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.1 Introduction

Intelligent transportation system (ITS) to monitor dynamic traffic phenomena becomes more im-
portant in applications. Formulating dynamic traffic phenomena, which describes traffic situations
to adapt the requirement of dynamic traffic assignment models and ITS applications, is a valuable
research area.

Traffic surveillance using monitoring cameras has been widely applied in current traffic man-
agement. For over a decade, video based traffic flow analysis has been actively investigated, while
the spatial and temporal nature of video sequences offer a richer source of traffic information than
can be achieved by conventional point based detection systems such as inductive loops.

Based on traffic analysis, detection and prediction of different traffic incidents can be archived,
such as accident, jam, etc. Traffic congestion, for example, is a road condition characterized by
slower speeds, longer trip times, and increased queueing. A period of extreme traffic congestion is
colloquially known as a traffic jam. Traffic accidents are abnormal events in traffic scenes.

There are quite some ITS available in the literature for traffic flow analysis. In the following
sections, some state-of-art methods will be briefly presented.

.2 Traffic low modelling based traffic analysis and incident detec-
tion

Mathematical description of traffic flow has been a lively subject of research. The traffic flow theory
is a new science, which has addressed questions related to understanding traffic processes and to
optimizing these processes through proper design and control [5].

This has resulted in a broad scope of models describing different aspects of traffic flow opera-
tions, either by considering the time-space behavior of drivers in microscopic models and mesoscopic
models, or from the viewpoint of the collective vehicular flow in macroscopic models. The first at-
tempts to give a mathematical theory of traffic flow dated back to the 1950s. Due to the complexity
of the traffic flow system, analytical approaches may not provide the desired results, therefore, traf-
fic flow models designed to characterize the behavior of the complex traffic flow system have become
an essential tool for traffic flow analysis and experimentations.

During the past fifty years, a wide range of traffic flow theories and models have been developed,
the models can be classified according to :

e Scale of the independent variables (continuous, discrete, semi-discrete).
e Representation of the processes (deterministic, stochastic).

e Level of detail (microscopic with high detail, mesoscopic with medium detail, macroscopic
with low detail).

Based on level-of-detail which the vehicular flow is described, in the literature, researchers
formulate the problem in mainly three ways, corresponding to the three main scales of observation in
physics as follows, in which modelling accuracy, applicability, generalisability and model calibration
and validations are general issues addressed.

e Submicroscopic and microscopic scale: every vehicle is considered as an individual, formulated
by an equation, which is usually an ordinary differential equation (ODE).

e Mesoscopic (kinetic) scale: vehicles and driver behavior are not distinguished nor described
individually, but rather in more aggregate-terms, the behavior rules are described at an
individual level.
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e Macroscopic scale: in analogy with fluid dynamics models, the rules of fluid dynamics are
applied to traffic flow, formulated as a system of partial differential equations (PDE) for some
gross quantities of interest, e.g the density of vehicles or their mean velocity.

At the microscopic scale, car-following models were used starting from the 1960’s, these models
are based on supposed mechanism describing the process of one vehicle following another. The
dynamic equation of the car-following model can be written as

Ty = f(Um A-rm Avn) (1)

where the function f represents the response to the stimulus received by the n-th vehicle, &, is
acceleration or deceleration of the n-th vehicle. The stimulus may be composed of the velocity v,
of vehicle, the relative velocity Av, = vp4+1 — vy, and the headway Az, = Tp11 — Ty

Bando et al [1] proposed an extension of car-following model called the optimal velocity model
in 1995 and Xue [17] further developed it, which is governed by a second order differential equation
and can describe the traffic-free flow and jam. Komatsu and Sasa [9] developed the modified
Korteweg-deVries equation from the optimal velocity model to describe traffic jams in terms of a
kink density wave.

Up to now we still do not have a satisfactory and general theory to be applied in real flow
conditions. This is because traffic phenomena are complex and nonlinear, depending on the inter-
actions of a large number of vehicles. Moreover, vehicles do not interact simply following the laws
of mechanics, but also due to the reactions of human drivers.

.3 Vehicle tracking based traffic analysis and incident detection

Large amounts of methods for traffic analysis are proposed based on vehicle tracking in traffic.
There are three main steps included: vehicle detection, vehicle tracking and traffic parameter
evaluation [16]. They normally employ a vehicle segmentation and tracking framework. First,
a potential vehicle is segmented from the scene using motion as well as other cues, or through
background subtraction. Once segmentation is performed, the objects/vehicles are tracked between
frames using different methods.

Vehicle tracking can yield traditional traffic information, such as lane changes and vehicle
trajectories. Averaging trajectories over space and time, the traditional traffic parameters are
more stable than corresponding measurements from point detectors which can only average over
time. Traffic parameters are often calculated based on the numbers and instantaneous speeds of
tracked vehicles.

Vehicle tracking strategies in the literature can be classified into four main categories[3, 6]:
region based, active contour based, model based, and feature based.

Region-based tracking methods are dependent on the variation of the image region corre-
sponding to the moving object[4]. They work well for scenes containing few vehicles, but can not
handle the occlusion between vehicles.

Active contour-based methods represent the outline of moving objects as contours, which
are updated dynamically in successive images [10]. Peterfreund [12] employed the ”Snakes” to
extract contours of vehicles for tracking. Those methods provide more efficient descriptions of
objects than region-based methods and have been successfully applied to practice. But objects
occlusion and automatic initialization of tracking are difficult to handle and tracking precision is
limited by a lack of precision in the location of the contour.
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Feature-based methods extract elements (features) from objects in scene, cluster them
into high-level features, and then match the features between images[3]. The methods can adapt
successfully and rapidly, allow tracking of multiple objects. However, the recognition rate of vehicles
using 2D features is lows and stability is poor.

Model-based methods localize and recognize vehicles by matching a projected model to the
image data [6]. Hu et al [6] proposed a framework for a traffic accident prediction scheme using
3-D model based vehicle tracking. They match the 3-D vehicle models with the captured video
sequences. Neural network algorithm is applied to learn activity patterns from moving trajectories
obtained by this tracking. According to its motion history, the future activity of vehicle is predicted
and the probability of an accident is estimated.

Recent evaluations found the commercial video image processing systems had problems with
congestion, high flow, occlusion, camera vibration due to wind, lighting transitions and long shadows
linking vehicles together. The need for traffic surveillance under all conditions has led to research
in more advanced video-based vehicle detection.

Keen and Hoose [8] presented a project which combined low-level sensor based information
with high level system knowledge in order to achieve a consistent and robust automatic incident
detection system. The first part of the system detects and tracks individual vehicles moving along
highway. The information of the trajectory of every vehicle can be aggregated both spatially and
temporally and then analyzed to indicate valid traffic incidents. The second part of the system
generates a qualitative description of the traffic directly from the video image without individual
vehicles being identified. The scene is described in terms of where there are no vehicles, moving
vehicles and stationary vehicles. The two approaches are complementary in many aspects for final
detection of incident.

Based on local analysis of the behavior of each vehicle, Kamijo et al [7] proposed a traffic
event detection system. The system learns various event patterns of behavior of each vehicle in
the Hidden Markov model (HMM) chains, and identifies current event using the output from the
vehicle tracking.

It is known that video detection methods are unable to remain robust at all times because
of different weather and lighting conditions. Ploetner and Trivedi [13] developed an integrated
multi-modal system and framework for vehicle detection, tracking, and event detection. Feature
extraction and data fusion techniques are investigated, and complementing video cameras with
other sensing modalities is used to improve robustness.

.4 Motion field analysis for incident detection

As we know, an efficient traffic management system needs accurate traffic condition information. As
explained before, most existing vision systems for monitoring road traffic rely on vehicle tracking.

One main disadvantage of the tracking based systems is that their accuracy relies on the quality
of the segmentation and the tracking performance. Depending on the lighting conditions, speed
of the traffic, and object occlusion, the segmentation and the tracking can become unstable [14].
Furthermore, segmentation cannot be performed reliably on low resolution images where the vehi-
cles only span a few pixels. Tracking algorithms also have problems when there are many objects
in the scene, which is typically the case for highways scenes with congestion. On the other hand,
inspection of the traffic condition in the entire road is more interested for monitoring traffic.

In the literature, some interesting methods depending on estimation of motion vectors for traffic
analysis have been proposed, thus avoiding the difficulties of vehicle segmentation and tracking.
Porikli and Li [14] used a Gaussian Mixture Hidden Markov Model (HMM) framework to build
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the traffic event model. The parameters from HMM can be learned through a training process
from feature vectors extracted from compressed video. The classification of five traffic patterns
(including congestion) is performed by selecting the category corresponding to the proposed model
of largest likelihood.

Chan and Vasconcelos [2] modelled the entire motion field as a dynamic spatio-temporal texture,
which is an auto-regressive stochastic process. Traffic congestion is classified using nearest neighbors
classifier or a support vector machine [15] based on the Kull-Leibler kernel [11].

Instead of using statistic models and classifiers, we propose in the following to design certain
descriptors to capture directly the variability of the motion field of traffic without the need for
tracking individual components/vehicles.

.4.1 Proposed Method

Dense motion estimation is first of all obtained using different algorithms, such as Horn-Schunck
and Lucas-Kanade methods, which computes the optical flow based on assumption that the inten-
sity does not change in two successive images. The motion from the video sequence is therefore
abstracted and represented as motion vectors.

In general, traffic incident and congestion are characterized by two important properties: speed
and density of traffic. We therefore propose the following measurements regarded as descriptors
which could indicate different traffic condition, especially accident.

Mean Motion Flow: It is defined as average motion in scene of moving vehicles. Traffic jam
normally causes slow traffic low. We denote it as S.

Acceleration: Rapid velocity variation is a useful descriptor of a traffic accident. A traffic
accident normally causes rapid change to vehicle speeds. Hence, we use the variation rate of vehicle
speed for accident detection. We denote it as S.

Based on the above two terms, one activity measure based on motion of vehicles can be defined
as follows: '

M = (p1 +p25)S (2)

where p; and ps are positive constants to balance S and S.

It can indicate different traffic incidents as detecting abnormal event.

Density of moving vehicles and its rate: Here we refer to density of moving vehicles as
the normalized area of moving vehicles over the selected road. Area means the number of pixels,
i.e. the pixel with an optical flow higher than a given threshold. High density of moving vehicles
in a scene indicates heavy traffic. When vehicle moves normally, the variation rate of the density is
small, while the accidents/incidents cause rapid change to the density. We denote by A the density,
and by A the variation rate of the density.

Keeping in mind that the above descriptors are different from traditional traffic parameters
based on vehicles as defined in the following.

Flow rate is defined as

q=n/T 3)

where n is the number of vehicles detected, T is the time interval.
Mean speed : is the average speed of vehicles present in a segment of roadway or during a

designed time period,
n

S= —n g1
>im1 5

(4)

where S; stands for speed of each vehicle.
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Density is defined as B
D =y¢q/S (5)

Based on the above proposed descriptors, we can analyze traffic flow for different traffic situation,
such as light traffic, normal traffic and jam.

4.2 Experiments on video sequence CamZoomError

The video sequence CamZoomkError is analyzed as follows. For the frame 1-1000, the two different
descriptors, Mean motion flow S and Acceleration S, are measured and shown in Fig. 1. Activity
measure defined in Eq. 2 is shown in Fig. 2, together with density of moving vehicles A. Observing
the evolution of the density of moving vehicles and activity measure, one can notice that the traffic
flow first grows and then goes down until frame §100. From there, traffic flow grows till frame 4265,
then goes down till frame #400, and climbs up till around frame #680, and so on. Based on video
sequence, this evolution is quite consistent with real traffic situation.

Mean Motion Flow

0.2 T T T T
0.1} 1
0 1 1 1 1
0 200 400 600 800 1000
frame number
Acceleration
0.1 T T T T
0.05f 1
0

0 200 400 600 800 1000
frame number

Figure 1: Traffic descriptors: frame 1-1000.

In general, the density of moving vehicles A can be regarded as one indicator for traffic situation.
If A is high, the traffic is heavy, if A is low, the traffic is light. We define three traffic status: light,
normal and heavy. A threshold is set to 0.3 in this experiment to distinguish light traffic from other
traffic status. The last figure in Fig. 2 shows the analysis result.

We can see that there are parts of frames where A oscillates, i.e. value of A changes quickly,
which makes the traffic indicator jump from one status to another quickly. Such quick change
is not due to normal traffic change. From the video sequence, it has been discovered that those
correspond to camera shaking (frames from £135 to #390, frames from $513 to £537, frame from
#810 to #1000), etc.) *

In order to reduce the influence due to camera shaking and improve accuracy of traffic anal-
ysis, a 7-point moving average method is used to smooth the density of moving vehicles A. The

!The issue of camera stabilization will be tackled later on in this project.
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analysis result using the smoothed A as the indicator is illustrated in Fig. 3. It is obvious that the

performance is much more improved compared with the previous one in Fig. 2.

On the other hand, we notice that there exists a big peak in the activity measure M at around
frame #810, which is also indicated in Fig. 1, A varies abruptly. Sudden change of M in video
sequence is caused by certain change in the scene, which can be generated by traffic accident, or by
the acquisition system. We refer to such event as a kind of traffic incident. In reality, from video

sequence, we find that camera makes right shift at frame #808 plus shaking.

Density of moving vehicles

1 ~
0.5t , o ﬂ!tl
0 1 I 1 1 )
0 200 400 600 800 1000
frame number
Activity measure
0.05 T T T T

0 200 400 600 800 1000
frame number
Traffic analysis
Heavy

Normdl | Hl l
Light'1 . i . m. \ ||, IIIIlll_IUIﬂlIId
200 400 600 800 1000
frame number

Figure 2: Traffic analysis.

Smoothed density of moving vehicles

0.6} _

0.4¢ . PN ]
O-ZWWV A

0 1 1 1 1
200 400 600 800 1000
Traffic analysis
Heavy . . . .
Normaj|
Light 1 [_] ‘ ‘lL“ ]

200 400 600 800 1000
frame number

Figure 3: Traffic analysis with the smoothed density A as the indicator.

FLEXYS: Motion-based Traffic Analysis and Incident Detection
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This incident can be located from the video sequence by calculating the rate of activity measure
M, i.e. the variance of activity measure, as shown in Fig. 4 (a). Then the incident can be singled
out by setting a threshold on M (0.01 is chosen here), as illustrated in details in Fig. 4 (b).

Once there exists an incident which is indicated by a big change in activity measure, the traffic
indicator A normally could not determine correctly the traffic status as shown in Fig. 2.

Activity measure

Activity measure
0.06 : ‘ 0.06
> 7 o %J\N'\JM
0.02 /\w‘(‘/’ 0.02f ]
0 L I L L 0 X
0 200 400 600 800 1000 750 800 850
Rate of activity measure Rate of activity measure
0.02 ; ; 0.02 .
0.01f 0.01f i
0 Ol A A v/\[\ﬁ/\/\/\/\/\wN\N
-0.01 - - - - -0.01 -
0 200 400 600 800 1000 750 800 850
frame number frame number

(a) (b)

Figure 4: Incident indication.

Some frames from 1-1000 are displayed in Fig. 5, corresponding to above analysis.

1568 1808
Figure 5: Some frames.

For frame 1001-2000, the Mean motion flow S and Acceleration S are measured and shown in
Fig. 6. The activity measure M and density measure A are displayed in Fig. 7, they both are quite
consistent to show the traffic evolution. The traffic status is illustrated in the last figure of Fig. 7.
Some frames are displayed in Fig. 10 to show traffic situation.

The first part of density measure A evolution looks simple, contains some oscillations. On
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the other hand, there exists a big peak in activity measure around frame #1325, followed by an
oscillatory part up to frame #1600, accordingly the traffic indicator starts to jump between normal
and light traffic.

Mean Motion Flow
0.2 T T T T

0.1

O L L L
1000 1200 1400 1600 1800 2000

Acceleration
0.06 . . ; .

0.04

0.02

1400 1600 1800 2000

frame number

O L
1000 1200

Figure 6: Traffic descriptors: frame 1001-2000

Density of moving vehicles

0
1000 1200 1400 1600 1800 2000
Activity measure

0.04

0.02

0 1 1 1
1000 1200 1400 1600 1800 2000

Heavyq
O O A '
Light-1

1000 1200 1400 1600 1800 2000

Figure 7: Traffic analysis.

The analysis result using the smoothed A as the indicator is illustrated in Fig. 8. It is clear
that the influence of oscillatory parts of A for traffic analysis is much more reduced.
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Smoothed density of moving vehicles
1 T T T .

0.5} ]
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0 1 1 1
1000 1200 1400 1600 1800 2000

Traffic analysis
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LighLl L H-Ww \

1000 1200 1400 1600 1800 2000
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Figure 8: Traffic analysis with the smoothed density A as the indicator.

Fig. 9 explains how to single out this incident from the sequence. The rate of activity measure
M is calculated and the high peak can be picked up by thresholding as explained before. As
shown in Fig. 9 (b), the incident appears at frame £1325. In reality, we find that video sequence
images become suddenly blurred from frame §1325, camera makes shift and starts shaking (shaking
becomes smaller gradually). As illustrated, this incident can be detected.

Activity measure

Activity measure

0.04 0.04
0 ; : ; 0 ; - ; ;
1000 1200 1400 1600 1800 2000 1300 1320 1340 1360 1380 1400
Rate of activity measure Rate of activity measure
0.04 T T T T 0.03 T T T T
0.02} 1 0.02} 1
0.01 1
0 0 ] 1
-0.02 : : : : -0.01 : : : :
1000 1200 1400 1600 1800 2000 1300 1320 1340 1360 1380 1400

frame number frame number

(a) (b)

Figure 9: Incident indication.
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#1331 #1333 #1600

Figure 10: Some frames.

Similar analysis goes to frame 2001-3500, Fig. 11 illustrates the evolution of the two descriptors,
activity measure M and density of moving vehicles A are shown in Fig. 12.

Mean Motion Flow

0.2

0.1}

0 1 1
2000 2500 3000 3500
Acceleration
0.1
0.05}
O 1 1
2000 2500 3000 3500

frame number
Figure 11: Traffic descriptors: frame 2001-3500.

From Fig. 12, M and A look consistent with each other. They show that the traffic is stable
at the first part, and has a sudden change at frame {2265, followed by a heavy oscillatory part.
As before, the oscillatory parts in the evolution of A result in incorrect traffic status indication at
those parts.

The analysis result using the smoothed A as the indicator is shown in Fig. 13. It is obvious
that the influence due to the incident and camera shaking is much more reduced and accuracy of

10
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traffic analysis is improved.

Density of moving vehicles
1 T T

0.5¢

0 1 1
2000 2500 3000 3500
Activity measure
0.04 . .
0 1 1
2000 2500 3000 3500
Traffic analysis
Heavy, .
Norma |
PG| | (T | T T
2000 2500 3000 3500
frame number
Figure 12: Traffic analysis.
Smoothed density of moving vehicles
1 . :

TN A

0
2000 2500 3000 3500
Traffic analysis
Heavy
Normaj|
Light ¢ ‘ “J \ |\ H
2000 2500 3000 3500

frame number
Figure 13: Traffic analysis with the smoothed density A as the indicator.
In Fig. 14, the rate of activity measure M is illustrated in order to determine and locate incident.

A group of frames are singled out to indicate an incident—in reality, at frame §2265 the camera has
error to show images and shakes.

11
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Activity measure Activity measure
0.04 ; : 0.04 . :
0.02} 1 0.021
0 ; ' 0 ; - ;
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0.02 ; ; 0.02 .
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(a) (b)

Figure 14: Incident indication.

Some frames from 2001 to 3000 are displayed as follows for reference of our analysis.

12265 12266 §2280

Figure 15: Some frames.
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