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Abstract— This paper presents the design flow of efficient and
real-time object detection and tracking system in a complex
environment. The design relies on color extraction, target
recognition using neural networks and feature extraction.
Furthermore, the system is designed to identify different objects
and also to predict their movements. There are many domains
where the detection and tracking of objects can be required. An
example is a defense system for perimeter protection where the
camera is more cost effective in the case of short range detection
and recognition. Another application of the proposed system is
the detection of the obstacles in front of a visually impaired
person using cameras mounted on the frame of their eyeglasses.

I. INTRODUCTION
Radar systems have always been preferred for tracking
objects, either in the air or in the sea, because of their
extended range – up to 3000 km [1]. But for short distance
tracking, the use of such a system has to be reconsidered. The
radar is fast to give the distance of an object in one direction.
However, it suffers a slow scanning speed because the unit has
to be mounted on a rotating base. This can be problematic for
the tracking of an object in a short range where the object is
moving fast and the delay between two updates gives a poor
tracking accuracy. Another limitation of radar systems is that
they need to send electromagnetic bursts to the target which
can be deflected, or can yield the position of the radar
interrogating system.
The camera as a mean of target detection has many
advantages over radar. The first and foremost advantage is that
the camera-based system is entirely passive: no burst of
electromagnetic waves is used for the detection, and
consequently, it is more difficult to counter the detection. It
can also be faster to reveal the target position compared to
radar: cameras can acquire more than 60 frames per second.
Some cameras can even acquire the image in 360°. There are
also a number of different camera types, including the
standard visual spectrum, the thermal imaging [2], or simply
very sensitive cameras enabling the tracking even during night
or bad weather conditions. Finally, image processing can be
achieved using massive parallel processing for higher
detection and tracking performance [3]. Furthermore, it is

more difficult to make an object invisible to the camera. At the
present time, the existing decoys won’t affect the visible
spectrum and hence do not counter the detection capability of
cameras. Another important aspect of a target tracking system
is the cost. Radar systems are expensive units, and not cost
effective for ordinary target detection and tracking purposes.
However, the cost advantage goes to the cameras, because a
network of low resolution cameras has the ability to precisely
locate the target [4]. In the case of assisting visually impaired
people, the cameras can be more practical when it is integrated
into the frame of their eyeglasses.
This paper focuses on the implementation of efficient
object recognition (Section II), tracking algorithms (Section
III) and object collision avoidance (Section IV). Figure 1
shows a merging of the different algorithms described in this
paper for object tracking and avoidance. The real-time
implementation of these algorithms is based on the color, the
shape, and the features of a moving or static object.

Figure 1. Merging of the different image processing algorithms for
visual object tracking and avoidance system.

II. OBJECT RECOGNITION ALGORITHM
In this study, the image acquisition is accomplished
through OpenCV which provides the basic input/output
operations, and implements various image analysis algorithms
and image display functions [5]. In this study, object detection
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and recognition are designed based on tthe following
algorithms:
•
•
•

The color extraction algorithm
The neural network based detection alggorithm
The feature extraction and matching alggorithm

The color extraction algorithm is perform
med using the
HSV (Hue-Saturation-Value) color space show
wn in Figure 2.
This color space enables to code the color on onne plane instead
of three planes for RGB (Red-Green-Blue) oor YUV (color
space in terms of one luma (Y) and two chrominance (UV)
components). The HSV colors are less affecteed by the light
intensity or by the shadows. Another advantagge of the HSV
color space is that the S-plane corresponds to tthe intensity of
the color. By thresholding the S-plane, one caan discard the
image region such as the walls, the light soource, and the
background.

mage analysis is based on a
The second approach for im
neural network to detect and identify
i
the objects. In this
method, the image is divided in subparts, with the size defined
by the design of the neural network. Each subpart of the image
work and the inner layers of
is processed by the neural netw
neurons extract the information
n about the edges and the
geometry of the objects. A techn
nique called AdaBoost can be
used to reduce the number of im
mage features for the neural
network in order to decrease th
he processing time [7]. The
output of the neural network is a single value that is used to
provide a ‘yes’ or ‘no’ answer for object recognition. Once all
the subparts have been processeed by the AdaBoost method
[7], the image size is then reduced
d and the process undergoes a
new iteration.
The neural network is not very practical for real-time
use of the number of samples
recognition of a new object becau
required for an acceptable successs rate. For example, a neural
network trained to recognize a face requires more than
hundreds of pictures of faces in different conditions to obtain
nding on the design of the
an accuracy of 75-90% depen
classifier [8]. In this case, with a smaller set of samples for
ghly probable. Consequently,
training, false positives are hig
another method and criterion neeeds to be realized to improve
the object detection. In this casee, the color algorithm can be
used to detect the objects assu
uming that the colors of the
objects are known. The flowchartt of this algorithm is shown in
Figure 4.

Figure 2. Representation of the HSV space as a cone [6].

A binary image map can be generated by thhresholding the
Hue and Saturation planes. Then morphological operations are
applied to this binary image map to remoove the noise.
Scanning of the rows and columns determines thhe position and
size of each object in the binary image map. This approach
may generate ghost zones where there is no objject of interest.
As shown in Figure 3, through an iterative proocess, the false
detection of invalid zones can be eliminated. Thhis algorithm is
limited to detect only the color of the objectss but not their
shape and size.
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Figure 4. Hybrid neural network classifier and color detection
algorithm flo
owchart.

Figure 3. Example of scanning of the binaryy map.

The final approach is the feeature extraction and feature
matching pursuit using the SIFT (Scale-Invariant Feature
Transform) algorithm [9] [10]. The idea behind the SIFT
algorithm is to extract keypointts from an image which are
minimally affected by the scalle, orientation, sharpness or
luminosity. The SIFT algorithm
m extracts the features of the
image around the keypoints, geneerating vectors describing the
image features. These vectors aree then matched to another set
of vectors in a database of the objects to be recognized. This
ng more robust than the neural
method has the advantage of bein
network and it does not require leearning time.
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III. OBJECT TRACKING ALGORITHM
After the object detection, the system obtains the position
of the object in the image, but nothing about the object’s
movement. In order to approximate and track the movement of
the object, the system must follow the object from frame to
frame. Knowing the position of the object in each frame and
the time lapse between the frames, it is possible to estimate the
movement trajectory of the object.
One simple algorithm is proposed to predict the future
position of the object. It consists of using the last three
estimated positions and fit a circle on these positions (see
points A, B and C) as shown in Figure 5. In this case we
assume that the next object position (see point D) should be on
the circle that is realized by the previous A, B and C points.
We compute the position of the last point on the circle by
obtaining the angles between the known points using the
center of the circle, and applying the formula:
| | | | ⁄2. The term is the angle between the samples n2 (point A) and n-1 (point B), and the angle between the
samples n-1 (point B) and n (point C). The resulting angle
represents the angle between the sample n (point C) and the
predicted position (point D). Even if not exact, this method
yields a relatively accurate prediction for the trajectory. This
prediction can be used to estimate the best matching candidate
in multiple object tracking. The estimated object which is the
closest to the prediction point D is considered to be the best
match for the tracking. Knowledge of the trajectories of all the
objects including the background allows extracting the speed
of the object.

object and the direction of its trajectory. To achieve this, the
system can use the features extracted from the image and
evaluate the optical flow (also known as the motion vectors),
of the image feature. Each vector is a combination of a
rotation and a translation. The knowledge of the features and
their motion allows to separate the translation from the
rotation, and to determine a convergence point (called focus of
expansion) corresponding to the direction of the object’s
movement. The faster the features are moving away from the
focus of expansion, the closer the object is to the camera
position. In order to quantify this, we use the Time-to-Crash
where ∆
[11], or Time-to-Collision equation,
∆
is the distance of a feature from the focus of expansion, and
is the optical flow vector of the feature. When the object’s
physical size is known by the system, the measurement of the
distance from the object can be derived from the physical
distance of the features and can be correlated to the motion
vectors to predict the collision.
V. EXPERIMENTAL RESULTS
In this study, we present the implementation results for the
color detection algorithm, the neural network detection
algorithm and the feature extraction and matching algorithm.
Figure 6 shows the result after the color extraction. The
background is replaced by the black color to show only the
resulting extraction of the red objects. In this case, the red ball
can clearly be distinguished from the background, and the light
intensity differences on the ball don’t appear. The left side of
Figure 6 also shows the result of the tracking algorithm with
the prediction.

Figure 5. Representation of the trajectory prediction.
Figure 6. Result of the color extraction and the tracking algorithm.

IV. VISUAL AVOIDANCE ALGORITHM
An important aspect of the proposed system is the
detection of the approaching objects in order to avoid
collision. Two approaches are feasible for collision avoidance.
The first method relies on a depth map estimation using a
stereovision system. This method requires a calibration
procedure to set the actual distance threshold for collision
avoidance. As an alternative, the depth information can be
extracted from a single camera video stream. In the case of a
single camera system, this becomes more difficult, because the
system doesn’t know its distance to the object, or the distances
between the objects and their actual sizes. In order to avoid
object collision, the system must estimate the speed of the

In the case of the neural network detection algorithm, the
neural network is trained to recognize a remote controlled
flying helicopter. The detection results of the neural network
are then correlated with the colors extracted from the image.
The selected object is the one with the highest density of the
desired and predetermined color inside the detected area.
Figure 7 shows an example of the detection of a remote
controlled helicopter. In this case, the neural network is trained
with a set of 20 images of the helicopter. The figure shows
some false results, indicated by a red rectangle, and the
selected result, indicated by a green rectangle. The left side of
Figure 7 shows the screen capture of the original picture and
right side is the result of the color extraction.
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As we can see in Table I, the system can execute the three
algorithms in real-time, the color detection being the fastest
with an average of nearly 60 frames processed per second,
against the neural network algorithm, that allows about 40
frames per second.

Selected result

VI. CONCLUSION

False positive

Detected color

Figure 7. Actual detection of the helicopter.

For the feature extraction, the SIFT algorithm has been
integrated to a program where the user is invited to select the
object to track. The selected image is then analyzed and its
features are stored to match the object in the next frames. An
example of detection is shown
Figure 8, where we can see the features, matches and the
detected position of the object inside the image.

This paper presents a feasibility study for tracking an object
using a camera, image processing, target detection, and
recognition in real-time. The results show that tracking an
object with a camera in a complex scene in terms of
background, light or complexity of the object is possible with a
great degree of efficiency. The algorithms presented, because
of their efficiency to remove the background scene, or to
extract the colors, can be used as part of a more complex
system design, combining all of them in a single system for
object tracking and collision avoidance.
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