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Abstract. This work presents a vision-based obstacle avoidance algorithm for autonomous mobile robots. It provides an eﬃcient solution that
uses a minimum of sensors and avoids, as much as possible, computationally complex processes. The only sensor required is a stereo camera.
The proposed algorithm consists of two building blocks. The ﬁrst one is
a stereo algorithm, able to provide reliable depth maps of the scenery
in frame rates suitable for a robot to move autonomously. The second
building block is a decision making algorithm that analyzes the depth
maps and deduces the most appropriate direction for the robot to avoid
any existing obstacles. The proposed methodology has been tested on
sequences of self-captured outdoor images and its results have been evaluated. The performance of the algorithm is presented and discussed.
Keywords: Stereo vision, obstacle avoidance, autonomous robot
navigation.

1

Introduction

In this work a vision-based obstacle avoidance algorithm is presented. It is intended to be used in autonomous mobile robotics. However, the development of
an eﬃcient, solely vision-based method for mobile robot navigation is still an active research topic. Towards this direction, the ﬁrst step is to avoid any obstacles
through vision. However, systems placed on robots have to conform to the restrictions imposed by them. Autonomous robot navigation requires almost real-time
frame rates from the responsible algorithms. Furthermore, computing resources
are strictly limited onboard a robot. Thus, the omission of popular obstacle detection techniques such as the v-disparity, which require Hough-transformations,
would be highly appreciated. Instead, simple and eﬃcient solutions are demanded.
In order to achieve reliable obstacle avoidance, many popular methods involve
the use of an artiﬁcial stereo vision system, due to its biomimetic nature. Stereoscopic vision can be used in order to obtain the 3D position of the depicted
objects from two simultaneously captured, slightly misplaced views of a scene.
Mobile robots can take advantage of stereo vision systems as a reliable method to
extract information about their environment [1]. Although stereo vision provides
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an enormous amount of information, most of the mobile robot navigation systems
use complementary sensors in order to navigate safely [2]. The use of lasers, projectors and various other range ﬁnders is a commonplace. The goal of this work is
to develop a real-time obstacle avoidance algorithm based only on a stereo camera,
for autonomous mobile robots. The core of the presented approach can be divided
into two separate and independent algorithms:
– The stereo vision algorithm. It retrieves information about the environment
from a stereo camera and produces a depth image, i.e. disparity map, of the
scenery.
– The decision making algorithm. It analyzes the data of the previous algorithm and decides the best direction, i.e. forward, right or left, for the robot
to move in order to avoid any existing obstacles.
Both the algorithms have been modularly implemented in C++. The modularity of the system allows the easy modiﬁcation, easy debugging and ensures the
adaptability of the overall algorithm. Figure 1 presents the ﬂow chart of the implemented algorithm. Besides the decision made, the implemented system stores
input images and calculated disparity maps for possible later oﬄine use.

Fig. 1. Flow chart of the implemented obstacle avoidance algorithm

2

Related Work

Autonomous robots’ behavior greatly depends on the accuracy of their decision
making algorithms. In the case of stereo vision-based navigation, the accuracy
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and the refresh rate of the computed disparity maps are the cornerstone of its
success [3]. Dense local stereo correspondence methods calculate depth for almost
every pixel of the scenery, talking into consideration only a small neighborhood
of pixels each time [4]. On the other hand, global methods are signiﬁcantly more
accurate but at the same time more computationally demanding, as they account
for the whole image [5]. However, since the most urgent constraint in autonomous
robotics is the real-time operation, such applications usually utilize local algorithms. Muhlmann et al. in [6] describe a local method that uses the sum of
absolute diﬀerences (SAD) correlation measure for RGB color images. Applying
a left to right consistency check, the uniqueness constraint and a median ﬁlter,
it can achieve 20 fps. Another fast Slocal AD based algorithm is presented in [7].
It is based on the uniqueness constraint and rejects previous matches as soon
as better ones are detected. It achieves 39.59 fps. The algorithm reported in [8]
achieves almost real-time performance. It is once more based on SAD but the
correlation window size is adaptively chosen for each region of the picture. Apart
from that, a left to right consistency check and a median ﬁlter are utilized.
Another possibility in order to obtain accurate results in real-time is to utilize
programmable graphic processing units (GPU). In [9] a hierarchical disparity
estimation algorithm is presented. On the other hand, an interesting but very
computationally demanding local method is presented in [10]. It uses varying
weights for the pixels in a given support window, based on their color similarity
and geometric proximity. However, the execution speed of the algorithm is far
from being real-time. A detailed taxonomy and presentation of dense stereo
correspondence algorithms can be found in [4]. Additionally, the recent advances
in the ﬁeld as well as the aspect of hardware implementable stereo algorithms
are covered in [11].
In the relevant literature, a wide range of sensors and various methods have
been proposed in order to detect and avoid obstacles. Some interesting details
about the developed sensor systems and proposed detection and avoidance algorithms can be found in [12] and [13]. The obstacle avoidance sensor systems
found in literature can generally be divided into two main categories. The ﬁrst
category involves the use of ultrasonic sensors. They are simple to implement
and can detect obstacles reliably. On the other hand, the second category involves vision-based sensor systems. This category can be further divided into
the stereo vision systems (which is applied to the detection of objects in 3D)
and the laser range sensors (which can be applied to the detection of obstacles
both in 2D and 3D, but can barely used for real-time detection [14]). As far
as the stereo vision systems are concerned, one of the most popular methods
for obstacle avoidance is the estimation of the so called v-disparity image. This
method requires plenty of complex calculations and is applied in order to confront the noise in low quality disparity images [15,16,17]. However, if detailed
and noise-free disparity maps were available, less complicated methods could
have been used instead. Considering the above as a background, the contribution of this work is the development of an algorithm for obstacle avoidance with
the sole use of a stereoscopic camera. The use of only one sensor and specially
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of a stereoscopic camera diminish the complexity of our system and can also be
easily integrated and interact with with other stereo vision tasks such as object
recognition and tracking.

3

Stereo Vision Algorithm

Contrary to most of the stereo algorithms, which directly use the camera’s images, the proposed stereo algorithm uses an enhanced version of the captured
images as input. The initially captured images are processed in order to extract the edges in the depicted scene. The utilized edge detecting method is the
Laplacian of Gaussian (LoG), using a zero threshold. This choice produces the
maximum possible edges. The LoG edge detection method smoothens the initial
images with a Gaussian ﬁlter in order to suppress any possible noise. Then a
Laplacian kernel is applied that marks regions of signiﬁcant intensity change.
Actually, the combined LoG ﬁlter, with standard deviation equal to 2, is applied
at once and the zero crossings are found. The extracted edges are, afterwards,
superimposed to the initial images. The steps of the aforementioned process are
shown in Fig. 2. The outcome of this procedure is a new version of the original
images having more striking features and textured surfaces, which facilitate the
following stereo matching procedure.
The depth maps are computed using a three-stage local stereo correspondence
algorithm. The utilized stereo algorithm combines low computational complexity with sophisticated data processing. Consequently, it is able to produce dense
disparity maps of good quality in frame rates suitable for robotic applications.
The main attribute that diﬀerentiates this algorithm from the majority of the
other ones is that the matching cost aggregation step consists of a sophisticated
gaussian-weighted rather than a simple summation. Furthermore, the disparity selection step is a simple winner-takes-all (WTA) choice, as the absence of
any iteratively updated selection process signiﬁcantly reduces the computational
payload of the overall algorithm. Finally, any dedicated reﬁnement step is also
absent for speed reasons.

Fig. 2. Image enhancement steps of the proposed stereo algorithm
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The matching cost function utilized is the truncated absolute diﬀerences (AD).
AD is inherently the simplest metric of all, involving only summations and ﬁnding absolute values. The AD are truncated if they excess the 4% of the maximum
intensity value. Truncation suppresses the inﬂuence of noise in the ﬁnal result.
This is very important for stereo algorithms that are intended to be applied to
outdoor scenes. Outdoor pairs usually suﬀer from noise induced by a variety of
reasons, e.g. lighting diﬀerences and reﬂections. For every pixel of the reference
(left) image, AD are calculated for each of its candidate matches in the other
(right) image.
The computed matching costs for every pixel and for all its potential disparity
values comprise a 3D matrix, usually called as disparity space image (DSI). The
DSI values for constant disparity value are aggregated inside ﬁx-sized square
windows. The dimensions of the chosen aggregation window play an important
role in the quality of the ﬁnal result. Generally, small dimensions preserve details
but suﬀer from noise. On the contrast, large dimensions may not preserve ﬁne
details but signiﬁcantly suppress the noise. This behavior is highly appreciated in
outdoor robotic applications where noise is a major factor, as already discussed.
The aggregation windows dimensions used in the proposed algorithm are 19x19
pixels. This choice is a compromise between real-time execution speed and noise
cancelation. The AD aggregation step of the proposed algorithm is a weighted
summation. Each pixel is assigned a weight depending on its Euclidean distance
from the central pixel. A 2D Gaussian function determines the weights value
for each pixel. The center of the function coincides with the central pixel. The
standard deviation is equal to the one third of the distance from the central pixel
to the nearest window-border. The applied weighting function can be calculated
once and then be applied to all the aggregation windows without any further
change. Thus, the computational load of this procedure is kept within reasonable
limits.
Finally, the optimum disparity value for each pixel, i.e. the disparity map, is
chosen by a simple, non-iterative WTA step. In the resulting disparity maps,
smaller values indicate more distant objects, while bigger disparity values indicate objects lying closer.

4

Decision Making Algorithm

The previously calculated disparity map is used to extract useful information
about the navigation of a robot. Contrary to many implementations that involve
complex calculations upon the disparity map, the proposed decision making
algorithm involves only simple summations and checks. This is feasible due to
the absence of signiﬁcant noise in the produced disparity map. The goal of the
developed algorithm is to detect any existing obstacles in front of the robot and
to safely avoid it, by steering the robot left, right or to moving it forward.
In order to achieve that, the developed method divides the disparity map into
three windows, as in Fig. 3.
In the central window, the pixels p whose disparity value D(p) is greater than
a deﬁned threshold value T are enumerated. Then, the enumeration result is
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Fig. 3. Depth map’s division in three windows

examined. If it is smaller than a predeﬁned rate r of all the central windows
pixels, this means that there are no obstacles detected exactly in front of the
robot and in close distance, and thus the robot can move forward. On the other
hand, if this enumeration’s result exceeds the predeﬁned rate, the algorithm
examines the other two windows and chooses the one with the smaller average
disparity value. In this way the window with the fewer obstacles will be selected.
The pseudocode of the implemented simple decision making algorithm follows:
Decision Making Pseudocode
for all the pixels p of the central window {
if D(p) > T {
counter++ }
numC++ }
if counter < r% of numC {
GO STRAIGHT }
else {
for all the pixels p of the left window {
sumL =+ D(p)
numL++ }
for all the pixels p of the right window {
sumR =+ D(p)
numR++ } }
avL = sumL / numL
avR = sumR / sumR
if avL <avR {
GO LEFT }
else {
GO RIGHT } }
The values of the parameters T and r play an important role to the algorithm’s behavior. Small values of T in conjunction with small values of r favor the
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hesitancy in moving forward, ensuring obstacle avoidance but at the same time
being susceptible to false alarms due to noise. On the other hand, the opposite
scenario is less susceptible to false alarms but may be proven risky. The values
of T and r were empirically deﬁned as a compromise between the two aforementioned behavioral patterns. The decided values were T = 120 and r = 20%. In
the example of Fig. 3 the number of pixels in the central window whose disparity
value is greater than 120 is 40160 which is more than the 20% of all the window’s
pixels (i.e. 8160). Consequently, the robot is not allowed to move forward and
has to examine the other two possibilities. The robot will decide to turn left as
the left window has smaller average disparity values than the right one.

5

Experimental Validation

The performance of the examined methodology for obstacle avoidance has been
examined by applying it on a sequence of 25 stereo image pairs. The experiments
took place in outdoor scenes and the obstacles were natural elements like trees,
bushes, benches, pavements and other objects found in the captured scenes. Various single image pairs, as well as routes were captured. That is, the algorithm’s
decision concerning a test pair, dictates the next pairs’ capture position. A series
of such linked pairs comprise a route. All the 25 test image pairs are available
to be freely downloaded from [18]. Figure 4 presents a sample route comprising
of 7 image pairs. For each image pair the reference image is shown on the left,
the calculated disparity map in the middle, and the direction decided by the
algorithm is shown on the right. The decision for each image pair dictated the
camera’s next position, as easily deduced by the sequence of Fig. 4.

Fig. 4. A sample outdoor route and the algorithm’s outputs
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(a) Percentage of the algorithm’s correct decision

(b) Percentage of certainty for the
algorithm’s decisions

Fig. 5. Results of the proposed algorithm

The algorithm’s results, when applied on the 25 test image pairs, are summarized in Fig. 5. Figure 5(a) presents the percentage of the algorithm’s correct
decisions for each possible direction. A correct decision is not only one that
avoids collision with an existing obstacle, but at the same time choses the most
preferable direction. As shown, the algorithm is more than 83% of the times
correct, for any direction. Actually the algorithm has been correct in 23 out of
the 25 cases, i.e. 92% of the times.
On the other hand, the certainty of each decision is of interest as well. Due to
the nature of the proposed algorithm, as presented in the previous sections, the
decision about moving forward is based on some parameters’ values and is totally
independent from the other two possible decisions. Consequently, a measure of
certainty would be meaningful only in the cases of the left or right decisions.
As these two decisions are based on the same heuristic, they can be directly
compared. The certainty cert of a direction’s decision which yields an average
disparity avD1 over the other direction which yields avD2 > avD1 is calculated
as:
avD2 − avD1
cert =
(1)
avD2
The results for the left and right decisions of the algorithm are shown in Fig.
5(b). For each decision the pair’s indicating number as well as the algorithm’s
decision is given. The certainty ranges form 0% for no certainty at all, to 100%
for absolute certainty. The bigger the area deﬁned by the resulting points, the
bigger the algorithm’s overall certainty. However, big values of certainty are not
always achievable. In the extreme case when both the left and the right direction
are fully traversable, the certainty measure would become 0%. Despite this fact,
the certainty is useful. Observing the correlation between false decisions and
certainty values, a threshold could be decided, below which the algorithm should
reconsider its decision.
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Conclusion

A vision-based obstacle avoidance algorithm for autonomous mobile robots was
presented. The proposed algorithm requires only one sensor, i.e. a stereo camera,
and a low amount of involved computations. The algorithm’s structure consists
of a specially developed and optimized stereo algorithm that produces noise-free
depth maps, and a computationally simple decision making algorithm. The decision making algorithm avoids complex calculations and transformations. Consider as an example, the case of the popular v-disparity implementation where
Hough-transformation is needed in order to compensate for the low quality disparity maps. On the other hand, simpler than the proposed direction deciding
algorithms fail to yield correct results. In this case, consider an algorithm where
the three windows of Fig. 3 are treated equally and the smallest average disparity is sought. This methodology is doomed to fail in the case, among many
others, where only a thin obstacle is close to the robot and other obstacles are
in medium range. Such a naive algorithm would chose the direction towards the
close thin obstacle, avoiding the medium ranged obstacles.
The proposed methodology has been tested on sequences of self-captured outdoor images and its results have been evaluated. Its performance has been presented and discussed. The proposed algorithm managed to avoid the obstacles
successfully in the vast majority of the tested image pairs. Despite its simple calculations, both during the disparity map generation and the decision making, the
algorithm exhibited promising behavior. The simple structure and the absence of
heavy computational payload are characteristics highly desirable in autonomous
robotics. The real-time collision-free navigation of autonomous robotic platforms
is the ﬁrst step towards the accomplishment of more complex activities, e.g. path
planning and mapping of an area. Consequently, the proposed algorithm is suitable for autonomous robotic applications and is able to provide real-time obstacle
avoidance behavior, based solely on a stereo camera.
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