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Abstract. A vehicle is mainly driven in the forward direction and occasionally driven
in the reverse gear. Blind spots for vehicles refer to the areas behind the vehicle that
cannot be seen by a driver while driving. These spots are danger zones while driving
a vehicle in the reverse gear. Therefore, vehicle safety in these spots is critical. In
this paper, a rear-obstacle detection approach was proposed for drivers through stereo
vision techniques. A binocular camera system based on parallax maps was used for rear
obstacle detection. A stixel representation was developed for an outdoor traﬃc scene in
a columnar manner. Also, disparity maps were used to estimate the ground region in the
representation, identify free space in the representation, and segment the obstacles present
in the image based on their height. Moreover, a road-edge-tracking step was incorporated
in the proposed approach for stabilizing the approach. The experimental results reveal
that the proposed approach exhibits high performance for rear obstacle detection.
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1. Introduction. From a driver’s viewpoint, accidents often occur in the areas behind
vehicles. A vehicle’s blind spot represents an area that cannot be directly viewed by
drivers from their seats. The lines of sight of a driver seated in a normal position are
obstructed by the body of the vehicle driven. In this case, errors can be easily made by a
driver due to the blind spots, such as misjudgment and operation errors, thus leading to
accidents [9]. Therefore, it is crucial for developing techniques for detecting an obstacle
present behind a vehicle and for sending a warning signal to a driver while driving in
reverse gear [21]. Such techniques are essential to reduce the errors made by drivers due
to misjudgment, operation method, and poor driving skills [12].
Reliable sensors are crucial for obstacle detection. The diﬀerent types of sensors used
in vehicular applications include ultrasonic, microwave radar, laser rangeﬁnder, and complementary metal oxide semiconductor (CMOS) or charge coupled device (CCD) image
sensors. The measurement distance of ultrasonic sensors is short. Moreover, these sensors are easily inﬂuenced by weather conditions and generate additional noise. Microwave
radar sensors are adopted for conducting long distance measurements and are generally
not inﬂuenced by the weather. However, the price of these sensors is relatively high. The
cost of the sensors used in this study to develop safety equipment for general vehicles is a
critical factor. CMOS or CCD image sensors can be integrated with the processing units
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on the back-end of line of a single chip. This integration can increase the computation
speed and provide real-time performance. Thus, these sensors are core technologies for
many low-cost applications [16]. In this study, we used stereo vision with a dual-camera
system to detect the obstacles behind a vehicle.
In this paper, we presented a rear-obstacle detection approach for drivers through stereo
vision techniques. The proposed approach can provide in-depth information of the obstacles and provide better measurement accuracy and eﬃciency. A technique for simplifying
dual-camera stereoscopic parallax information was adopted in the image processing stage.
This technique was used to convert a complex disparity map to a columnar pixel scene.
We incorporated a ground-edge-tracking algorithm to improve the robustness of the camera system. Experiments were conducted using real scene images for demonstrating the
feasibility of the proposed approach.

2. Related Works. The existing obstacle detection methods are very diverse [1-4,6,11,
14,15,17-19]. The obstacle detection methods that use images can be mainly categorized
based on their usage of monocular or stereo vision systems for image acquisition and scene
analysis.
The obstacle detection methods with monocular vision systems can be mainly categorized into three methods: feature-based tracking, model-based tracking, and opticalﬂow-based estimation [22]. Feature-based methods use vehicle characteristics, such as the
aspect ratio of the license plate and the geometric symmetry of the vehicle, to reduce
the amount of data that must be processed. The features are continuously tracked and
compared in this method to determine the status of a moving vehicle [15]. However,
the accuracy may be decreased for short-range detection of vehicles. An optical ﬂow is
mainly generated due to the relative motion between the camera and object. Thus, the
intensities of the continuously obtained images change in terms of the time and spatial
displacements. A foreground object can be separated from the background based on
the diﬀerence between the moving speed of a vehicle and the background [17]. Opticalﬂow-based estimation methods can be classiﬁed into four categories based on their rules:
diﬀerential-based, correlation-based, energy-based, and phase-based methods. Most studies are based on two optical-ﬂow-based estimation methods, such as diﬀerential methods
or associative methods. For example, edge information can be used to separate moving
objects from the background by using diﬀerent speeds of the moving objects and the background change [11]. However, this approach has a drawback that the motion boundary
cannot be precisely detected for some situations.
Stereo vision approaches include four primary models for providing a scene representation: probabilistic occupancy map generation, digital elevation map generation, scene
ﬂow segmentation, and geometry-based clustering. The probability occupancy map displays a scene in a grid format [1], and the results of each grid are segregated into free,
occupied, and unknown regions. After the distance values of the regions are calculated,
probability is used to evaluate the state of each grid. Diﬀerent coordinate systems are
used for preparing a probability occupancy map. The ﬁrst one is the Cartesian coordinate system. In this system, each grid is a square and is evenly distributed on a map.
The other two coordinate systems use the columns of an image as the abscissa, and the
ordinates represent the disparity and depth. However, the lateral space of the free space
will be narrow for driving applications.
Badino et al. [2] converted a stereo image pair in a columnar pixel (stixel) representation
through a probability occupancy map. They divided all the elements in the scene into
three categories: the ground, vertical objects on the ground, and the sky. The ground is
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extended inﬁnitely in the occupancy map. Moreover, the objects that are placed perpendicular to the ground are represented using columns. This study adopted a dimensionality
reduction scene representation. For example, if the columnar stixel width is set to ﬁve
pixels, then an image with a width of 640 pixels only has 128 stixels. This simpliﬁcation
method considerably improves the post processing result required for object detection.
However, heights of some objects cannot be accurately estimated such as traﬃc signs.
A numerical elevation map can be used to convert disparity maps or three-dimensional
(3D) values to a digital elevation map (DEM) [13]. Density- and road-based obstacle
classiﬁers were adopted. The density-based obstacle classiﬁer uses the density of 3D points
for marking a DEM unit as a road or an obstacle. Conversely, the road-based classiﬁer
employs the random sample consensus (RANSAC) method to detect obstacles present
in front of the vehicle. However, this approach has a disadvantage of the robustness of
detection due to poor road texture.
Optical ﬂow methods are mainly used in scene stream segmentation to estimate motion
and depth information between two frames captured using the same camera at diﬀerent
time instants. The principle of this segmentation method is that pixel-level segmentation
is conducted on an image of a scene to detect an obstacle in the scene. Taylor et al. [20]
calculated a scene ﬂow through parallax and optical ﬂow. A method known as “6D
Vision” was proposed that considers vision as a process of space and time [7,14]. This
method combines depth and motion information obtained from a sequence of images
captured by mobile observers. The 3D position and 3D motion of many image points
are simultaneously estimated using a Kalman ﬁlter. However, this approach has much
more robust estimations. Due to the recent development of convolutional neural networks
(CNN), an optical ﬂow can be completed more quickly and accurately through training
the CNNs [21]. The use of CNNs in obstacle detection becomes popular.
Although these studies have provided several techniques for obstacle detection, there
are still some problems. In this paper, we presented a rear-obstacle detection approach
for drivers through stereo vision techniques. The proposed approach can provide in-depth
information of the obstacles and provide better measurement accuracy and eﬃciency.
3. Proposed Approach. In this paper, we proposed a depth-based rear obstacle detection approach for detecting obstacles while driving in the reverse gear. In the proposed
approach, two cameras that face backward were installed at the rear side of a vehicle.
The proposed approach comprises three parts: a) free-space computation, b) road-edge
tracking, and c) height-based segmentation.
In free-space computation, the proposed approach computes a disparity map with depth
information. In conventional free-space computation methods, only a disparity map is
usually employed, and the information obtained between consecutive images is not used.
While conducting road-edge tracking, the system stability can be maintained appropriately by tracking the free space over time through the boundaries between the obstacles
and free regions. In height segmentation, obstacles are segmented based on their heights.
Moreover, the objects closest to the vehicle are speciﬁcally marked in the image. Then,
the entire scene is precisely described for driving in the reverse gear. Figure 1 presents a
ﬂowchart of the proposed approach.
3.1. Free space computation. A basic requirement while driving a vehicle is that the
surrounding environment should be appropriately examined in all directions to check
whether there are any obstacles in the path, and the distance between the obstacle and
the vehicle should be estimated. Without including any traﬃc rules, the space between
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Figure 1. Flowchart of the proposed approach
an obstacle and a vehicle in which the vehicle can move freely is known as the free space
in our system.
A semi-global block matching (SGBM) algorithm is used on an image pair acquired
from a stereo camera rig to develop a disparity map with depth information [8]. To
determine the road surface in the image pair, the disparity map with depth information
is ﬁrst statistically analyzed in the v direction to develop a v-disparity histogram [10].
The RANSAC method is used to ﬁnd the slope that corresponds to the road surface
in the v-disparity map [5]. The parameters used to represent a mathematical model in
the RANSAC algorithm are estimated in an iterative manner by using an obtained data
set containing outliers. The basic assumption of this method is that the data can be
categorized into an “inner group” and “outlier group”. The inner group contains the
parameters pertaining to several sets of models, whereas the outliers are not suitable for
the model. In this method, the road surface data are included in the inner group.
The disparity value on the slope pertains to the road surface. The parallax points are
ﬁrst eliminated from the original disparity map. Subsequently, dynamic programming
(DP) is conducted to ﬁnd the upper edge of the road surface. This process resembles the
construction of a directed acyclic graph. Each pixel in the graph is a vertex, and any
two pixels pertaining to adjacent columns are connected through edges. The weight of a
vertex is the reciprocal of its placeholder value. This value is processed according to the
diﬀerence in the number of rows equal to the predetermined value. The borders between
the free space and obstacles are considered as the road edges.
3.2. Road edge tracking. A stability mechanism was incorporated for road-surfaceedge tracking. The relationship between the consecutive images was considered so that
the free-space calculation does not encounter a signiﬁcant number of changes and that
the free-space region can be derived on a pixel-by-pixel basis for each image.
A road point was set after every ﬁve pixels on the edge of the road to represent the
road edge. The set decision points can only move upward and downward but cannot
move in the horizontal direction. Here, each point independently represents a column.
The advantage of such a setup is that only the calculation between columns is required,
and the calculation rate can be increased by not considering the information between
the rows. The operation methodology is the same as the process used for computing an
obstacle’s height. The system used for the road-surface tracking is not in the initial state
when the operation is initiated. The edge point of the current image is determined through
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the edge details of the road surface as the center of a searching region. A 5 × 5 pixel mask
is used to compute the Euclidean distance between the edge point in the previous image
and the edge point within a 10-pixel range in the current image. The edge point that has
the minimum Euclidean distance value which is obtained from the 5 × 5 pixel mask, is
used to update the decision point.
Finally, the road-surface edge point of the current image is determined by comparing
the decision point location and the associated disparity in the current image. The average value is used when the absolute diﬀerence between the tracking change ∆I and the
disparity change ∆d is less than a preset threshold. A large |∆I − ∆d| value implies that
the change on the road surface is signiﬁcant. Moreover, the probability of the disparity
computation being incorrect is very high. In this case, the image-tracking result obtained
using ∆I is used as the ﬁnal result. The advantage of this approach is that if the road
surface cannot be correctly identiﬁed by the disparity map, then the image-tracking result
can be adopted instead.
3.3. Height segmentation. After the free space in the images is calculated and eliminated from the disparity map, the remaining disparity values correspond to obstacles.
The bottom portion of an obstacle that is closest to the ground is considered to be related
to the road surface. This piece of information can be used to determine the obstacles that
are closest to the vehicle. In the next step of the reverse-gear driving scenario, the height
of an obstacle is calculated. Many problems may occur while determining the upper edge
of an obstacle through a ﬁxed threshold value for segmentation because we cannot select
an appropriate threshold for the diﬀerent disparity values.
Thus, the membership functions are combined to obtain a cost function for calculating
the height of an obstacle. The height segmentation is deﬁned by stixels [2], and each
columnar pixel has the same disparity value. Thus, the disparity map of the obstacle on
the ground described previously must be replanned. The primary steps involved in this
replanning are as follows: pixel membership and cost function computations.
a) Membership Function:
The membership function is deﬁned as follows:
d−du

2

Md (u, v) = 21−( ∆Du ) − 1,

(1)

where d represents the disparity value of the area to be calculated, ∆Du is the calculation
parameter, and du denotes the initial disparity value of an obstacle obtained from the
free space, that is, the bottom disparity value of the obstacle object in the uth column.
Figure 2 shows the membership function.
b · fx
.
(2)
∆Du = du − fd (Zu + ∆Zu ), fd (z) =
z
Here, fd (z) is the parallax corresponding to the depth z, b represents the stereo baseline,
and fx is the focal length. The result of the exponential membership function is used to
approximate the Boolean function. The membership function is attributed an object or
a background when Md (u, v) > 0 or Md (u, v) ≤ 0, respectively.
b) Cost Function:
The cost function is calculated after the pixel membership degree is derived for each
point in the disparity map. The larger a cost function is, the higher is the probability
that the function is associated with the edge of an obstacle’s height. The cost function is
deﬁned as follows:
vb
v−1
∑
∑
C(u, v) =
M (u, f ) −
M (u, b),
(3)
f =v

b=0
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where vb is the initial disparity of the foreground and v is the currently calculated point.
Equation (3) is used to accumulate the current points from the bottom region of an
obstacle and subtract those points from the points pertaining to the top portion of the
obstacle to obtain the cost. The higher the cost value is, the higher is the probability
that the point is at the edge.

Figure 2. Membership function
DP is conducted after developing the cost map of the image to ﬁnd the segmentation
of the obstacle’s height. After the pixels corresponding to these regions are identiﬁed, an
obstacle is represented by its bottom portion and height. An obstacle is considered to
contain ﬁve pixels in terms of its width for the representation in this study. Each group
of column pixels is arranged based on the obstacle height by considering the median value
to reduce noise in the disparity map. In the ﬁnal stage, the disparity and height of the
columnar pixels are assessed. If both disparity value and height are small, then the pixel
is eliminated to avoid the presence of noise associated with the ground.
4. Experimental Results. The stereo vision system used in our experiments comprises
two industrial cameras (acA2500-14gc, Basler), and the stereo baseline is set at 14 cm.
The system was mounted near the rear windshield of a vehicle at approximately 1.2 m
from the ground. The system can capture images at a resolution of 860 × 644 pixels. This
resolution was reduced to 430 × 322 pixels to remove unnecessary areas and increase the
computation speed of disparity maps. A desktop computer with Windows 10, Intel i7
8700 (3.2 GHz), and 16 GB memory was used as the computation platform. Microsoft
Visual Studio 2013 and OpenCV library 2.4.13 were used in the implementation with C
and C++. The total execution time for an image is approximately 360 ms. The major
part of the computation is the generation of disparity through stereo matching by using
SGBM, and this step requires approximately 230 ms. The time required for object-heightsegmentation and road-tracking calculations is approximately 50 and 80 ms, respectively.
For free space computation, the ground region cannot be correctly measured using the
v-disparity map while calculating the free space due to some reasons. Errors are caused
in the free-space computation if the disparity map created is incomplete and contains
blank areas. Refer to Figure 3 as an illustration. For height segmentation, the cost is
ﬁrst calculated and the obstacle boundary is identiﬁed by the height. The obstacles are
then segmented from the free space. Figure 4 displays the segmentation results of the
obstacles.
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Figure 3. (a) Original image, (b) incomplete disparity map, and (c) corresponding v-disparity

Figure 4. (color online) (a) Original image, (b) cost presented in an image,
and (c) obstacle segmentation result
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Four image sequences were tested with all scenes captured when the vehicle is moving
in the reverse direction. Each sequence comprises approximately 100 to 200 image frames.
All the stixels in the images were examined. A stixel is considered incorrect if a selected
area is less than half of the height of an obstacle or higher than the height of the obstacle.
The quantitative evaluation is displayed in Table 1. The input images and segmentation
outputs are displayed in Figure 5. The free space (road), vehicles, and other obstacles are
marked in diﬀerent colors.
Table 1. Results of three image sequences and the quantitative evaluation
Scene 1
Scene 2
Scene 3

Number of images Stixels Error stixels Stixels accuracy
146
11388
3065
73.09%
97
7663
2453
67.99%
117
6849
914
86.66%

Figure 5. (color online) Input images and segmentation results: (a) Scene
1, (b) Scene 2, and (c) Scene 3
The main error occurrences in the results can be divided into three categories: freespace computation error, road-surface-tracking deviation due to road segmentation error,
and height segmentation with excessive sensitivity or dullness. If RANSAC ﬁnds that
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the slope of the road surface in the v-disparity histogram does not ﬁt appropriately with
the real road surface during the free-space calculation, then the free space is considered
incorrect and should be marked as an obstacle. If an error always occurs in the roadsurface tracking and the parallax, then the cumulative deviation of the edge tracking
causes the road segmentation to fail after a period of time. The error observed in the
height segmentation calculation occurs due to two reasons. The ﬁrst reason is that the
disparity map has many blank regions and the segmentation height is small. Figure 6
shows an illustration. The second reason is that it occurs far away and the disparity map
is not obvious. Hence, errors can easily occur in calculations. Moreover, because this
segmentation method is based on the height of the obstacle closest to the car, overlapping
information may sometimes be ignored. As illustrated by Figure 7(a), the bush at the
lower right corner is more prominent in the disparity map 7(b). Hence, for the height
segmentation, only the height of the bush was segmented, and the existence of the iron
sheet at the back is ignored in Figure 7(c). In such conditions, the driver’s judgment may
sometimes be aﬀected.

Figure 6. (color online) (a) Small height of the original segmentation, and
(b) disparity map with many blank regions

Figure 7. (color online) (a) Original image, (b) disparity map, and (c)
segmented results
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Here, we analyzed the proposed approach and theoretically compared it with previous
methods. For free space computation, we added an extra technique to stabilize the calculation of free space. For previous methods, the calculation of free space required only
information from the disparity map, and no connections were formed between consecutive
images, resulting in system instability. Therefore, we track the intersecting edges between
the free space and the obstacle to link the information from the previous and subsequent
images. For road edge tracking, we added a road edge tracking stabilization mechanism
for the information between the previous and subsequent images; this prevents wide ﬂuctuations in the calculation of free space, stabilizes the calculation, and ultimately ensures
that a free space can be identiﬁed for every image. For previous methods, free space
calculation errors occur for various reasons, such as when the ground region cannot be
correctly measured using the v-disparity map or when the calculation matching result is
a broken disparity map. For height segmentation, we combine membership functions into
cost functions to calculate obstacle height. For previous methods, when determining the
upper edges of obstacles, numerous problems occur if a ﬁxed threshold value is directly
used for segmentation, and a suitable threshold value cannot be chosen among various
disparity values. In the proposed approach, we combine membership functions into cost
functions to calculate obstacle height.
5. Conclusions. We have presented an obstacle detection approach to provide information pertaining to rear obstacles to drivers while driving in the reverse gear. A stereo
vision system was used in the proposed method and was installed near the rear windshield
of a vehicle. Stereo matching was employed to derive disparity maps for a sequence of
images. These maps were then used to identify the free space and the height of an object
to guide drives while driving in reverse gear. Results reveal that the eﬀectiveness of the
proposed method is presented using real scene images.
In the future, because the calculations for this method are based on the depth disparity
map, the overall accuracy of the system can be enhanced if learning methods are used
to synthesize the disparity map with higher levels of accuracy. Moreover, we will add a
route-planning component to establish a complete system for aiding car reversal.
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