommon to encounter non-rigid, compressible objects 
(e.g., a tuft of grass, overhanging tree leaves) which are 
considered “obstacles” from a purely geometric sense, but 
practically does not cause obstruction. 
 In this paper we present a method that attempts 
to accurately classify obstacle and ground pixels, in stereo 
disparity space, using linear discriminant analysis. From a 
mathematical point of view it is similar to the planar 
ground approximation and “v-disparity” concept, but the 
geometric constraints are considerably relaxed to cope 
with the vehicle pose and topographic variations. In what 
follows, we first provide an overview of the stereo 
geometry and underlying mathematics in Section 2. 
Section 3 describes the stereo correspondence algorithm, 
and the proposed linear classification method and its 
components are discussed in Section 4. The obstacle 
detection concept, implementation details and 
experimental results are presented in Section 5, 6 and 7 
respectively. Section 8 concludes the paper and discusses 
the potential future improvements. 

2 Theoretical Overview 

2.1 Stereo Geometry  

Given the intrinsic and extrinsic parameters of a general 
stereo configuration, an image pair can be transformed to 
have their epi-polar lines collinear and parallel to the 
horizontal image axis. This is equivalent to a pair of 
images captured using two coplanar cameras, with 
identical intrinsic parameters; known as the simple stereo 
configuration (Figure 1). This process, which is 
commonly known as stereo rectification, is an effective 
pre-processing step to simplify the subsequent stereo 
analysis [Trucco and Verri, 1998]. Hence throughout this 
text, we will assume all the binocular image pairs have 
been subjected to stereo rectification.  
During our analysis we use the following annotations: 

• (XR, YR, ZR): right camera co-ordinates 
• (XL, YL, ZL): left camera co-ordinates 
• (uR, vR): right image pixel co-ordinates 
• (uL, vL): left image pixel co-ordinates 
• (u0, v0): projection of the optical centre (for both 

cameras) 
• α: focal length in pixels (for both cameras) 
• b: stereoscopic baseline 

Under the pin-hole camera model, the right camera image 
co-ordinates can be transformed to the right image plane 
co-ordinates as follows: 

XR

YR

ZR

XL

YL

ZLOR

OLRight image 
plane

Left image 
plane

b

 
Figure 1:  Simple stereo configuration 
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By converting from homogeneous co-ordinates to 
Cartesian co-ordinates we get: 
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                                               (2)
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Under simple stereo geometry, the transformation 
between left and right camera co-ordinate frames is 
governed by a vector translation along the X direction. 
Therefore: 

;          ;            L R L R L RX X b Y Y Z Z= + = =  
  

0 0( )                           (3)L L R R
L
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X u Z X b u Zu
Z Z

α α+ + +
= =  

0 0L L R R
L

L R

Y v Z Y v Zv
Z Z

α α+ +
= =  

From Equations (1) and (3) we get the stereo disparity d: 

                                                        (4)L R
R

bu u
Z

d α
= − =

By treating right camera co-ordinate frame as the 
reference frame, we may omit the subscript indices. 

By re-arranging Equation (4) we get:              (5)bZ
d

α
=  

We can then deduce from Equations (1) and (5): 
0 0( ) ( )                                             (6)Z u u b u uX

dα
− −

= =  

Also from Equations (2) and (5) we get: 

0 0( ) ( )                                           (7)Z v v b v vY
dα

− −
= =  

Under simple stereo geometry, Equations (5), (6) and (7) 
govern the unique mapping between the image pixel     
co-ordinates and 3D scene points expressed with respect 
to the camera reference frame. 
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2.2 Ground Geometry: Mathematical Modelling 
As mentioned above, approximating the ground geometry 
using a planar model or using the “v-disparity” analysis 
are two frequently used techniques. In the context of 
obstacle detection using stereo disparity, both these 
techniques can be described in a common framework; a 
family of linear decision boundaries on the image plane. 
 If the ground surface can be approximated by a 
planar model, its representation in the camera co-ordinate 
frame is given by: 

0 (8)0                                             x y za X a Y a Z a+ + + =
By substituting Equations (5), (6) and (7) to Equation (8) 
we get: 

0 0
0

( ) ( )
0x y z

b u u b v v b
a a a a

d d d
α− −

+ + + =  

which can be further simplified to: 

0 0                                             (9)u v da u a v a ad+ + + =%

This shows us that the projection of a plane in 3D space 
generates a planar ground disparity profile. 
 The “v-disparity” image is a 2D histogram 
representation of the scene geometry, which is computed 
by accumulating pixels of same disparity along the u-axis 
of a disparity map. In this image, the abscissa (d) 
represents the disparity value; the ordinate (v) represents 
the image row number; the intensity value of each bin (or 
pixel of the “v-disparity” image) is the number of pixels 
having the corresponding disparity (d) in a certain row (v) 
of the disparity map. Effectively, this is a reduction of 
dimensionality, to facilitate easier and robust analysis of 
the ground disparity profile. However, such a projection 
along the u-axis is only meaningful if the ground disparity 
profile is independent of the u co-ordinate. For the planar 
ground model considered before, this means that au ≈ 0 in 
Equation (9). Then the ground disparity profile takes the 
form: 

0 (10)0                                              v d aa v a d+ + =%

Now lets examine the behaviour of the above two cases 
for a known integer disparity. By substituting d = d0 to 
Equation (9) we get: 

0 0

0

( 0 
ˆ 0 (11)

)
                                                 

u v d

u v

a u a v a a

a u a v a

d+ + + =

+ + =

%

which represents a straight line in the pixel co-ordinates. 
Intuitively this can be visualized as a linear obstacle-
ground decision boundary, such that the presence of 
disparity d = d0 below and above this boundary provides 
evidence for the ground and obstacles respectively. 
Applying the same principle to Equation (10) we get: 

0 0

0ˆ 0  (12)

( ) 0
                                                        v

v d a

a v a

a v a d
+ =

+ + =%

The only difference is that now the decision boundary is a 
horizontal line in the image space. 
 Also it is evident that when the ground 
parameters are fixed, the intercept of the line in Equation 
(11) is linearly dependent on the disparity. Therefore, in 
this case, a series of equally spaced integer disparities will 

generate a family of linear decision boundaries at regular 
intervals along the v-axis. On the other hand, the reduced 
dimensionality of the “v-disparity” image enables a more 
general representation. In [Labayrade et al., 2002] the 
authors approximate the “v-disparity” space ground 
profile using a piecewise linear curve. According to our 
framework, this is a family of horizontal decision 
boundaries that are irregularly spaced along the v-axis. 

2.3 Off-road Considerations 
In cross-country environments the geometry of the terrain 
in front of the vehicle can hardly be modelled as a planar 
surface. The piecewise linear approximation of the        
“v-disparity” analysis is expected to better model such a 
geometry in comparison to planar approximation, 
however it is prone to errors under certain types vehicle 
oscillations as discussed in [Kodagoda et al., 2009]. In 
off-road environments, it is impractical to assume that the 
vehicle pose remains invariant during motion, hence such 
failure modes need to be explicitly taken care of.  
 Let’s assume that the camera co-ordinate frame 
transforms from {X, Y, Z} ∈ R3 to {X’, Y’, Z’} ∈ R3 
under an arbitrary rotation (any combination of rolling, 
yawing and pitching). The resulting relationship is: 

11 12 13 11 12 13

21 22 23 21 22 23

31 32 33 31 32 33

' ' ' '
' ' ' '
' ' ' '

X r r r X X r X r Y r Z
Y r r r Y Y r X r Y r Z
Z r r r Z Z r X r Y r Z

= + +⎛ ⎞ ⎛ ⎞⎛ ⎞
⎜ ⎟ ⎜ ⎟⎜ ⎟= ⇒ = + +⎜ ⎟ ⎜ ⎟⎜ ⎟
⎜ ⎟ ⎜ ⎟⎜ ⎟ = + +⎝ ⎠ ⎝ ⎠⎝ ⎠

 

For all rij, Equation (8) will be preserved in its original 
form after the transformation; hence changing vehicle 
pose won’t aggravate the planar approximation error. On 
the other hand, given that the ground disparity profile is 
independent of the u co-ordinate under stationary 
conditions, the above transformation should preserve this 
independence in order not to increase the error of the    
“v-disparity” analysis. Using Equations (5), (6) and (7) it 
is possible to demonstrate that the independence between 
X’ and {Y, Z} (i.e. r21 = r31 = 0) is a necessary condition 
for the above. But both r21 and r31 will simultaneously 
remain at zero only under pure pitching. In the presence 
of rolling, yawing or a combination of the two, at least 
one of the coefficients will be non-zero, contracting the 
favourable conditions for “v-disparity” analysis. 

3 Stereo Correspondence 

Stereo correspondence has traditionally been, and 
continues to be, one of the most heavily researched areas 
in computer vision. Our obstacle detection algorithm is 
solely reliant on visual geometric cues, hence accurate 
stereo matching is of utmost importance in our work. As 
discussed before, stereo rectification greatly reduces the 
inherent ambiguity of the problem by narrowing down the 
search space to a 1D horizontal line.  
 Our main criterion for selecting a stereo 
correspondence algorithm was the ability to produce a 
dense correspondence map in real time. The requirement 
of a dense disparity map was motivated by its rich 
information content for accurate ground modelling and 
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obstacle detection. We employ a window based 
correlation technique to compute a univalued disparity for 
each image pixel. However we were unable to reach the 
expected level of accuracy when this technique was 
directly applied on the grey scale images or its LoG 
filtered equivalent. Hence, we applied a non-parametric 
local transformation, prior to stereo correspondence, to 
enhance the local image texture and compensate for the 
contrast variations in outdoor environments. Two such 
techniques are proposed in [Zabih and Woodfill, 1994].  

• Rank transform: A non-parametric measure of the 
local intensity. For each pixel, the rank transform 
stores the number of pixels having an intensity lesser 
or greater than itself, within a local neighbourhood 

• Census transform: A non-parametric summary of the 
local spatial structure. This transform binary encodes 
a local neighbourhood by comparing it with the value 
of the centre pixel and stores the result in the form of 
an ordered bit string 
Note: The similarity between two images subjected to 
census transform should be measured using hamming 
distance, but not Euclidean distance. 

The entire stereo correspondence scheme is described in 
Algorithm 1. 

4 Ground Geometry Modelling 

Any vision algorithm, explicitly or implicitly, makes 
assumptions about the physical world and the image 
formation process. Likewise, we hypothesize that, for 
each disparity, the obstacle-ground classification process 
is a linearly separable problem. Revisiting the theories in 
section 2.2, we observed that such linear decision 
boundaries are fundamental to both planar ground 
approximation and “v-disparity” analysis. In planar 
ground approximation, uniformly spaced, slanted, linear 
decision boundaries are able to capture the lateral ground 
disparity variations better, but fail in the longitudinal 
direction when the ground deviates from the flat earth 
assumption.   The   opposite   is  true  for   the  horizontal, 

Algorithm 1: Dense Stereo Correspondence 
Require: Pair of stereo rectified grey-scale images: IL and 
IR, Upper bound for the image disparity: dmax 

1: ILT, IRT = rank/census transformed IL and IR 
2: For each pixel in IRT, correspondences are sought for in 

ILT, within a disparity range of [0, dmax], by correlating 
over a finite, square window. The sum of absolute 
difference (SAD) is used as the similarity measure 

3: Choose at each pixel the disparity associated with the 
minimum cost (maximum similarity) value  

4: Repeat step 2 and 3 by using ILT as the reference frame 
and perform the left-right consistency check (LRCC). 
Leave the disparity unassigned for pixels which fail to 
satisfy this consistency check 

5: Fit a parabola to the global correlation minimum and its 
two nearest neighbours in order to detect the stereo 
correspondence with sub-pixel accuracy  

 
Figure 2:  Projection of the ground and obstacle points (green 
points lie on the ground surface and red point on the obstacle) 

irregularly spaced, linear decision boundaries of the      
“v-disparity” method (the effect of vehicle pose on this 
method was discussed in section 2.3). In our work we aim 
to effectively integrate the positive attributes of the above 
two cases. 
 Provided a set of ground point samples for a 
particular disparity, a linear decision boundary can be 
sought by fitting a straight line to this data set. To account 
for the errors in the sampling process, we may use a 
robust regression technique (e.g., RANSAC, IRLS). 
However this naive approach has the following 
shortcomings: 

• Performing iterative regression for each disparity 
could be computationally demanding 

• The best fit straight line might not always correspond 
to the ideal decision boundary; in such cases, it is 
better to have multiple hypotheses 

• Individually modelled decision boundaries are only 
optimum in a local sense; hence they might not 
conform with the global geometry of the ground 

Alternatively, modelling each decision boundary in the 
Hough space will generate multiple hypotheses, but will 
be tough to achieve in real time. Therefore we propose a 
two-phased alternative of reduced complexity. 

• Phase 1: narrow down the probable decision 
boundary gradients using a voting scheme 

• Phase 2: find out the best matching gradient and 
intercept for each decision boundary while imposing 
sensible constraints  

4.1 Ground Point Sampling  
Dense disparity maps (we always assume integer 
disparities, unless otherwise specified) contain a large 
amount of redundant information. In order to avoid 
unnecessary computations, ground modelling is usually 
performed on a refined extract of points. For this task, we 
propose an intuitive, deterministic sampling technique, to 
replace the traditional random sampling. This proposed 
technique has a lower inclination towards the sampling of 
non-ground points. 
 Under simple stereo geometry, the disparity is 
synonymous with the inverse depth. Therefore the 
projection of a continuous depth profile will have a 
staircase signal, with unit step changes, in the disparity 
space. Based on this theory, we formulate the following 
heuristic to sample the ground points: “sample a pixel if 
its integer disparity is one unit larger than the disparity of 
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its immediately above neighbour”. This theory can be 
further illustrated using Figure 2. Let’s denote the 
corresponding disparities of points G1, G2, G3 and O1 
with dG1, dG2, dG3 and dO1 respectively.  

• Case I: dG1 = dG2; trivial in our analysis 
• Case II: dG1 = dG2 + 1; evidence for a step disparity 

transition; higher likelihood of being a ground point 
• Case III: dO1 = dG3 ; unlikely to happen unless for a 

relatively flat obstacle 
• Case IV: dO1 = dG3 + 1; special case and has a lower 

probability of occurrence for front-parallel obstacles; 
will be falsely sampled as a ground point 

• Case V: dO1 > dG3 + 1; more likely case since O1 and 
G3 will be far apart for a relatively high obstacle 

Apart from the nature of the obstacle, other factors such 
as the distance from the stereo baseline to the obstacle, the 
height and angle at which the cameras are mounted, will 
also influence the above cases. 

4.2 Lateral Gradient 
This procedure is intended to reduce the burden of the 
subsequent decision space generation process, by 
identifying the most probable set of lateral gradients for 
the linear decision boundaries. A comprehensive 
description of the engaged voting scheme is to be found in 
Algorithm 2. In addition, the main components of this 
algorithm are graphically illustrated in Figure 3.  

4.3 Decision Boundary Estimation 
A straight line is uniquely parameterised by two 
quantities; the gradient and the intercept. In the previous 
phase, we identified the most probable gradients for the 
family of obstacle-ground decision boundaries. However 
the ground modelling process is incomplete until we 
select the best suited gradient and an appropriate intercept 
for each decision boundary. The eventual algorithm 
devised for this task is described in Algorithm 3. Below, 
we discuss the two main constituents of this algorithm; 
the correlation scheme (steps 1 to 12) and constrained 
global optimization (step 13). 

Correlation Scheme 
In the sampling scheme described in section 4.1, if at 
most one point is  sampled for  a given  u co-ordinate  and  

Algorithm 2: Detection of Probable Lateral Gradients 
Require: Sampled ground points: P, Sampling interval 
along the u-axis: δu 
1: for each integer disparity d do 
2: Pd = subset of P with disparity d 
3: Sub-sample Pd along the u-axis at an interval of δu 
4: δv = difference of v co-ordinate between two 

adjacent samples 
5: Update the histogram of δv 
6: end for 
7: Discard the improbable values of δv 
8: δv = δv with a vote greater than 75% of the maximum 
9: Return all gradients ∆u= δv / δu 

disparity, the  resultant sample set can  be treated as a  1D, 
discrete signal, Pd (Figure 4(a)). Pd is correlated with a 
linear, discrete signal, L∆,c (Figure 4(a)) using the 
relationship given in Equation (13). L∆,c is a single 
instance of a linear decision boundary, of known 
orientation, that is swept through the entire range of Pd. 

,, , , ( ) / N                            (13)d c o d c
u

GMF P Lσρ Δ Δ
∀

= −∑
where GMF is a Gaussian mother function with zero 
mean and σ standard deviation and the image width N is 
incorporated as a normalizing factor. 
  

 
Figure 3: Estimating ground disparity variation along the u-axis;     
(a) Sub-sampling in disparity space. (b) Graphical representation 

of δu and δv. (c) Histogram of δv (bins greater than 75% of the 
maximum are marked in red). 

Algorithm 3: Decision Boundary Estimation 
Require: Sampled ground points: P, Output of   
Algorithm 2: ∆u 
1: for each integer disparity d do 
2: Pd = subset of P with disparity d 
3: for each ∆u do 
4: for each allowable intercept c do 
5: L∆,c = line with gradient ∆u and intercept c 
6: ρd,∆,c = correlation between L∆,c and Pd 
7: end for 
8: end for 
9: Select the ρd corresponding to maximum ρd,∆,c 
10: Discard values of ρd below a specific threshold 
11: Perform non-maxima-suppression on ρd 
12: end for 
13: Select the optimum path (best intercept for each 

disparity) using constrained global optimization 
14: Interpolate the missing intercepts using cubic spline 
15: Return the set of linear decision boundaries 
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       (a)            (b) 

Figure 4: (a) Changing the intercept over the range of the 
disparity signal (b) Correlation value for different intercepts 

 For a given disparity, correlation functions 
similar to what is shown in Figure 4(b) are obtained and 
the best response is retained together with its 
corresponding gradient. Subsequent thresholding and non-
maxima-suppression (steps 10 and 11) on this response 
confines the problem domain to a manageable extent. At 
this point, the gradient of each decision boundary is 
completely determined, but there exist a number of 
possibilities for the intercept, each of which is associated 
with a fitness (correlation) value. 

Constrained Global Optimization  
Winner-take-all local optimization, that is choosing the 
fittest intercept for each decision boundary, will hardly 
resolve the shortcomings stated at the beginning of this 
chapter. Therefore we need a constraint satisfaction 
method, to ensure that the outcome is consistent with the 
real world geometry, in a local and global sense. Decision 
boundary intercepts, when expressed as a function of 
disparity, should satisfy the following constraints: 

• Constraint I: intercepts should be monotonically 
increasing with disparity 

• Constraint II: local gradient of intercepts should be 
below a specific threshold 

Such constraint satisfaction problems on finite domains 
are typically solved using some form of search. For many 
problems, an exhaustive enumeration of all possible 
variable assignments can be demanding. But in our case: 

• Most disparities will have only one assignment for 
the intercept (due to steps 10 and 11 of Algorithm 3) 

• Instances with multiple assignments will be scarce 
• At some disparities, the possible assignment could be 

null (no evidence of a ground surface) 
Therefore in our problem, it is feasible to evaluate all 
possible combinations of the intercept assignments, 
enforce the said constraints and identify the globally 
optimum solution. We do so by constructing a 
hierarchical tree structure in accordance with the 
following guidelines. 

• Largest disparity with a non-empty set of intercepts is 
chosen to construct the first tier 

• Intercept with the highest fitness at this disparity is 
assigned for the parent node 

Constraint I and II are evaluated between all possible 
disparity assignments of the next disparity step and 

 
       (a)        (b) 

Figure 5: (a) Output of the correlation scheme (b) Hierarchical 
tree structure; threshold of Constraint II was assumed to be 30 

its nearest non-empty parent 
• If both constraints are satisfied, add the intercept to a 

new node; else, assign an empty node 
• Repeat the process for all disparities 

The described tree construction process is best understood 
using the example depicted in Figure 5. The globally 
optimum solution is the longest path, containing minimal 
unassigned nodes, along which the fitness measures will 
accumulate to a maximum (highlighted in red in Figure 
5(b)). Unassigned nodes in the final solution, if any, will 
be treated in two ways; values for unassigned nodes 
sandwiched between assigned nodes are estimated using 
cubic spline interpolation while the unassigned nodes at 
the two extreme ends are discarded and the minimum and 
maximum disparities are adjusted accordingly.  

5 Obstacle Detection 
In our work any object or structure that significantly 
protrudes above the traversable ground surface is 
considered as an obstacle. For a given disparity, provided 
knowledge of the obstacle-ground decision boundary, a 
pixel is labelled as the projection of an obstacle if it lies 
beyond a pre-specified threshold on the negative side of 
the decision boundary (a threshold of 20 pixels produced 
best results under our test conditions). Similarly outliers 
on the positive side can be classified as negative 
obstacles, even though it is not of great importance under 
our test environments. Unlike some of the existing 
approaches, we deem it is of little value to predict the 
ground geometry beyond available evidence. In our work 
the lowest disparity with a legitimate decision boundary 
determines the maximum visible distance of the ground. 
Contrary to the conventional, we define this as the 
“horizon” or “vanishing point” of the ground surface. 
 An obstacle map in the image space is of little 
use for the path planning of an autonomous vehicle. 
Therefore the obstacle information is transformed from 
the image co-ordinates to 3D camera co-ordinates, with 
the aid of the known stereo calibration parameters and 
stereo triangulation. Subsequently these point clouds are 
expressed with respect to a world co-ordinate frame, 
attached to the ground surface at the front end of the 
vehicle. The relationship between this world co-ordinate 
frame and the camera co-ordinate frame varies 
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continuously with the vehicle pose, hence should be 
dynamically estimated during the run-time. The ultimate 
representation is in the form of a grid, where each grid 
node contains the average Y-offset from the ground of a 
small region in the X-Z space. This occupancy grid is used 
as a probability map of obstacle occurrence, during the 
path planning process. 

6 Implementation 
The imaging sensor used for our work is a Bumblebee®2 
stereo vision camera from Point Grey. It consists of two 
Sony ICX204 progressive scan CCD sensors with 6mm 
focal length lenses and a stereoscopic baseline of 12 cm. 
Bumblebee is factory pre-calibrated to a precision within 
0.05 pixel RMS error; hence it does not require in-field 
calibration. We capture image pairs at a resolution of 
(640×480) pixels and use the Triclops software 
development kit (SDK) to rectify the images. Camera 
control parameters were set to automatic mode to 
compensate for the global changes in the light intensity. 
In a modern-day PC, the entire algorithm takes 
approximately 300 ms to process a pair of stereo images 
and produce a 3D obstacle map. It should be noted that 
the emphasis of the current implementation is on 
achieving reliable performance under different off-road 
geometries, but not on the execution speed. However we 
acknowledge the importance of reducing the processing 
time further, in particular to assist high-speed navigation. 
The main algorithm parameters used in its current form 
are tabulated in Table 1. 

7 Empirical Results 
In order to validate the algorithm detailed thus far, we 
comprehensively tested it against two types of data; 
simulated and real-world. Furthermore its performance 
was compared with two well known stereo vision based 
obstacle detection techniques; RANSAC ground plane 
approximation and “v-disparity” analysis. 

7.1 Simulated Data  
The use of simulated data was motivated by the prospect 
of benchmarking the algorithm performance against a 
known ground truth. To facilitate this task we artificially 
generated  an  integer  precision,  dense,  ground  disparity  

map, for a set of known obstacle-ground decision 
boundaries. It was made more realistic by adding 
Gaussian random noise and manually inserting a few 
obstacle-like structures. Figure 6 shows the initial and end 
products of this process and Figure 7 plots the 
corresponding decision boundary statistics, re-evaluated 
using three different algorithms. It is apparent that the 
proposed method detects only two out of the three 
possible gradient values for the decision boundary (Figure 
7(a)). Even so, the error plots in Figure 7(b) demonstrate 
that it still outperforms the planar approximation and “v-
disparity” methods, both assuming uniform gradient. On 
the other hand, the decision boundary intercepts were 
arbitrarily chosen (while enforcing the constraints in 
section 4.3), hence has an irregular pattern (Figure 7(c)). 
As expected, the proposed constrained optimization 
method does better than the linear and piecewise linear 
approximations of its counterparts (Figure 7(c) and (d)). 
Table 2 provides supplementary evidence, to further 
substantiate the claims made thus far. 

7.2 Actual Data 
In addition to the evaluations carried out in a simulated 
environment, each step of our algorithm was tested with 
real video sequences captured in a variety of cross-
country terrains. Same as before, we compare and contrast 
the performance of our algorithm with that of RANSAC 
ground plane fitting and “v-disparity” method. However, 
due to the unavailability of ground truth knowledge, we 
analyse the resultant obstacle map instead of the ground 
model or decision boundary statistics. Figure 8 shows a 
few  direct  comparisons  between the  obstacle detection 
results for the considered algorithms. It is important to 
note that no additional image processing (e.g., blob 
filtering) was applied on the outputs displayed. We 
believe that an unbiased analysis can be best achieved 
using the preliminary outputs of an algorithm. 
 For a relatively flat earth geometry (e.g., Figure 
8(a)), all three algorithms considered produce results of 
comparable accuracy. The superiority of the proposed 
algorithm is more pronounced, only when the deviation 
from this flat earth model is large. For instance, in curved 
slopes, both planar estimation and “v-disparity” method 
tend to overfit for the near-field data, which inturn leads 
to misclassifications at the far-field (Figures 8(b) and (c)). 
In addition, the “v-disparity” method drastically fails, 
when the lateral ground disparity gradient is not 
insignificant. As a result, false positives are generated on 
the traversable portions of the ground surface (Figures 
8(d), (e) and (f)). For all the above cases, the proposed 
algorithm determines the obstacles and “ground horizon” 
with a relatively higher accuracy. Nevertheless, our 
method is not without its failure modes. Sometimes, it is 
possible for a widely dispersed object (e.g., vegetation), to 
possess similar geometric properties to what we sought 
for in a ground surface. Under such circumstances, an 
erroneous representation of the decision boundaries may 
result in false negatives during the classification (Figure 
9). Finally, Figure 10 shows an instance of the occupancy 
grid representation of an obstacle map. 

Algorithm Parameter Value 

Algorithm 1 

Rank /census transform 
window size 

(11x11)/ 
(3x3) 

SAD window size (15x15) 
dmax 35 pixels 

Algorithm 2 δu 20 pixels 

Algorithm 3 

σ in GMF 8 
Threshold for ρd  0.1 

Non-maxima suppression 
window size 

(5x1) 

Gradient for Constraint II 30 pixels 
Table 1: Algorithm parameters 

Australasian Conference on Robotics and Automation (ACRA), December 2-4, 2009, Sydney, Australia
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Figure 6: Ground disparity simulation (a) Uncontaminated 
ground disparity map (b) Ultimate ground disparity map 

 

Method 

Sum of 
absolute 

error 
(gradient) 

Sum of 
absolute 

error 
(intercept) 

Average 
absolute error 

per pixel 
(reconstructed 

ground) 
RANSAC 

plane 0.4133 145 0.5879 

“v-disparity” 
method 0.5500 103 0.4888 

Proposed 
method 0.1500 29 0.1333 

Table 2: Error rates for simulated ground disparity 

 
 

Figure 7:  (a) Variation of the decision boundary gradient (b) Absolute error between the ground truth and the estimated gradient              
(c) Variation of the decision boundary intercept (d) Absolute error between the ground truth and the estimated intercept 

8 Conclusion 
In this paper, we have described a novel, stereo vision 
based obstacle detection algorithm for unstructured 
environments. The proposed method assumes that at any 
given disparity, the task of obstacle-ground classification 
is a two class, linearly separable problem. It exploits the 
inherent properties of a dense disparity map and extracts 
this family of decision boundaries using a constrained 
global optimization scheme. Results presented for 
simulated data and real off-road image sequences confirm 
that our technique outperforms the traditional RANSAC 
ground plane approximation and “v-disparity” method.  
 An obstacle detection failure could occur in the 
presence of scene structures, with similar geometric 
properties to that of the ground. Such ambiguities can 
hardly be resolved using geometric details alone, hence 
we realize the requirement of incorporating additional 
visual cues (e.g., colour). We also believe that the 
reliability of the system can be raised by extending the 
current analysis to successive frames and tracking 
detected obstacles swiftly from one frame to another. 

Accelerating the execution speed is amongst other 
concerns.  
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Figure 8:  Comparison of obstacle detection results for different ground modelling techniques; from left to right: original image, RANSAC 
plane fitting, “v-disparity” method and proposed method (red represents obstacle pixels and the green line represents the “ground horizon”) 
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