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Learning, Modeling, and Classification of Vehicle
Track Patterns from Live Video
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Abstract�This paper presents two different types of visual
activity analysis modules based on vehicle tracking. The highway
monitoring module accurately classi�es vehicles into eight differ-
ent types and collects traf�c �ow statistics by leveraging track-
ing information. These statistics are continuously accumulated to
maintain daily highway models that are used to categorize traf�c
�ow in real time. The path modeling block is a more general
analysis tool that learns the normal motions encountered in a scene
in an unsupervised fashion. The spatiotemporal motion charac-
teristics of these motion paths are encoded by a hidden Markov
model. With the path de�nitions, abnormal trajectories are de-
tected and future intent is predicted. These modules add real-
time situational awareness to highway monitoring for high-level
activity and behavior analysis.

Index Terms�Anomaly detection, comparative �ow analysis,
highway ef�ciency, real-time tracking analysis, trajectory learning
and prediction, vehicle type classi�cation.

I. INTRODUCTION

A KEY GOAL of situational awareness research is to
understand the interactions and behaviors present in a

scene. This scene awareness is particularly important for visual
surveillance systems that must continually monitor a site. Large
amounts of data are generated, making it infeasible for a
human to accurately process. Activity analysis systems can be
employed to filter out relevant data, focusing attention where it
is needed most.

Highway traffic management is an important field requiring
up-to-date data delivered in real time along with historical data
on traffic conditions to design effective control strategies. In
California, inductive loop sensors deliver counts (number of
vehicles to cross a loop) and occupancy (average fraction of
time a vehicle is over a loop) every 30 s from locations all over
the state, providing a large data infrastructure. Unfortunately,
only about 60% of California loop detectors supply usable data,
and they are costly to maintain. Cameras offer an attractive
substitute for loops since they can be unobtrusively deployed on
the side of a highway and can also be used for other monitoring
applications. In addition to providing traffic measurements
equivalent to loop detectors, using video to track vehicles in
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a scene reveals added information that is difficult to obtain
using loop detectors such as origin–destination (OD) maps,
travel time, and vehicle type classification. This added analysis
provides a more complete highway picture than can currently be
provided by loop detectors, allowing the construction of better
traffic control strategies.

In addition to collecting traffic statistics, it would be ad-
vantageous to have a method of automatically extracting the
expected highway behavior. This is particularly important when
setting up a large camera network, where it is prohibitive to
define every behavior, or when using pan–tilt–zoom (PTZ)
cameras, where the view can drastically change, or for mon-
itoring a variety of traffic scenes without tedious supervision.
The underlying structure of roads constrains motion and can be
leveraged to automatically build up behavior models through
careful observation over time. By generating the models from
the data, the learned behaviors better reflect what is actually
occurring in a scene rather than what is expected. Further-
more, the models allow prediction and detection of unusual or
abnormal events. Without a priori knowledge, activity analy-
sis is possible in an arbitrary scene just through tracking of
objects.

This paper present two different traffic situational aware-
ness systems. The first system is the visual VEhicle Classifier
and Traffic flOw analyzeR (VECTOR) [1] module for robust
real-time vehicle classification, traffic statistic accumulation,
and highway modeling for flow analysis. The second activity
analysis module introduced is the path behavior block, which
builds a probabilistic scene motion model in an unsupervised
manner for activity analysis. This process automatically defines
the traffic lanes without manual specification and is used to
detect anomalous trajectories and unusual actions, as well as
generate long-term path prediction. The efficacy of these be-
havior modules are demonstrated through analysis of simulated
and real-world data.

II. RELATED RESEARCH

A. Highway Analysis

Highway analysis requires robust detection of vehicles and
tracking. With these two basic tasks, a number of other cal-
culations can be performed, such as vehicle classification,
extraction of traffic flow parameters, congestion detection, or
a number of other measurements that are useful for traffic
management. A major research effort is to build large-scale
systems that are able to effectively cover miles of road [2]. Key
hurdles associated with this system realization are adaptation
to a wide variety of changing environmental conditions [3],

1524-9050/$25.00 © 2008 IEEE

Authorized licensed use limited to: IEEE Xplore. Downloaded on January 21, 2009 at 14:45 from IEEE Xplore.  Restrictions apply.



426 IEEE TRANSACTIONS ON INTELLIGENT TRANSPORTATION SYSTEMS, VOL. 9, NO. 3, SEPTEMBER 2008

construction of multiple nodes with cooperating sensors [4],
fusion of information between sensor nodes to maintain vehicle
identity [5], and development of a database architecture for
storage and intelligent retrieval of large volumes of traffic data
for event analysis [6].

1) Vehicle Classi�cation: Once potential objects have been
identified, each foreground region must be classified into a
specific object type. An early work used a single dispersedness
measure to separate vehicles and humans from other objects
by filling a class histogram while tracking [7]. Vehicles in
a parking lot have been classified into six general types by
linear discriminant analysis (LDA) of blob measurements with
improvements gained from tracking-based confidence [8]. A
multiclass kernel support vector machine was constructed using
vehicle images as input to the nonlinear hierarchical clas-
sifier [9]. The classification work in this paper most closely
resembles the work in [8] but with real-time classification using
a single classifier designed for the entire view.

2) Track Analysis: In addition to locating objects, tracking
can be used for better scene understanding. When using a priori
scene knowledge, one must define events of interest. Vehicle
counts can be accumulated with the placement of virtual loop
detectors in video [10]. Highway congestion warnings have
been issued by classifying object motion based on tracked ve-
locities [11]. Even complex parking lot motion behaviors have
been defined in a hierarchical structure based on acceleration
and velocity tracking profiles [12].

3) Traf�c Analysis Systems: There are few systems that
combine tracking, object classification, traffic parameter extrac-
tion, and event detection. Gupte et al. developed a vehicle de-
tection and two-type classification system by robustly tracking
vehicles after camera calibration [13]. The VISTRAM system
[14] classified vehicles into a small set of size-based classes
and generated traffic parameters without explicit tracking, but
the system did not include any type of event recognition.
Kumar et al. [15] developed a parking lot monitoring system
that tracked objects and classified them into six types using a
known Bayesian network. The vehicle behavior at checkposts
was evaluated based on a vocabulary of actions, allowing the
detection of abnormal use such as loitering. A zone of influence
was defined to represent potentially dangerous interactions
between objects. SCOCA [16] is an intersection monitoring
system that tracks and performs 3-D model-based classification
of objects. The speed of each vehicle is recorded along with
its OD information. VECTOR is unique because it has been
operating in real time for over a year, robustly conducting a
number of analyses.

B. Path Learning

The second type of track analysis avoids using any scene
knowledge and builds event models based on accumulated
tracking data. This allows more flexible deployment because
the models are learned from the observed data themselves
and not defined by a user. Pioneering work by Johnson and
Hogg [17] described outdoor motions with a flow vector f =
[x, y, dx, dy] and learned paths using a neural network (NN).
Owens and Hunter [18] extended this work using a self-

organizing feature map to learn paths and further detect abnor-
mal behavior after training in a surveillance mode. Stauffer and
Grimson [19] learned paths in a hierarchical fashion by building
up a co-occurrence of codebook flows. Hu et al. [20] sped up the
path learning process with a batch NN and presented a method
to predict behavior. This work was statistically extended by
hierarchically clustering trajectories, first using spatial infor-
mation and then using temporal information. The paths were
modeled by a chain of Gaussian distributions for Bayesian
inferencing of anomalies and behavior prediction [21]. Makris
and Ellis [22] introduced an online learning method that was
able to build paths as new tracks were accumulated rather
than learned from a training set. Their scene model defined a
Bayesian belief network, where paths were defined not only
between the beginning and end of a track but also between
places where objects tended to stop. All these path learning
techniques leverage ordered and repetitive structure observed
in video monitoring.

III. HIGHWAY ACTIVITY ANALYSIS FRAMEWORK

The general situational analysis system considered is de-
signed to be quite simple and modular. Section IV describes the
front-end system consisting of object detection and tracking.
Moving objects are detected and tracked, providing the only
input data necessary for activity analysis. The two different
activity analysis modules are task specific and designed for
behaviors of interest.

The VECTOR module described in Section V uses object
measurements obtained during tracking to classify the vehicle
type, and highway usage statistics are accumulated to build
historical models, allowing real-time analysis of traffic flow and
speed profiling.

The path behavior block presented in Section VI uses ac-
cumulated tracking data to automatically discover and map
out the major motion paths in a scene that indicate normal
activity patterns. This helps mark in which lane a vehicle is
traveling and can signal an alert when a vehicle produces an
unusual trajectory; this is also used for real-time indications of
anomalous actions and for longer term intent prediction.

IV. FRONT-END PROCESSING

A. Object Detection

Foreground pixels belonging to moving objects are quickly
determined by using an adaptive background subtraction
scheme. Each background pixel is modeled as a single Gaussian
process with mean µ (time-averaged intensity) and � (standard
deviation of intensity). The Gaussian parameters adapted are

µt =(1 � �)µt�1 + �It (1)

�2
t =(1 � �)�2

t�1 + �(It � µt)2 (2)

where �, � � [0, 1] control how quickly the parameters are
updated as each new video frame is received. The foreground is
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found by thresholding the background difference image based
on past pixel deviations, i.e.,

Iforeground = (It � µt) > B(�t + �0). (3)

Here, �0 is a small constant to suppress noise associated with
low-variance scenes typically encountered during low-light and
shadowed situations, and B is the deviation threshold. The
threshold is defined for each pixel by its neighborhood N
intensity, i.e.,

Bij = min
��

Bmax � Bmin

Im + I�

�
IN + Bmin, Bmax

�
. (4)

Equation (4) sets up a threshold that adapts to the local lighting
intensity IN by a comparison with the mean image intensity Im
and the standard deviation I� . The values of Bmax and Bmin
indicate the maximal and minimal deviations that are necessary
for detection.

The foreground is further processed to fill in any holes
using morphological operations. Each blob is then labeled by
connected component analysis, and simple morphological mea-
surements are taken, i.e., mt = {area, breadth, compactness,
elongation, perimeter, convex hull perimeter, bounding box,
best fit ellipse parameters, roughness, centroid,M10,M01,
M20,M02}, as a compact representation of an object’s appear-
ance that is suitable for classification.

B. Tracking

Tracking associates every detected vehicle to an existing
track through nearest global matching. To match and update a
track, a detection must fit a dynamics model and an appearance
constraint.

1) Kalman Filter: Vehicle dynamics are modeled by apply-
ing a Kalman filter to an object’s centroid c. The tracking state
update equation is given by

st+1 = Ast + wt =

�

��

1 0 �t 0
0 1 0 �t
0 0 1 0
0 0 0 1

�

	


�

��

cx
cy
vx
vy

�

	
 + wt (5)

for velocity v and time between frames �t. The tracking
state measurement is estimated by a detection’s centroid �c
and velocity �vt = [�ct

x � ct�1
x , �ct

y � ct�1
y ]T . When a detected

object is matched to a track, the measurement yt = [�c, �v]T is
used to update the Kalman filter. New tracks are initialized
by instantiating a Kalman filter with a velocity obtained by
a nearest-neighbor match, i.e., �v1 = [�c1

x � �c0
x, �c1

y � �c0
y]T . The

Kalman filter state prediction is used to match with detections
in the next frame.

2) Track Appearance: In addition to the dynamic model,
a track has an associated appearance model. This appearance
model is used to resolve matching ambiguities [23]. These
ambiguities mainly arise because of high object density or
occlusion. This model guarantees, by enforcing consistency be-
tween frames, that the appearance of a vehicle along a trajectory

does not drastically change. The similarity of a detected vehicle
md and a track mT is given by

Smeas = [(mT � md)T ��1(mT � md)]�1 > TS (6)

where � is a diagonal matrix with entries equal to the measure-
ment variance learned during training, and TS is a threshold. In
a crowded scene, the best match is that which is most similar
to the track. This constraint implicitly manages occlusion when
objects either merge or split by instantiating a new track. Others
have explicitly dealt with occlusion by applying heuristic rules
[24] or using spatiotemporal cues [11] to repair occluded tracks.
A track can then be updated when there is a consistently
matched detection, i.e.,

mt
T =

�

�
�0
...

�15

�


 = (1 � �)mt
d + �mt�1

T (7)

given the track and detection measurements at the current
time t. Similar to above, � � [0, 1] controls how quickly the
object’s appearance may change during tracking.

V. VECTOR

The VECTOR module was designed for highway traffic
analysis. In addition to loop detector measurements, VECTOR
determines the types of vehicles on the road. Accumulated
traffic statistics are used to build a traffic model that is useful
for online traffic flow analysis, such as detection of dangerous
behavior.

A. Classi�cation

VECTOR classifies vehicles into eight different types,
namely, Sedan, Pickup, SUV, Van, Merged, Bike, Truck, and
Semi, as shown in Fig. 1. These vehicles were selected because
they were the most often occurring vehicle types from the 2001
National Household Travel Survey conducted by the U.S. De-
partment of Transportation [25]. Although there is no explicit
occlusion reasoning during tracking, a merged vehicle class was
included to detect occlusions. The block diagram depicting the
VECTOR classification scheme is shown in Fig. 2. After object
detection, the extracted blob features (7) are LDA transformed
and given a vehicle type label wc using a weighted k-nearest
neighbor (wkNN) classifier. The frame labels are compiled and
incorporated into an improved vehicle track label LT .

1) Training Database Construction: The nearest-neighbor
training set is populated by hand-labeled examples from each
of the eight vehicle types C. Each training vehicle is trans-
formed using Fisher’s LDA [26] for better separation, i.e.,
xi = WLDAmi, and placed into its corresponding class set Dc.
The complete training set D =

�C
c=1 Dc is then clustered using

fuzzy C-means (FCM) [27]. The clustering procedure normal-
izes the number of training examples in Dc for each class,
limiting memory requirements and the number of neighbor
comparisons [23].
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Fig. 1. Sample images from each vehicle class. (a) Sedan. (b) Pickup. (c) SUV. (d) Van. (e) Merged. (f) Bike. (g) Truck. (h) Semi.

Fig. 2. Block diagram for the tracking-refinement-based wkNN classification
scheme.

2) Frame Classi�cation: During live tracking, each poten-
tial vehicle md is given a soft class membership wc for every
frame by wkNN comparison [28], i.e.,

wc =
K�

i=1
mi�Dc

1
�mi � md�

. (8)

This measures the strength of match between a detection and
all of the vehicle classes. Match strength is the sum of the
similarity (inverse distance) between the k best matches from
each class. While any particular class may have a few closely
matching training examples, it is unlikely that there will be
a large number of close matches unless it is the true class
label. The advantage of the wkNN classification scheme is
a soft assignment to every class, for robustness to noise and
outliers, rather than the binary indicator usually obtained with
NN classifiers.

3) Tracking Re�nement: Through tracking, an appearance
record of a vehicle is accumulated, giving T object examples
over the life of a track. Given these T samples, a track label is
generated by maximum-likelihood estimation. Thus

LT = arg max
c

T�

t=1

ln p(mt|c)

= arg max
c

T�

t=1

ln
wt

c

c wt

c
. (9)

The likelihood p(xt|c) of class c is approximated by normal-
izing the per-frame class weight (8) for each sample t in a

track. The track class LT is refined with each frame, as the
track is updated and more information is compiled. The track
label estimation leverages the added evidence gathered through
tracking to make a decision, rather than just a single-frame
measurement that could potentially be corrupted by noise.

4) Con�dence: The confidence in classification label LT
can be measured by the sidelobe ratio

Csl =
p1 � p2

p1
(10)

where p1 and p2 correspond to the probabilities of the first
and second best matching vehicle types. The sidelobe ratio
gives a measure of how much stronger the class LT is than
the closest competing class. Highly confident tracks can be
used to reinforce the training database, whereas low-confidence
samples are rejected.

B. Traf�c Statistic Modeling

Using the system front end, data are collected, and a high-
way model indicating normal traffic patterns is constructed.
The highway model is a time series of fundamental highway
usage parameters that are analogous to those obtained from
conventional loop detectors. This system delivers flow (number
of vehicles/time), density (number of vehicles/distance), and
speed (in miles per hour) estimates in 30-s intervals, aver-
aged over a 5-min window. The flow statistic is generated by
counting the number of passing vehicles in the 30-s update
interval. Density is the average number of vehicles in the
camera view normalized by the roadway length. Speed is the
average velocity estimate of vehicles. The density and speed
calculations are obtained through manual roadway calibration.
The lanes were marked and their length measured by tracking a
vehicle of known dimension. Fig. 3 shows the southbound lane
statistics for U.S. Interstate 5 (I5).

In addition to reproducing loop detector data, video provides
a means to extract richer contextual information. Traffic param-
eters are compiled for each type of vehicle based on the
vehicle classifier. Fig. 4(a) plots the flow and Fig. 4(b) speed
of different vehicle types on a weekday. These data are useful
to understand the different effects of commercial or private
vehicles on highway control and to study the environmental
impact of emissions. In Fig. 4(a), there are clearly many more
sedans on the road than any other class of vehicles, but during
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Fig. 3. Individual lane density, flow, and speed for the southbound direction of I5. (a) Lane density. (b) Lane flow. (c) Lane speed.

Fig. 4. Traffic statistics separated by vehicle type indicating (a) flow and (b) speed. Semi trucks are rare and travel at noticeable lower speeds. (c) Highway speed
profile comparing weekend and weekdays.

the evening commute, the number of pickups and SUVs on the
road appear to switch; during the day, there are more pickups,
and during rush hour, there are more SUVs. In Fig. 4(b), it
is noted that most of the vehicles travel at approximately the
same speed (the speed of traffic), but the larger Semi trucks
tend to travel slower than passenger vehicles, matching our
intuition.

The large amounts of data collected by this system allow
usage analysis, not only over the course of a single day but for
many days. To build a useful highway model, it is important to
incorporate the differences in traffic behavior as a function of
time. Fig. 4(c) demonstrates the differences in the speed profile
for work and nonwork days. The Friday congestion slowdown
between 16:00 and 19:00 is significantly greater than the other
weekdays. While the Monday and Tuesday commute is notice-
able, it is a more subtle speed disturbance. This demonstrates
the need to individually model each day. Seven models are
generated by averaging across each specific day.

C. Flow Analysis

By collecting traffic measurements, models for the expected
highway behavior are generated. These models adapt to chang-
ing conditions over time and allow for online highway analysis,

such as link efficiency and characterization of the driver’s
speed.

1) Highway Ef�ciency: Chen et al. [29] used flow and speed
to show that congestion is not caused by demand exceeding
capacity but of inefficient operation of highways during periods
of peak demand. Using the accumulated usage statistics, the
highway efficiency, at a given time t, can be estimated by taking
into account the changes in flow, i.e.,

��(t) =
flow(t) × speed(t)

flowmax × speedmax
. (11)

Fig. 5 shows the lane efficiency of the north- and southbound
directions of the highway. Congestion is evident during the
evening commute, as shown by the significant drop in efficiency
in Fig. 5(a). It is interesting to note that while the efficiency
of the southbound direction drops because of congestion, the
northbound highway does not suffer from congestion. The
reduced efficiency in the fast lane is actually due to underuti-
lization because the northbound flow is much lower than its
average.

2) Speed Pro�le: By using a database of historical speed
measurements, a model of daily highway speed patterns can
be constructed to incorporate the traffic speed fluctuations
over the course of a week [Fig. 4(c)]. The VECTOR system
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Fig. 5. Highway lane efficiency. (a) South: Low efficiency during evening commute because of congestion. (b) North: Efficiency drop in the fast lane because
low flow caused underutilization.

Fig. 6. User-defined speed profiling. (a) Car slowing (yellow box) before stopping on the shoulder. (b) Car coming to rest (red box) on the shoulder of the
highway. (c) Friday evening high volume traffic showing merging of vehicles. The north- and southbound directions have different speed profiles because of
southbound congestion.

indicates the motion state of each vehicle by the color of
its bounding box: {speeding, normal, slow, stopped} = {blue,
green, yellow, red}. In Fig. 6(a), a sedan is shown slowing down
on the shoulder of the highway before coming to a complete
stop in Fig. 6(b). The motion state is defined as

SV (v) =

�
���

���

Stopped, 0 � v < 0.15V t
avg

Slow, 0.15V t
avg � v < 0.6V t

avg
Normal, 0.6V t

avg � v < 1.1V t
avg

Speeding, 1.1V t
avg � v

(12)

where V t
avg is the average speed at time t, and v is the es-

timated vehicle speed. The speed model currently considers
normal speed as the daily average. Fig. 6(c) demonstrates
the speed profile during a Friday evening commute. Notice
that the northbound direction only contains freely moving
vehicles, whereas there are slowly moving vehicles (red and
yellow bounding boxes) in the southbound lanes. Congestion
causes Vavg(South) � 25 mi/h, whereas the northbound di-
rection retains a faster flow, i.e., Vavg(North) � 70 mi/h. The
speed state can be used as an indicator of dangerous situa-
tions because it locates abnormal patterns based on histori-
cal data.

VI. PATH BEHAVIOR ANALYSIS

The path behavior (PB) block is a more general surveil-
lance tool than VECTOR. It might be a priori unknown what
is expected when monitoring a new scene with an arbitrary
camera configuration, but the PB system can learn to look for
what is important. This module learns normal motion patterns
corresponding to lanes in the road by observing and collecting
tracking data, which allows for the detection of anomalous
actions and long-term path intent prediction.

A training set of trajectories is acquired by collecting track-
ing data for a period of time. The set is then clustered to
find the major scene spatial routes, which are probabilistically
modeled by hidden Markov models (HMMs) and used for
activity analysis.

A. Automatic Path Discovery

By running the tracking software and collecting the trajec-
tories, the system can automatically learn the motion config-
uration of a location. Object motions map out spatial patterns
that are often not random but are drawn from some underlying
distribution. The inherent structure and redundancy that are
prevalent in a scene can be leveraged to extract typical motion
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