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Abstract
Automatic traffic monitoring systems play an important role in the process of increasing the safety of
humans and vehicles in road transportation. Vision-based approaches are promising since they allow the
control of larger detection areas and the reduction of installation and maintenance costs with respect to other
sensors like inductive loops which require pavement reconstruction. However, image processing techniques
show robustness problems due to variable light conditions and real-time constraints required by a traffic
monitoring system. An exhaustive survey of visual-based traffic monitoring systems and an overview of the
principal computer vision techniques normally applied in these systems will be shown.
Keywords – Traffic monitoring systems, computer vision, image processing, vehicle detection

1. Introduction
Road transportation systems have been subjected to considerable increases in congestion and
accidents during the last decade. A direct consequence of this condition has been a reduction in
vehicular and human safety. In Italy, there are about 7 million of vehicles moving every day on
urban, extra urban roads, and highways: every year about 200.000 accidents that cause about 6500
fatalities and 220.000 injuries must be noticed. In Europe road accidents are estimated to cost
about 45 billion euros per year, consisting in 15 billion for medical care, police involvement and
vehicle repairs and 30 billion in lost economic production due to fatalities or injuries. With 45 000
victims annually, the avoidance of a fatal accident would imply saving 1 million Euros. The U.S.
National Highway Traffic Safety Administration reports that in the 1999 the total economic cost
of motor vehicle crashes was $230.6 billion. This represents the present value of lifetime costs for
41821 fatalities, 5.3 million non-fatal injuries, and 28 million damaged vehicles, in both policereported and unreported crashes [1], [7].
In order to reduce both traffic accidents and congestion, the enhancement of traffic monitoring
[3], [8], [16], [24], [36], [68] and driving assistance systems [5], [14], [23], [26], [57] become
important issues. Improved safety can be achieved by (a) providing a human operator in a remote
control room with real-time information (acquired on the basis of current conditions of the
environment) about the situation of the traffic flow or accidents, (b) helping the human driver
with automatic driving assistance procedures such as keeping a safe distance from the ahead
vehicle, obstacle detection in bad visibility conditions, etc.
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Important components of a real-time advanced traffic monitoring system are the acquisition,
processing, and interpretation of the available sensory information regarding the traffic
conditions. At the lowest level, sensory information is used to derive discrete signals to drive the
monitoring system and at a higher level this information is used to study the patterns of traffic
flow or to adjust the behaviour of global traffic parameters. Information about the traffic status
may come from a variety of sensors such as visual (optical, and infrared), radar, laser and
ultrasonic range-finders, global positioning systems (GPS), loop or pneumatic detectors,
microwave sensors. Such information can be used to detect, localize and track vehicles, detect
possible accidents, detect dangerous behaviours of some vehicles (abnormal trajectory, unsafe
distance from other vehicles, etc.). Among the set of available sensors, the most commonly used
is the loop detector. However, loop detectors present significant errors in their measurements and
are very expensive due to high costs of installation and maintenance.
The new generation of visual sensors (e.g., CCD colour progressive cameras) and related
computer vision hardware provide information that is richer and more complete than other
sensors, carrying many researchers and industries to start the development of traffic flow
monitoring systems based on computer vision.
Visual sensors take a fundamental role also in the development of automatic driving assistance
systems as they are able to provide different information on relatively large regions. Visual data
taken from a vehicle may be used to detect and track obstacles (e.g., pedestrians, vehicles, etc.)
and keep a safe distance from them. In addition, knowledge about surface features on the
obstacles or about their shape may further improve the robustness of the driving assistance
system. A detailed review of these systems can be found in [4], [6], [24], [37], [45], [61].
This paper will focus on real-time visual-based systems for traffic monitoring. In Section II, a
survey of the state of the art on traffic monitoring systems equipped with visual sensors will be
presented. Then, in Section III the general architecture of a visual-based traffic monitoring system
will be discussed. Section IV will present the change detection techniques commonly applied to
find moving objects in outdoor image sequences. Section V and VI will describe two of the most
important modules of a visual-based traffic monitoring system: the vehicle recognition and the
vehicle tracking modules. Finally, Section VII will describe the procedures for traffic flow
analysis from visual data.
2. State of the art on traffic monitoring systems
Although several systems are currently in progress, the behaviour of vision systems for traffic
monitoring is still not satisfactory. Generally, these systems are limited to measure or quantify the
traffic flow, to solve partially problems such as congestion detection in highways [10], [25],
queue detection [63], etc. Few systems have considered the problem of providing detailed
information about the behaviour of individual vehicles in order to estimate and/or predict possible
dangerous situations. As indicated in the work of Zhu et al. [68], a successful and widely used
vision system for real traffic monitoring applications must meet the following four basic
requirements:
(a) easy installation and calibration - this is important for on-site set-up, reconfiguration and
operation by non-expert personnel.
(b) environmental adaptation - the real system should work in different light conditions, including
heavy shadows under strong sunlight, reduced illumination in the evening, vehicle headlights
at night and abrupt light changes.
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(c) accurate vehicle speed and size estimation – it is needed for applications such as intersection
control, traffic surveillance, speed trap detection, vehicle classification and other special
studies.
(d) real-time operation and low cost - these are a key factors for the wide use of an on-line traffic
monitoring system.
In the last years, many works have proposed computer vision techniques for traffic monitoring
and vehicle control in road or highway systems. D’Agostino and Shuldiner [12] discussed the
potentials of a commercial machine vision system for traffic monitoring and control. The basic
requirements are low cost and robust performance, which have not been completely met till now.
The system presented by D’Agostino and Shuldiner is unable to work during night time, it needs
expensive special image processing hardware and it shows problems in presence of shadows.
Houghton et al. have proposed a system for tracking vehicles in video-images at road junction
[30]. Inigo has presented a machine vision for traffic monitoring and control [32]. Michalopoulos
[44] has developed the Autoscope system for vision-based vehicle detection and traffic flow
measurement. This system computes parameters such as average vehicle speed and spatial
occupancy.
None of the previous works considers the problems of difficult illumination conditions or fast
changing environment conditions. Kilger has done extensive work on shadow handling in a videobased, real-time traffic monitoring system [36]. Shadows are separated from vehicles by
investigating an edge image of detected regions. The speed of a vehicle is estimated by tracking
the middle point of the vehicle’s front edge in the image sequence, where a constant speed
assumption is made. Main limitations of this system are the lack of speed estimation results and
the absence of 3D measurements of vehicles. Zielke et al. [69] proposed a method for detecting
and tracking cars based on symmetry. This method can be used in situations where a camera is
mounted on another vehicle in the same lane. However, this is not the best viewing position for
monitoring traffic. A fully symmetrical view of a vehicle within an image is possible only from
some particular vantage points.
In other systems, vehicle shapes are modelled using complex models [62],[67],[34],[15],
which cannot be processed in real-time with low-cost hardware. Sullivan [62] used a wire-frame
model for vehicles. Based on an estimated pose and calibration of both intrinsic and extrinsic
parameters of the camera, the model is back-projected to the image and edges of the model are
then matched to edges in the image. The system shows problems if the estimated pose of the
vehicle is not accurate. Yuan et al. [67] proposed a system able to detect a vehicle moving on a
road and estimate its length, width, height to classify it into many categories. This approach is
affected by the general problems in image segmentation, and the methods proposed to identify the
different subparts of the vehicle are quite ad hoc. More recently Jolly et al. [34] presented a
system able to extract vehicles and their wheels by using a sophisticated image segmentation
method and a deformable model of the vehicle. This method presents some limitations in the realtime functioning and in the presence of occlusions. The hypothesis that the entire vehicle is fully
visible in a single image is assumed.
All of these approaches require the use of high cost hardware for a real-time implementation
and assume the entire vehicle to be fully visible in a single image, which is not always true.
Ferrier et al. [15] obtained real-time performance (on a SUN IPX with a Datacell S2200 image
capture board) by tracking the occluding contour using intensity/motion information. Initial
calibration of a projection relationship between an image and the ground plane enable metric
information to be derived from the image positions and velocities without full calibration. The
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main drawback of the paper is that the tracked outline of the vehicle is roughly plane shape and
this weak perspective viewing condition can only be satisfied if the camera is far enough above
the road being viewed. Effects of headlights at night were not discussed in the paper.
Recently, Smith et al. [56] proposed robust detection and tracking techniques for intelligent
vehicle-highway applications where computer vision plays a fundamental role. In particular, an
adaptive filtering scheme is used to track feature windows on the target in spite of the
unconstrained motion of the target, possible occlusions of feature windows, and changing target
and environmental conditions. Relatively high-speed targets are tracked under varying conditions
with operating parameter estimates and no explicit target models. Experiments are focused on the
tracking of a limited number of vehicles. Moreover, the vehicle tracking is performed from a
visual system placed on-board one vehicle and looking to obstacles in front of it. Zhu et al. [68]
presented a new approach for automatic traffic monitoring using 2D spatio-temporal images. A
TV camera is placed above the highway to monitor the traffic through two slice windows for each
traffic lane. One slice window is a detection line perpendicular to the lane and the other is a
tracking line along the lane. The problems of vehicle counting, speed estimation and vehicle
classification have been addressed. In particular, the vehicle classification is performed by using
3D measurements (length, width and height). The system, called VISATRAM (vision system for
automatic traffic monitoring), has been tested with real road images under various light
conditions, including shadows in daytime and lights at night.
3. General architecture of a visual-based traffic monitoring system
Figure 1 shows the general architecture of a visual-based traffic monitoring system. A set of
fixed or mobile (in pan and tilt) CCD cameras is generally used to acquire image sequences of the
monitored road.
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Fig. 1 – General architecture of a visual-based traffic monitoring system
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Figure 2a shows a running example representing a highway with a bi-directional lane.
Multiple vehicles are moving in the considered sequence. In order to build an advanced vision
system able to robustly track traffic objects in unpredictable, real-world conditions, the system is
required to have means to detect such objects automatically. A change detection module (CD)
[53] is generally applied. It considers the input image as a set of pixels that belong to one of two
categories: moving objects or background. Moving pixels are those which are believed to belong
to a traffic object of interest, while background pixels belong to the environment. The CD module
compares each input frame I(x,y) with a background image (Figure 2c) which represents the
monitored scene without moving objects. This procedure yields a binary image B(x,y) where each
pixel is classified as a moving point or background. Groups of connected pixels (commonly called
blobs) belonging to the class of moving points represent possible objects (e.g., a vehicle, a
pedestrian, etc.) moving in the scene. Figure 2b shows the blobs extracted from the input image
sequence in Figure 2a. A background updating procedure based on the Kalman filter is generally
applied to estimate significant illumination changes on the background scene [18].
A localization and tracking module, which uses as input geometric information about the
blobs, is necessary for estimating the motion parameters of detected objects [17], [18], [19], [33].
A camera calibration procedure [39],[64] and the ground-plane hypothesis [62] are considered to
solve the ill-posed problem of transforming points from the image plane to a 3D general reference
system of the scene. In several systems, a 2D top view map of the monitored scene is used to
display to a remote operator the motion parameters of the detected vehicles, e.g., position, speed,
motion direction, etc. The vehicle position, speed and direction can be represented by the position,
orientation and magnitude of a 2D vector displayed on the 2D top view map.
Figure 2d shows an example of the map. Finally, the high level part of the traffic monitoring
system is generally organized to address two complex problems: (a) to classify each detected
object among a predefined set of models (cars, motorcycles, vans, lorries, buses, pedestrian, etc.)
[20] and (b) to understand whether the behaviour of these objects is normal or potentially
dangerous (non linear trajectories, crossings of the road in non authorized areas, etc.) [9], [22],
[42], [43], [66].
4. Change detection
In the literature, change detection (CD) is performed generally at the pixel level, at the edge
level or at higher feature levels (e.g., lines, corners, etc.) [58]. CD algorithms at feature levels
require more computational efforts with respect to those working at pixel level, but they provide
more accurate information for higher system modules. In this paper, the focus is on real-time
processing methods, so CD at the edge level or at higher feature levels are not considered.
Additional information on these techniques can be found in [53],[59].
Several change detection methods have been developed in the last years. Let I(x,y) be a N×N
input image. The simple difference (SD) method [51] computes the absolute difference
D( x, y ) = I1( x, y ) − I 2 ( x, y ) between the pixel intensities of the input images, and thresholds the
resulting difference image:
0
B(x,y) = 
1

if

D(x,y)<Th

otherwise

0 ≤ Th ≤ 255

(1)

where Th is some arbitrary threshold depending on the illumination degree of the scene. This
method is the faster, but results are very noise dependent.
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Fig. 2 – (a) An image sequence acquired on a highway with a bi-directional lane equipped with a
visual-based traffic monitoring system, (b) the related blob images, (c) the background image and
(d) a 2D top view map of the monitored area

To overcome the problem of sensitivity to noise, the geo-pixel (GP) method [58] considers
nxn pixel regions in the two input images, and computed a likelihood ratio Lij by using the means
and the variances of the two regions Ri and Rj. The output binary image is obtained as:
0
B(x,y) = 
1

if Lij< LTh
otherwise

N
∀(x,y) ∈ Ri , R j ; i,j=1, ..,  
n

where LTh is a threshold derived from experiments.
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The shading method (SM) [58] models the intensity at a given point Ip(x,y) as the product of
the illumination Ii(x,y) and a shading coefficient Sp which is calculated for each point as Ip=Ii·Sp.
The Phong's shading model is used [48]. It can be easily proved that, to establish if a change has
taken place in a given region Ri over two consecutive frames, Ij(x,y) and Ij+1(x,y), it is sufficient to
calculate the variance σi of the intensity ratios I j +1 I j in that region. If si is close to zero, no
change is perceived to have taken place.
Recently, more sophisticated CD approaches have been presented. The LIG method [46] is
based on the assumption that pixels at locations having high gray level gradient form a part of an
object, and that nearly pixels with similar gray levels will be also part of the same object. The
intensity gradient is computed as:
G ( x, y ) = min{I ( x, y ) − I ( x ± 1, y ± 1)}

(3)

The G(x,y) image is unidirectional and gives large negative gradients at pixels that are on the
object boundaries. To this end, the G(x,y) image is divided into mxm sub-images in order to limit
the effects of illumination changing on the computation of local means and deviations. The
regional means and deviations are first smoothed using the neighbouring regions and then
interpolated to fill a mxm region again. Finally, a threshold procedure is applied to isolate object
pixels from the background.
In the work of Stauffer and Grimson [60], motion detection is performed though an adaptive
background subtraction method that models every pixel of the background as a mixture of
Gaussians and uses an on-line approximation to update the model.
The recent history of each pixel, {X1, …, Xt}, is modelled as a mixture of K Gaussians
distributions. The probability of observing the current pixel value is
K

P( X t ) = ∑ ωi,t * η( X t , µ i,t , ∑ i,t )
i =1

(4)

where K is the number of distributions, and ωi,t, µi,t, Σi,t are the weight, the mean, and the
covariance matrix of the i-th Gaussian of the mixture at time t. The weight coefficient accounts
for the amount of data represented by the Gaussian. η is a Gaussian probability density function
η( X t , µ, ∑) =

1
( 2 π)

n/2

∑

n/2

T
−1
e −1 / 2 ( X t − µ t ) ∑ ( X t − µ t )

(5)

Every new pixel value is checked against the existing K distributions, if the value is within 2.5
standard deviations of a distribution then the pixel matches that distribution.
To guarantee low computational requirements, the mixture model is updated through an online K-means approximation of the expectation maximization (EM) algorithm.
A very good survey on these algorithms can be found in [53]. The problem of automatic
thresholding was recently investigated also by Snidaro and Foresti [59].
Durucan and Ebrahimi [13] proposed in the Wronskian Change Detector. This approach
exploits the concept of linear dependence and independence between vectors as a means for
determining changed regions.
Ziliani and Cavallaro [70] compare the statistical behaviour of a small neighbourhood, N, of
each pixel position k in the squared difference image. A significance test, based on a threshold α,
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is used to compare the statistics in N with a model M, and to decide whether the pixel k belongs to
a changed area or to the background. M is described by a χ2 distribution and the significance
threshold α is a stable parameter that should be set to values close to zero (i.e. 10-2 to 10-6).
5. Object recognition
Object recognition represents one of the main modules of a visual-based traffic monitoring
system. It receives in input feature-based information (shape descriptors [47]) on the detected
objects and produces as output the classes to which these objects belong. Each class corresponds
to one of the predefined object models stored into a database.
Shape descriptors are feature vectors extracted from image patterns. They can be used by
classification systems to synthesize the morphological properties of objects, to identify them or to
transmit their appearances. If the goal is to assign an observed pattern to a predefined class, it is
important to obtain the information about the shape aspects that allow one to differentiate an
object from other objects. A wide class of shape descriptors has been proposed in the literature
and an exhaustive survey has been proposed by Pavlidis [47] and more recently by Loncaric [38].
An important class of shape descriptors is based on Mathematical Morphology which transforms
images progressively by applying morphological operators and by analyzing and keeping track of
the loss of information which occurs by successive steps [2],[40],[41],[54].
The most widely applied class of shape descriptors is represented by invariant moments [49].
Let mp,q be the geometric moment of order (p+q):
M N

m p, q = ∑ ∑ xip y qj B ( xi , y j )

( p, q = 0,1,2,....)

i =1 j =1

(6a)

where B(x,y) represents the blob image. However, this definition of moment of order (p+q) is
not invariant to changes in scale, rotation and translation. In order to generate translation
invariants, the (p+q)-th central moment should be considered:
M N

v p, q = ∑ ∑ ( xi − x0 ) p ( y j − y0 ) q B ( xi , y j )

( p, q = 0,1,2,....)

i =1 j =1

(6b)

where (x0,y0) represents the center of mass of the blob whose coordinates are defined as
x0=m1,0/m0,0 and x0=m0,1/m0,0. To introduce scale invariance, the central moment should be
normalized with the use of the term introduced by Hu [31]:
µ p,q =

v p ,q
( m0,0 )β

(6c)

where β = 1 + ( p + q ) 2 . By applying the theory of algebraic invariants to the scale normalized
invariants (see eq. 4c), it is possible to obtain the second and third order moment invariants which
are invariant under rotation as well as translation and scale change (see APPENDIX I).
Other sets of moments have been introduced in the literature. These include Legendre
moments, rotational and complex moments, and Zernike moments. A detailed review can be
found in [65].
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Recognition techniques are mandatory to add to visual-based traffic monitoring systems
intelligent capabilities useful to understand the behaviour of dynamic events in complex
scenarios. Decision trees (DTs) [55] and artificial neural networks (ANNs) [28] have been used
until now for such purposes. DTs are based on information theory, while ANNs rely on specific
training algorithms. Both ANNs and DTs learn a concept representation from instances of the
concept itself by induction. In particular, they subdivide, during the learning phase, the decision
space into regions delimited by hyperplanes: DTs produce hyperplanes orthogonal to the space
axis, while ANNs produce more general hyperplanes.
DTs represent a popular approach to pattern recognition [55],[50]. A DT is a recursive
structure composed by two kinds of nodes: (a) internal nodes having child nodes, each of which is
also a DT, and (b) terminal nodes (leaf nodes) having no child nodes. The root of tree divides the
feature space into subsets (splitting), assigning each subset to each child node. The splitting
process is continued until each leaf node corresponds to one class. The main problem of DTs is
that it requires an exhaustive search through a list of arbitrarily generated splits to find the best
split [55]. However, this process is computationally inefficient and the obtained solution could be
not close to the optimal solution.
NNs have solved a wide set of classification problems and are able to work in a parallel way.
In the context of traffic monitoring systems NNs with hidden layers, such as a multi-layer
perceptron (MPL) [28], are generally used. They are able to work when input data are not linearly
separable, but the exact number of hidden neurons and the connectivity between layers must be
specified before the training phase. Moreover, it is not guaranteed that correct weights will be
found for a given number of neurons and a particular training set. In many cases, the number of
hidden neurons is chosen by trials and error minimization.
Recently, Foresti presented a new ANN architecture, called backtracking neural tree (BNT),
for classify objects in traffic scenes [20]. This classifier provides a solution for both the main
limitations of DTs and NNs with hidden layers. In particular, it overcomes the classical problems
of optimum topology definition, selection of the optimum number of hidden layers, selection of
the optimum number of neurons per layer, etc. It is built up by means of a large set of patterns
which are obtained by extracting from several image prototypes some feature vectors
characterizing the considered object models, e.g., cars, lorries, buses, motorcycles, pedestrian,
etc. Object features are extracted by means of the approach suggested in [29]. In particular, the
minimum bounding rectangle (MBR) related to the detected blob bi in the B(x,y) image is divided
into four parts, q1, q2, q3, q4, called quartiles, according to the position of the center of mass
b=(bx,by) of the blob itself (Figure 3a). Moreover, the four distances between the point b and the
center of mass of the four quartils bq1, bq2, bq3, bq4 (Figure 3b) are computed. The four distance
values d1, d2, d3, d4 represent the blob distribution inside the MBR and give a measure of the blob
shape. In order to increase the robustness of such a representation, the angles a1, a2, a3, a4 formed
by the vectors, di, with the horizontal axis of the 2D image reference system centered in the point
b have been used as features (Fig. 3c). The pattern p(bi), related to the detected blob bi, is
composed by the following eight values:
p(bi ) = [d1 , d 2 , d 3 , d 4 , a1 , a 2 , a3 , a4 ]

(7)

In [11], Collins et al. proposed two object classification algorithms. The first uses view
dependent visual properties to train a neural network classifier to recognize four classes: single
human, human group, vehicles, and clutter. The second method uses linear discriminant analysis
to provide a finer distinction between vehicle types (e.g. van, truck, sedan) and colours.
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Fig. 3 – (a) Four quartiles for the blob B, (b) the four distances between the point b and
the center of mass of the four quartils and (c) the four angles a1, a2, a3, a4

In the first method the neural network is a standard three-layer network, the learning is
accomplished using the backpropagation algorithm. Input features to the network are a mixture of
image-based and scene-based object parameters: image blob dispersedness (perimeter2/area
(pixels)); image blob area (pixels); apparent aspect ratio of the blob bounding box; and camera
zoom.
The second method has two sub-modules: one for classifying object “shape”, and the other for
determining “color”. Each sub-module computes an independent discriminant classification
space, and calculates the most likely class in that space using a weighted k-class nearestneighbour (k-NN) method. To calculate both discriminant spaces, Linear Discriminant Analysis
(LDA) calculation is used. It calculates the average covariance matrix of points within each class
(W) and between different classes (B), then computes the eigenvalues l and eigenvectors bi of the
separation matrix W-1B. The eigenvector bi associated with each eigenvalue li provides the
coefficients of the i-th discriminant function, which maps feature vector x into a coordinate in
discriminant space. During on-line classification, feature vector x is measured for a detected
object, and transformed into a point y in discriminant space. To determine the class of the object,
the distance from point y to points representing each labelled training example is examined, and
the k closest labelled examples are chosen. These are the k nearest neighbours to y. According to
the k-NN classification rule, the labels of these nearest neighbours provide votes for the label
(class) of the new object, and their distance from y provides a weight for each vote. The class of y
is chosen as the class that receives the highest weighted vote.
For shape classification, area, center of gravity, and width and height of the motion blob in
each sample image are computed . The system also calculates 1st, 2nd and 3rd order image
moments of each blob, along the x-axis and y-axis of the images. Together, these features
comprise an 11-dimensional sample vector of calculated image features. Then, the discriminant
space for shape classification using the LDA is calculated.For colour classification sampled RGB
values are mapped into (I1,I2,I3) colour space values then, the system averages the calculated
(I1,I2,I3) values to get a single 3-dimensional colour feature vector for the that image.
In [35], Kang et al. presented a method of grouping and matching line segments to recognize
objects. They proposed a dynamic programming-based formulation extracting salient line patterns
by defining a robust and stable geometric representation that is based on perceptual organizations.
Several junctions are determined within the image and grouped by using the collinear constraint
between them. Junction groups similar to the model are searched in the scene, based on local
comparison.
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6. Object tracking
Object tracking consists in identifying at each frame the position on the image plane of a given
object. This procedure requires to find the right match between multiple blobs belonging to two
consecutive frames (Figure 4). The matching function should take into account different
information such as: (a) center of mass of the blob at the current frame, (b) estimated center of
mass of the blob at the next frame, (c) dimensions of the minimum bounding rectangle (MBR) of
the detected blob, (d) area of the blob, (e) ratio between the area and the perimeter of the blob, (f)
colour histogram information, etc. More details on the matching procedure can be found in [21].
The object tracking module is generally composed by as many linear Kalman filters (KFs) or
extended Kalman filters (EKFs) as the number of the extracted blobs from the image. Each
Kalman filter is characterized by a state vector x(k) of several elements that should be estimated at
each frame: (a) the coordinates (cxi,cyi) of the center of mass of the blob bi on the top view map,
(b) the dimensions (li,hi) of the MBR of the blob, (c) the ratio r=h/l between the height and the
side of the MBR of the blob. These features are initialized according to the value measured (in
pixels) on the blobs detected on the first frame. More details on the KF structure (updating and
prediction phases) can be found in [21]. Another recent and effective tracking technique based on
a different approach is the Meanshift algorithm; details can be found in [72].
Some constraints can be introduced in order to reduce the number of possible matches: (i)
maximum displacement of the object on two consecutive frames (this constraint allows to define a
confidence circle in which to search for candidates for the matching), and (b) maximum variation
of the value r between two consecutive frames (this allows to consider only objects with a similar
size). The following matching algorithm is based on the simple nearest neighbour technique and
is here reported for tutorial purposes, other more complex approaches can be found in [71].
Let Bi(t) i=1,..,n, be the set of n blobs detected by the system at the time instant t, and Bj(t-1)
j=1,..,m, be the set of m blobs detected at the time instant (t-1) that satisfy the above constraints.
Then, let (bi(t).x , bi(t).y) be the coordinates in pixels of the real position of the object bi(t) at the
time instant t, and let (bj(t-1).x , bj(t-1).y) be the coordinates in pixels of the real position of a
candidate blob. Let now define the matching function as follows:
Fij (t ) = (bi (t ).x − b j (t − 1).x) 2 + (bi (t ). y − b j (t − 1). y ) 2

(7)

The best candidate will be the candidate bk(t-1) where the index k minimizes the following
function:
Fik (t ) = min j =1,...,m Fij (t )

(8)

Fig. 4 – Results of the blob matching procedure on the image sequence in Figure 2
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b 1(t-1)

b 1(t-1)

b i(t)

Fig. 5 – (a) Confidence circle of radii R centered on the blob selected for tracking,
(b) three candidate blobs found at the same distance from the considered blob and (c) selection of the best
match on the basis of the minimum distance from the estimated position of the candidate blobs.

Figure 5 shows a possible situation in which three different candidates at the same distance
from the considered blob. In this case, the matching function points out three equal values. In
order solve the ambiguity, the estimated position of each object has been considered.
Let ( b̂ j(t).x , b̂ j(t).y) be the coordinates in pixels of the estimated position of the object
candidates for the match. These coordinates can be computed by taking into account the position
of the object in the last three frames:
b̂ (t).x = 1/2{[b(t-1).x- b(t-2).x] + [(b(t-2).x - b(t-3).x)]}
b̂ (t).y = 1/2{[b(t-1).y- b(t-2).y] + [(b(t-2).y - b(t-3).y)]}

(9a)
(9b)

Finally, the updated matching function becomes:
Fij (t ) = (bi (t ).x − b j (t − 1).x) 2 + (bi (t ). y − b j (t − 1). y ) 2 +
+ (bi (t ).x − bˆ j (t ).x ) 2 + (bi (t ). y − bˆ j (t ). y ) 2

(9c)

Figure 5c shows the same situation described in Figure 5b with the estimated object positions.
The blob b3(t-1) is the blob that follows with greater accuracy the trajectory of bi(t).
In real image sequences, occlusions or noise can generate problems for the tracking algorithm.
In fact, there are some situations in which objects really present in the scene are not detected by
the visual system. In road or highway images, typical cases of occlusions are generated by fast
vehicles passing slower vehicles. Since these situations occur very frequently, the problem of
occlusions should be considered in designing the tracking module. Different hypothesis should be
taken into account. A vehicle can disappear from the scene for two causes: (a) it exits the field of
view of the camera or (b) it is occluded by another vehicle. In both cases, the tracking algorithm
finds a vehicle in the previous frame that cannot be matched with any vehicle in the current frame.
Such a object is labelled as a ghost object and it is maintained in the 2D map of the scene (Figure
6) [27]. Its position is updated for a given k number of successive frames according to eq. (8). An
object can exit from a ghost state if the following events occur: (a) the object goes outside the
borders of the map (it is eliminated), (b) it disappears from the scene for more than k frames (it is
eliminated), (c) it is correctly matched with a real object (it appears again in the scene).
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a

b

Fig. 6 – (a) A sequence of traffic where some occlusions occur, (b) display on the top view map of traffic
parameters (position and speed of detected vehicles). Vehicle in ghost state are represented in red color.

7. Traffic flow analysis
Dangerous events on a monitored road or highway can be recognized by classifying vehicle
behaviour, e.g., vehicle stopped on an emergency lane or in the middle of the road, vehicles
moving with unusual trajectories, etc. An important feature for vehicle behaviour analysis is
- 39 -

Advances in Transportation Studies an international Journal Section A 1 (2003)

represented by the vehicle trajectory. Statistical models of the vehicle trajectories can be build up
in order to mathematically describe the behaviour of each moving vehicle in the scene. This
model should be defined a-priori and it depends on the characteristics of the monitored scene. A
set of events that can be considered as potentially dangerous on a highway is the following: (a)
vehicles that move along the highway lane with a non linear trajectory, (b) vehicles that decelerate
and stop rapidly in the middle of the lane (i.e. an incident has occurred), (c) vehicles that exit out
of the lane in the right side, (d) high number of vehicles (possible traffic congestion).
Figure 7 details the general architecture of an event recognition module [22]. The input of this
module is represented by a set of observations taken by the tracking and classification modules
over N consecutive frames of the sequence. In particular, the estimated object position on the
ground plane, the related classification and the estimated object trajectory are considered. In
particular, a trajectory analysis module computes from the set of N consecutive object positions
an approximation of the trajectory by means of Bezier curves.
A winner-takes-all classification module uses the static object classification obtained on each
of the previous N frames, to compute the final classification of the object moving in the whole
sequence. The matching process necessary to associate the same object over consecutive frames is
performed by the tracking module. Vehicle motion constraints, e.g., maximum vehicle speed,
constant speed and direction, etc., can be applied to reduce the computational complexity of the
matching process. The class which receives the maximum number of occurrences is selected as
the class of the detected object. Finally, the event recognition module integrates information about
the object class and the estimated trajectory to individuate suspicious events.
7.1. Trajectory analysis
The tracking module extracts from each image an estimated measure (xi,yi) of the position of
the vehicle on the ground plane (Z=0). The trajectory analysis module processes a set of N
consecutive vehicle positions on the road plane, (xt-N,yt-N),(xt-N+1,yt-N+1),...,(xt,yt) , where t
represents the current time instant. First, at each time t, the module computes the displacement Dt
of the tracked vehicle,
Dt = ( xt − xt − N ) 2 + ( xt − xt − N ) 2

(10)
Object Classifier

Object position
on N frames

Tracking

Object class

Object position

Winner-takes-all
classification

Object class
on N frames

Trajectory
analysis

Object trajectory

Event recognition

ALARM

Fig. 7 – Architecture of the event detection module
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If this displacement is lower than a fixed threshold Thd, chosen by trials and according to the
range of possible speeds that vehicles can reach in the considered application, the vehicle is
considered in a stationary state, otherwise it is considered in a moving state. The stationary state
comprehends two different situations: (a) the vehicle is stopped in a given position on the road or
highway lane or (b) the vehicle is moving slowly in a restricted area of the monitored scene.
Then, the trajectory analysis module uses the Bezier curves to approximate the vehicle
trajectory by starting from a set of of N consecutive object positions. Let B0,…,BN be (N+1)
points belonging to the road plane. The parametric Bezier curve [52] generated by the above
(N+1) points is given by
n

P(t ) = ∑ Bi J n,i (t )
i =0

0 ≤ t ≤1

(11)

 n
i

where J n,i (t ) =  t i (1 − t )n−i .
Figure 8a and Figure 8b show some atypical and typical trajectories of vehicles on the 2D top
view map. Atypical trajectories refer to vehicles that move several times from a lane to another,
vehicle that come a stop or vehicle that for incidents exit from the lane.

Fig. 8 (a,b) Normal and unusual trajectories of vehicles moving on a road.

7.2. Dangerous event detection
The event detection module produces alarm signals when abnormal trajectories are found.
Table I shows the situations that the system can recognize as potentially dangerous and the level
of warning signalled to the remote operator:
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Tab. 1 – Set of possible alarm situations

Situation
Vehicle stopped on the emergency lane
Vehicle stopped on a forbidden area
Heavy traffic flow
Vehicle too fast
Dangerous trajectory

Signal
Warning
Danger
Warning
Warning
ALARM

A functional diagram of the event detection module is shown in Figure 9.
All information computed from each frame by the low-level system modules is provided to the
event detection module. In particular, the position and the label of the blobs extracted at each
frame of the sequence are used. Due to the different motion of the vehicles and to their different
speeds, the order of blob extraction may change between two consecutive frames and occlusions
can occur.
This problem is overcome by the tracking module which compares the new position with that
estimated at the previous frame and executes the matching (also verifying that the distance has to
be less than a fixed threshold). All the objects mismatched are labelled with a flag which indicates
the ghost-status, and they are kept into the data structure until are matched again or until they
reach a maximum number of consecutive ghost status (then they are erased). A slightly different
procedure is adopted for new objects, which uses a priori knowledge. This procedure assumes that
if one or more objects appear in a specific area of the monitored scene, they are instantiated with
some defaults parameters (like the speed).

Tracking Module

Single object analysis

Multi-object analysis

Trajectory analysis

Traffic flow Analysis
•

Speed and position analysis
•
•
•
•

•

Dangerous trajectory
Danger: stopped vehicle
Danger: vehicle too fast
Warning: vehicle stay
over a not allowed area.

Warning : High traffic
flow
Warning : Anomalous
flow speed

Fig. 9 – Functional diagram of the event detection module

- 42 -

Advances in Transportation Studies an international Journal Section A 1 (2003)

The tracking stage is very important for the overall system behaviour, clearly if some matches
are wrong then all the following assessments are influenced. However, experimental results
showed that in a normal traffic conditions it almost never happens. On the other hand, when the
traffic is heavy the number of objects is high and the distances between them are some times so
small that mismatches may happen quite frequently. To cope with this problem a multiple object
analysis (MOA) module has been introduced. It provides an average traffic flow assessment in
order to recognize some particular events (e.g., high traffic flow) and regulates the level of
warnings adopted by a single object analysis (SOA) module in each situation.
The SOA module executes some controls on each single vehicle. Firstly, it verifies the average
speed of the vehicle. If the vehicle is stopped in the middle of the lane, then a signal of dangerous
is activated (i.e. a car accident) and sent to the remote operator. A warning signal is activated if
the vehicle stops on the emergency lane. On the opposite, a signal will advert the operator if a
vehicle is running over the speed limits.
Secondly, the trajectory of the vehicle is analyzed by extracting the Bezier‘s curve which
approximates the positions of the vehicle over the frames of the sequence and it is provided to the
object recognition for classification.
The MOA module handles the traffic flow information: in particular it calculates the number
of vehicles on the frame (trivial), the average speed of the flow and his variance. With these
parameters an ANN can be trained to recognize various traffic flow situations, e.g., it is possible
to detect the flow acceleration or deceleration which could be caused by a car accident.
8. Conclusions
An exhaustive survey of visual-based traffic monitoring systems and an overview of the
principal computer vision techniques normally applied in these systems have been shown. In
particular, the state of the art on traffic monitoring systems and their general architecture have
been deeply investigated.
Furthermore, the principal modules of a visual surveillance systems have been described. The
principal techniques applied to perform change detection, object recognition, and tracking have
been shown.
Finally the traffic flow analysis for the detection of dangerous events on monitored road and
highways has been considered.
The reported techniques represent the base for advanced visual-based traffic monitoring
systems which aim to increase the safety in road transportation. This will be achieved by
enhancing the traffic monitoring by helping human operators and by introducing driving
assistance systems to support humans in keeping a safe distance from other vehicles, in detecting
obstacles under all weather conditions etc.
The development and deployment of advanced monitoring systems will hopefully reduce the
number of injuries and fatalities deriving from road accidents.
Appendix I
Let φ1,..,φ7, be moment invariants introduced by Hu, i.e.,

Φ1 = µ 2,0 + µ0,2

(A1)

Φ 2 = (µ 2,0 − µ 0,2 ) 2 + 4µ12,1

(A2)

Φ3 = (µ3,0 − 3µ1,2 ) 2 + (3µ 2,1 − µ0,3 ) 2

(A3)
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Φ 4 = (µ3,0 + µ1,2 ) 2 + (µ 2,1 + µ0,3 ) 2

(A4)

Φ 5 = (µ3,0 − 3µ1,2 )(µ3,0 + µ1,2 )[(µ3,0 + µ1,2 ) 2 − 3(µ 2,1 + µ0,3 )2 ] +
+ (3µ 2,1 − µ0,3 )(µ 2,1 + µ 0,3 )[3(µ3,0 + µ1,2 ) 2 − (µ 2,1 + µ 0,3 )2 ]

Φ 6 = (µ2,0 − µ0,2 )(µ3,0 + µ1, 2 ) 2 − (µ2,1 + µ0,3 )2 + 4µ1,1[(µ3,0 + µ1,2 )(µ2,1 + µ0,3 )]

(A5)
(A6)

Φ 7 = 3(µ 2,1 + µ 0,3 )(µ3,0 − µ1,2 )[(µ3,0 + µ1,2 ) 2 ] − [3(µ 2,1 + µ 0,3 )2 ] −
− (µ3,0 − 3µ1,2 )(µ 2,1 + µ 0,3 )[3(µ3,0 + µ1,2 )2 − (µ 2,1 + µ0,3 )2 ]

(A7)
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