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Abstract. The goal of this work is to propose a solution to improve
a driver’s safety while changing lanes on the highway. In fact, if the
driver is not aware of the presence of a vehicle in his blindspot a crash
can occur. In this article we propose a method to monitor the blindspot
zone using video feeds and warn the driver of any dangerous situation.
In order to fit in a real time embedded car safety system, we avoid
using any complex techniques such as classification and learning. The
blindspot monitoring algorithm we expose here is based on a features
tracking approach by optical flow calculation. The features to track are
chosen essentially given their motion patterns that must match those of
a moving vehicle and are filtered in order to overcome the presence of
noise. We can then take a decision on a car presence in the blindspot
given the tracked features density. To illustrate our approach we present
some results using video feeds captured on the highway.
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Introduction

Car accidents on the highways are a big factor of mortality and can cause severe
injuries. Actually, drivers nowadays are getting more concerned about safety
features in their cars and thus are willing to pay the cost of acquiring safer
vehicles. On the other hand, the public services are interested in reducing the
mortality rate on the roads considered nowadays as an indicator of the quality of
life. Motivated by economic factors, a new research domain has thus emerged in
the recent years; It is known as pre-crash sensing. The research in this domain,
conducted by car manufacturers as well as by public research institutions, aims
to make the vehicles safer and as a result reduce the number of crashes and their
severity. The main threat for a driver on the highway comes from the surrounding
cars especially when he is not aware of their close presence. In fact one of the
the main features of an onboard car safety system is to detect the presence of a
close car in the driver’s blindspot (Figure 1) and warn the latter about it. This
information can help the driver in a lane change situation and affect his decision
to perform this task. In this paper we present a simple and fast approach for
blindspot monitoring using computer vision. This feature is essential and can
help preventing many risky driving situations.

Fig. 1. The blindspot zone description: We define the blindspot of a driver as the zone
he can not see through his side and rear view mirrors.

The blindspot monitoring problem is a problem of a car detection in a given
zone surrounding the host car. This car detection task which is the initial step to
accomplish in any collision avoidance system, has been widely adressed. The first
generation of collision avoidance systems is based on using a radar technology.
These systems adopt diverse technologies such as infrared, ultrasonic waves [23],
sonars [15] or laser scanners [27] in order to detect the presence of any object in
the range of the sensors embedded in the car’s body. Some of the radars used can
also detect the shape of the object. However the radars used have a small range
and as a result are not able to detect some approaching vehicles. On the other
hand, their field of view is reduced and present blindspots. Thus, in order to cover
the wide area surrounding the car many sensors are needed which increases the
cost of the system. With the recent advances in nanotechnology and in imagery
sensing devices the new generation of embedded security system is relying on the
use of small cameras installed in different locations of the vehicle; the cameras
can have a large field of view which enables the system to detect vehicles moving
in a large area and overcome the radars disadvantages. The cameras are also low
cost and can be combined with radars to improve the car detection [14–16, 19,
27].
In order to detect a vehicle in the camera feeds, three approaches were
adopted in previous works. The first one known as ’knowledge based’ relies on
recognizing the vehicle in a certain single image given some distinctive features.
In fact, vehicles have some distinctive visual features (color, shape etc.) and
thus vehicle detection in an image can be reduced to a classical pattern recognition problem. This problem can be solved using a features vector classification

technique given a database of learned features vectors representing vehicles and
roads. The features used for classification can be of different types. Tsai et al. [25]
use color and edge information and a bayesian classifier to resolve this problem.
Haar like [10, 20, 27] and Histogram of Oriented Gradient (HOG) [2, 17, 20, 1]
features were also widely used. These distinctive features can then be classified
using Support Vector Machine (SVM) [2, 17, 1] or Adaboost classifiers [10, 20,
27]. However, vehicles are of different shapes and colors and can be viewd from
different angles and under different illumination conditions in videos. Thus, the
database should be very wide in order to be inclusive and to have a good recognition. The classification step is also time consuming. Given that, we can say
that these algorithms are complex and not well adapted to an on-board system.
In order to avoid the learning and classification steps, other methods using a
car distinctive features were proposed. Detecting the shadow underneath a car
is a sign of a car’s presence [8, 15, 28]. Unfortunately it is not always possible
to detect this shadow especially for cars moving far from the camera or in a
cloudy or dark environment. This feature can thus be combined with other features such as vertical edges and symmetry rate [15], left and right car borders
[8] or lights detection [28] for night situations. Despite those improvements, the
vehicles recognition in this type of approaches is not accurate and is highly perturbated by shadows of the background objects (guard rails, trees etc.). Collado
et al. [9] constructed geometric models of the car with energy functions including
shape and symmetry. This approach succeded in detecting far preceding cars but
presented some weakness in detecting lateral and close cars. Wu et al. [29] succeded in detecting cars in the blindspot by comparing the grayscale histogram of
the road surface to that of a patch covering the neighbouring lane. This idea is
effective in detecting any object whose colour is defferent from that of the road
but does not imply that the object is a car.
The second approach known as ’motion based’ uses an object’s motion information estimated through successive images to detect the vehicle’s presence.
This idea is motivated by the fact that a vehicle moves relatively to the background with a standard motion pattern. In order to estimate the motion of an
object we need to find the correspondances between the features describing it in
the successive images. To accomplish this, color, edge and contour information [5,
21, 24] can be efficient as well as SURF [6] or SIFT [13] features. Spatiotemporal
wavelet transforms [26], image entropy [7] and optical flow algorithms [3, 11] were
also employed for motion estimation. These techniques proved to be less complex
and more efficient than the ’knowledge based’ ones although they present some
errors in specific cases. The motion and knowledge based approaches can also be
combined. The third technique is a stereo vision method [4, 12] that calculates
the disparity map and accomplishes a 3D reconstruction but is very complex
and highly inaccurate.
In order to simplify the problem and to develop a fast algorithm that can be
easily implemented we decided to adopt a ’motion based’ strategy for car detection and tracking in the blindspot. Our method uses an optical flow technique to
estimate the motion of some features that would represent a car. These features

are well chosen in a way to avoid false detections and thus reduce the algorithm
complexity. The developped method will be exposed in section 2. Results and
discussion will later be exposed in section 3.
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Blindspot car detection and tracking

The easiest and most efficient solution to detect a car moving in front of the
camera can be accomplished by detecting the zone in the image representing
it and then track it using a template matching technique. To detect a vehicle
presence in the blindspot, we cannot use the same logic. In fact, in order to
accomplish this task efficiently we need to install the camera in a way to be
able to see a car when it is aproaching from behind and then passing by the
driver. We cannot therefore install the camera on the backside of the car but it
should be installed in front. In this scene’s configuration, a car shape and contour
seen from the front, change continouesly when its approaching or passing by the
driver. As a result, a template matching technique would act poorly. In order to
overcome this problem we decided to adopt a ’motion based’ approach using the
optical flow calculation. Our idea is motivated by the fact that when the camera
is moving forward, the background objects and the slower cars the driver is
passing by, move backward relatively to the camera. On the other hand, the
approaching cars which present a threat move with a motion pattern close to
that of the camera or faster and thus move relatively forward. (Figure 2).

Fig. 2. Configuration of the camera for the blindspot detection problem: The background objects and slower cars move relatively backward and the threatening cars
move forward.

To estimate the motion of the moving objects in the successive images we
use an optical flow calculation approach on a group of features describing these
objects. We opted to use the Shi & Tomasi Good features to track [22] that
proved to be efficient for object tracking and to use the pyramidal Lucas - Kanade

tracker [18] for optical flow calculation. We then apply a number of filters in order
to make sure we are tracking only features representing a vehicle and not noise
The different steps of our algorithm are the following:
– We first specify a zone in the grayscale image covering the lane next to the
camera; This will be the zone we want to track a vehicle in (the blindspot
zone).
– Every 8 frames we extract the features to track in this zone, as we observed that new objects do not appear completely in less than that temporal
distance. Thus we are able to reduce the complexity of the method. The
extracted features are added to the set of features to track S (resulting from
the previous frames).
– By calculating the optical flow of all features in S we then estimate the
motion vector of each. We consider that the motion vectors verifying some
conditions represent a potential car and we label them as ’valid features’.
Else, they are rejected from S and we stop tracking them. These conditions
are based on the motion patterns described earlier; In fact if a motion vector
forms an angle with the horizontal greater than 30 deg. and smaller than
60 deg. and has a value bigger than 1 pixel it is considered as describing a
’valid feature’. This choice is justified by the fact that objects moving with
such motion pattern would represent objects (cars) moving in a similar way
to the host car and thus are considered as dangerous. Else if a car in the
blindspot zone moves with a motion vector which angle to the horizontal is
between -30 and 30 deg or 60 and 120 deg its driver is most probably trying
to change lanes to the left (getting far from the host car) or to the right
(going behind the host car in the same lane). In all the other configurations
of this angle the object is either a part of the background or moving slower
than the host car and as a result its non-threatening.
– We observe the motion vectors of a ’valid feature’ calculated by optical flow
over three frames. If these vectors respect the motion conditions we established earlier, for the three frames, we label the corresponding feature as a
’potential feature’ and we keep it in our set S. If not, it would be rejected
as well and its tracking is stopped. We thus make sure that we eliminate
objects having an inconsistent movement.
– In order to avoid tracking features representing some noise we impose an
additional condition on the tracked ’potential features’. If a car is present in
a certain zone of the blindspot area, its corresponding features should be as
well. As a result, we would have a minimum number of ’potential features’
in this zone. On the other hand, if a feature is isolated in the zone it is most
likely that it represents noise. To illustrate this idea we divide the blindspot
zone in five zones of different sizes and we impose a treshold for each of
them (Figure 3). If the number of ’potential features’ present in one of the

zones is less than the treshold fixed for the zone, these features are rejected.
The zone containing the biggest number of features is considered as the one
containing the vehicle.

Fig. 3. Image decomposition into zones: The region of the image delimited by the two
red lines is considered as the blindspot zone. The dashed colored lines delimit the zones
considered as potentially containing a vehicle. Their sizes are estimated given the shape
of the vehicle in the next lane and its distance from the camera.

– Despite these strict conditions some noise features were able to survive and
we had to add a last condition. It is based on the comparison of the pixels
intensity distribution in each zone. When a zone represents the road, the
standard deviation of its pixels intensities is small. In opposition, when a car
covers the zone, this standard deviation is big. By imposing a treshold on the
standard deviation of intensities we were able to eliminate the false positive
detections. The features surviving all the conditions are finally labeled as
’vehicle features’ and are kept in the set S of features to track.
This scheme proved to be efficient for detecting and tracking all cars moving
faster than the camera. In some particular cases where a car tried to pass the
camera car but stayed in its blindspot, our system failed. This is due to the
fact that in this case the threatening car was moving relatively backward or at
the same speed. To solve this issue we decided to keep tracking all the features
labeled as ’vehicle features’ even if their motion does not respect the conditions
established before. In fact we only stop tracking those features in the case they
disappear from the image or move with a strict horizontal movement that implies the car is changing lanes.
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Application and results

This algorithm was applied to video feeds captured using a commercial CMOS
camera fixed on the side mirror of a car moving on a highway. The algorithm
was implimented in C++ using the OpenCV library and an Intel Core2 quad
processor. The features extraction task, done every 8 frames, took 100 ms to
be accomplished. The optical flow calculation and all the filtering steps took
20 ms of calculation time/frame. For 10 000 frames captured, 41 situations of
a car presence in the blindspot were encountered. For these 41 situations we
were able to detect and track cars in 38 situations without any false positive
result. The first situation we missed is caused by the fact that the threatening
car passed under a bridge so it was covered by shadow and its tracking was lost
momentarily but was detected afterwards as a new threat. The other two missed
cars are cars the driver tried to pass by without success. For this particular
situation, the cars had a permanent relative backwards movement and we have
to find a new approach for this particular case. Overall the results are very
satisfactory (Figure 4) and proved that we are able to detect a risky situation
fast and with a simple algorithm. Our approach can also be qualified as generic
as our system was able to detect different car types (Figure 5) in opposition to
a classification approach where samples of each type have to be included in the
learning database.

4

Conclusion

In this paper we presented a new system for blindspot monitoring, intended to
be implemented in a car’s safety system. Our challenge was therefore to use a
simple and fast algorithm but efficient at the same time. We managed to avoid a
complex learning - classification technique and came up with a generic solution
to detect any type of cars without the need of any database. A car presence in
the blindspot was detected based on its features motion patterns. We actually
applied a features tracking using optical flow calculation and added some filtering
steps to make sure we do not have any false positive detection. By applying these
filters we also managed to reduce the number of features to track and as a result
the calculation time. The first results were encouraging but we still have to find a
solution for a rare particular case. Complexity wise, the algorithm we presented
here is simple and fast and can be easily tuned and adapted which makes our
system a good candidate to be ported on any microchip as a part of a real time
automotive safety system.
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