
Towards Detection of Abnormal Vehicle
Behavior Using Traffic Cameras

Chen Wang, Aibek Musaev, Pezhman Sheinidashtegol, and Travis Atkison

The University of Alabama, Tuscaloosa, AL 35487

Abstract. Throughout the world, many surveillance cameras are being
installed every month. For example, there are over 18,000 publicly acces-
sible traffic cameras in 200 cities and metropolitan areas in the United
States alone. Live video streams provide real-time big data about behav-
ior happening in the present, such as traffic information. However, until
now, extracting intelligence from video content has been mostly man-
ual, i.e. through human observation. The development of smart real-time
tools that can detect abnormal vehicle behaviors may alert law enforce-
ment and transportation agencies of possible violators and can poten-
tially avoid traffic accidents. In this study, we address this problem by
developing an application for detection of abnormal driving behavior us-
ing traffic video streams. Evaluation is performed using real videos from
traffic cameras to detect stalled vehicles and possible abnormal vehicle
behavior.
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1 Introduction

Each year 20-50 million people are injured or disabled in traffic accidents, and
unless action is taken, road traffic injuries are predicted to become the fifth lead-
ing cause of death by 2030 [26]. Therefore, a number of intelligent transportation
systems have been developed in an attempt to improve the traffic control systems
for road safety [33, 8, 20, 1]. One of the promising aspects of such systems is the
emergence of traffic video processing systems [30] due to recent advancements
in deep learning and computer vision [15, 23].

In this paper, a state-of-the-art method for real-time object detection is ap-
plied to facilitate the development of an application for determining abnormal
vehicle behavior using traffic cameras. Studies show that most traffic accidents
are caused by human factors, including drivers’ abnormal driving behaviors [27].
Our objective is to determine vehicles whose driving behavior is abnormal com-
pared to the nearby vehicles. Specifically, we want to detect stalled vehicles as
well as vehicles that drive either significantly faster or slower than the rest of
the traffic.

The proposed algorithm for detection of abnormal vehicle behavior comprises
the following steps:



• Step 1: vehicle detection using live traffic video streams
• Step 2: vehicle tracking using detected vehicles
• Step 3: traffic anomaly detection using tracked vehicles

Vehicle detection is performed using a state-of-the-art method for object
detection (You Only Look Once (YOLO)) in each frame of the video stream.
The YOLO algorithm generates a list of all detected objects, such as cars and
trucks, and their bounding boxes in Step 1. This output is then used as input
to the object tracking algorithm based on a Kalman filter in Step 2. The object
tracking algorithm associates vehicles with unique IDs, such that each vehicle’s
path can be tracked through consecutive frames. Finally, the number of frames
in which a vehicle appears is used as a relative measure of its speed for anomaly
detection in Step 3.

2 Related Work

2.1 Object detection

Detecting vehicles in a video stream is an object detection problem. Object
detection is a core problem in computer vision. Fast, robust object detection
systems are fundamental to the success of next-generation video processing sys-
tems. Such systems are capable of searching for a specific class of objects, such
as faces, people, dogs, airplanes, or vehicles [34].

The types of technologies used for object detection have largely been dictated
by computing power. For instance, early systems for object detection in station-
ary images generally used edge detection and simple heuristics [35]. Modern
systems that have access to much more storage and processing power, including
GPU accelerators, are able to use large sets of training data to derive complex
models of different objects efficiently [24].

Recently, deep convolutional neural networks have made significant advance-
ments in image classification [15] and object detection [9]. Note that object
detection is a far more challenging task compared to image classification as it
requires more complex approaches to solve. Complexity arises due to the need
for the accurate localization of objects. Modern systems approach object lo-
calization in either a multi-stage pipeline (RCNN [10], Fast RCNN [9], Faster
RCNN [24]) or in a single shot manner (YOLO [23], SSD [19]). The multi-stage
pipeline approaches all share one feature in common: one part of their pipeline
is dedicated to generating region proposals followed by a high quality classifier
to classify those proposals. These methods are very accurate, but come at a high
computational cost (low frame-rate); in other words, they are not well suited for
real-time vehicle detection.

An alternative way of doing object detection is by combining these two tasks
into one network. This is possible because instead of having a network pro-
duce region proposals, an image is split into a grid of fixed boxes to look for
objects. A single convolutional neural network simultaneously predicts multiple
bounding boxes and class probabilities for those boxes. You Only Look Once



(YOLO) is a state-of-the-art algorithm among single shot detector approaches
for object detection [23]. YOLO trains on full images and is the fastest approach
while maintaining high accuracy. This makes it a good fit for real-time vehicle
detection.

A growing body of literature are applying YOLO and other related deep
learning methods to detecting moving objects using a stationary camera: in [33],
YOLO is applied in combination with convolutional neural networks to detect
vehicle lane changes; in [7], Histogram of Oriented Gradient (HOG) method is
used for pedestrian detection; in [32], a multi-directional CNN method is used for
vehicle license plate detection; in [11], a comparison is performed among different
deep learning methods for effective detection purposes based on their reliability
and repeat-ability. However, very few papers apply the above mentioned methods
to detection of abnormal behavior of vehicles on roads.

In the proposed project, YOLO is used in combination with the Kalman fil-
ter algorithm to detect the abnormal vehicles, which can provide a new insight
for transportation surveillance techniques. In fact, related studies mostly focus
on vehicles instead of their trajectories [2, 25, 11], including vehicle shifting,
drifting and platooning rather than detecting speeding cases using a stationary
surveillance camera. For the remainder of this paper, a new perspective is pre-
sented on separating the camera field of view (FOV) into 2 sections - one for each
traffic direction - and analyzing them separately. The model is implemented in
MATLAB using the YOLO algorithm for object detection and a Kalman filter
for object tracking resulting in a log file with tracked vehicles.

2.2 Object tracking

Object tracking is one of the fundamental challenges in computer vision [34].
The goal of object tracking is to accurately locate objects of interest based on
a series of consecutive video frames. The increasing need for automated video
analysis has produced a lot of research on object tracking algorithms for various
application areas, including surveillance [3], vehicle tracking [17], robotics [16],
and medical imaging [29].

The task of estimating the motion path of an object in successive video
frames consists of two steps: object detection and object tracking. As shown in
Section 2.1, the state-of-the-art approaches in object detection generate bound-
ing boxes for detected objects in addition to the probability of detecting a given
class of objects, such as cars, trucks, or persons.

The vehicle tracking algorithms used in intelligent surveillance of traffic data
can be classified into four major categories: region-based tracking algorithms,
contour-based tracking algorithms, feature-based tracking algorithms and model-
based tracking algorithms [13]. The choice of these methods depends on the
approach chosen for the object detection and the output generated by it. In this
research effort, the output is provided as bounding boxes in consecutive frames,
which is why an approximation of a contour-based tracking algorithm is chosen.



2.3 Traffic anomaly detection

Previous studies have analyzed the detection of abnormal traffic behavior. [14]
utilizes Markov random fields (MRF) and hidden Markov model (HMM) in rec-
ognizing abnormal vehicle behavior at intersections. The authors in [14] use a
2-D image to generate an object’s moving trajectory and remap it within tex-
tures. In [5], the anomalous behavior is detected based on trajectory pattern
learning module, such that a cluster of main flow direction (MFD) vectors gen-
erates the classification of trajectories. In [28], the author proposes a method
based on multi-lane trajectories by comparing dense and free-flowing traffic con-
ditions using Kalman filters. In [18], the temporal outliers on roads are detected
based on historical similarity trends.

Most of the outlier detection studies focus on lane changes, hence the speeding
case is relatively difficult to capture from trajectory analysis as it does not involve
a lot of lane changes. In this paper, the authors introduce a new method of
abnormal behavior detection focusing only on the speeding scenarios. In practice,
road police has a tendency of pulling over outliers as opposed to over-speeding
vehicles in general. Thus, this intuition can be realized by comparing the speed
of vehicle under test (VUT) with the nearby vehicles on roads.

3 Proposed Framework

3.1 Vehicle detection using live traffic video streams

The first step of the proposed framework is to detect vehicles that appear in the
video. By applying the YOLO algorithm, a detected vehicle - regardless whether
it is moving or stationary - will be confined within a bounding box. Next, the
video is split into frames at a fixed sampling rate. The vehicle speed can be
represented by the number of frames it appears in, such that the more frames it
appears in, the slower the vehicle is, and vice versa.

For the surveillance video streams, it is helpful to separate the FOV into
three parts as shown in Fig. 1. Segments I and II represent each traffic direction,
segment III is the farther end of the camera FOV, where the vehicles become too
small to be recognized. This separation is important for the following reasons:
1) to remove the top part of the video where vehicles are too small for detection,
so that YOLO’s recognition accuracy can be improved, and 2) to reduce the
number of objects to process for faster computation.

Note that the location stamp of the camera was hidden from the figure due
to privacy reasons.

3.2 Vehicle tracking using detected vehicles

Using the vehicles detected in the previous step, the goal is to track them through
multiple consecutive video frames by associating each vehicle with a unique ID.
The tracking of objects is based solely on motion. The motion of each track is
estimated by a Kalman filter, which is widely used in object tracking [36, 6].
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Fig. 1. Camera’s field of view is split into regions: segments I and II represent opposite
lanes, while segment III is removed as vehicles are too small for object recognition

A Kalman filter is used to predict a vehicle’s location in each video frame, and
to determine the likelihood of each location being associated with the vehicle’s
ID. Maintenance of vehicle IDs becomes a critical aspect of the object tracking.
A list of vehicle IDs is maintained. In a given video frame, some locations may
be assigned to vehicle IDs, while others may remain unassigned. The unassigned
vehicle IDs are marked as invisible. An unassigned location is associated with a
new vehicle ID.

Each vehicle ID keeps account of the number of consecutive frames where
it remained unassigned. If the count exceeds a certain threshold then it is as-
sumed to have left the FOV, so it gets deleted. A MATLAB example script
called ”Motion-Based Multiple Object Tracking” is used to implement vehicle
tracking [22]. The script is modified as follows: the object detection system based
on the background subtraction algorithm is replaced with the YOLO detection.

3.3 Traffic anomaly detection using tracked vehicles

The proposed method applies the YOLO algorithm combined with a Kalman
filter to track the vehicles, then to determine the vehicles whose whose driving
behavior is abnormal compared with their neighbors. The anomaly detection
is performed by comparing the speed differences δv between the VUT and its
close neighbors. If ∆v is significant, then the VUT is considered to be an outlier.



An authoritative source, namely the national speeding index, is proposed for
determining such significance.

Some statistical facts from the index are: 1) in the 2010 census issued by the
U.S. Census Bureau [12], the working-age population represented 112.8 million
people (36.5% over entire US population); 2) 83% of U.S. adults drive on a daily
basis per Gallup statistics [4]; and 3) based on Stanford OpenPolicing [31], police
officers pull over more than 50,000 drivers nationwide on a typical day due to
speeding. Thus, the speed citation rate ct can be roughly estimated as:

ct =
50 · 103

83% · 112.8 · 106
≈ 0.05% (1)

Hence, based on the mentioned police report, the threshold can be set at
0.05%.

∆s , ct = 0.05% (2)

4 Evaluation using Real Data

In this section, two experiments are presented for evaluating the proposed frame-
work. First, stalled vehicles are detected using a 19-minute long video from a
traffic camera located in Mississippi [21]. In the video a disabled car is located on
the shoulder of a road. This is an extreme case of abnormal driving behavior. In
the second experiment, vehicles are detected that are either significantly faster
or slower than the rest of the traffic using a 53-hour long video from a traffic
camera also located in Mississippi.

The collected traffic data are processed with a normal distribution function,
the resulting distribution curve is shown in Fig. 2.

4.1 Detection of stalled vehicles

The previously determined threshold can be applied to the traffic flow such that
the average speed citation ratio ct is fixed at 0.05%. Note that a stalled vehicle
becomes a stationary object for a relatively long period of time from the camera
perspective, such that it appears in a significant number of frames. If the vehicle
is stalled long enough, a large frame number gradually accumulates over time
and eventually exceeds the average frame number for all of the passing vehicles.
Under these conditions, the pre-defined ct is no longer applicable, hence a new
threshold should be computed for the stalled vehicles. Here in Fig. 2(c), the newly
determined threshold is at 1.38%, where the threshold is rolling dynamically
indicating different vehicle behavior patterns.

Fig. 3 shows a typical abnormal traffic behavior captured by the surveillance
camera in Mississippi. The white sedan on the curb is the disabled vehicle, while
the white SUV next to it is driving normally; the other two vehicles in the left
lane are also stopped on the road. This situation was maintained a relatively
long time before police arrived.
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Fig. 2. Normal distribution and frequency histogram of (a) left lane (incoming) traffic
flow, (2) right Lane (outgoing) traffic flow, and (c) stalled or disabled vehicle detection.



As mentioned earlier, the stalled vehicles in Fig. 3 will be detected over and
over again, creating an excessive number of frames and making it possible to
detect them. The described detection framework helps find and locate abnormal
behaviors in nearly real-time. Combined with the effort of law enforcement and
transportation agencies, it may facilitate the development of a safer and more
intelligent traffic management system.

4.2 Detection of abnormal vehicles

Fig. 3. Vehicle detection using a snapshot from an actual traffic camera

The result of vehicle detection using a snapshot from an actual traffic camera
located in Mississippi is shown in Figure 3. Note that despite the low resolution
of the image from the video, all three cars and a truck have been correctly
detected, and their bounding boxes have been accurately determined.

For anomaly detection, this paper uses the number of frames for each vehicle
in the video: the more number of frames one vehicle is in, the slower this vehicle
is, and vice versa. In addition, in some cases the YOLO algorithm was not able
to detect vehicles in every successive frame, hence the Kalman filter algorithm
helps tracking the vehicles overlooked by YOLO and then adds the number of
frames in order to increase the accuracy. In the processed data, a rolling selection
compares the VUT with its nearby vehicles on roads, then checks the average
number of frames of the total N vehicles including the VUT and calculates the
frame-number-ratio j of each vehicle and the average value as in (3). If the ratio
is less or larger than the preset threshold ∆s, the VUT is considered as abnormal.

j(VUT) =
# of frames of VUT

average # of frames amongst the neighboring 20 vehicles
(3)



The YOLO and Kalman filter algorithms are integrated in MATLAB result-
ing in a log file, which contains the raw dataset from the captured vehicles in
the surveillance video. The final results are processed using this dataset. Fig. 2
shows the normal distribution and frequency histogram results for each traffic
direction (referring to Fig. 1 Segments I and II) on roads. From the figure, it is
noticeable that most of vehicles are driving at a similar speed while the outliers
are the most extreme parts of the curve. In fact, the detected outliers might
not be recognized directly by human eyes, thus after validation, the proposed
method could be evaluated based on the actual examples of abnormal vehicle
behavior.

5 Discussion

The paper presents an initial study of detecting abnormal driving behavior using
live video streams. The large variance in road, traffic, weather, sunlight, and
other conditions, such as rush hour, heavy rain, etc., may affect the difference in
driving speeds of the vehicles on the same road segment. By comparing the speed
differences between nearby vehicles under the same conditions during the same
time period, we can detect vehicles with abnormal behavior more effectively and
convincingly.

The proposed framework successfully detects all stalled vehicles in an actual
video from a traffic camera. Note that stalled vehicles represent an extreme case
of abnormal behavior, while speeding or slow vehicles are more difficult to detect.

The proposed model uses the number of frames in which vehicles appear
for anomaly detection. Specifically, the number of frames in which each vehicle
appears is compared with its nearby cars, both before and after it. Thus, the
model is sensitive to the accuracy of the number of frames computed for each
vehicle’s track.

However, even the state-of-the-art method for object detection may generate
erroneous vehicle locations. This is possible due to a number of reasons, including
the occlusion of a smaller car by a larger vehicle, e.g., a truck. This results in
erroneous detection of vehicles by the object tracking algorithm, such that a
vehicle’s track may suddenly begin in the middle of a road. Similarly, a vehicle’s
track may end abruptly in the middle of a road due to occlusion.

This problem cannot be resolved by a Kalman filter as it may only detect
the missing intermediate locations but not the prior locations. In other words,
the vehicle tracking component treats such erroneous tracks as valid. Hence,
additional contextual knowledge can be used to filter out such erroneous tracks
that either begin or end at an invalid location in the FOV of a traffic camera.

Note that the detection of stalled vehicles is not sensitive to the accuracy of
the number of frames as their tracks are significantly longer than the remaining
traffic, such that their detection is robust.



6 Conclusion and Future Work

In this paper we propose and evaluate a framework for detecting abnormal ve-
hicle behavior using traffic camera. The proposed approach uses the number of
frames, in which a vehicle appears, as a relative measure of the driving behav-
ior. The framework uses a state-of-the-art method for object detection in video
frames, then tracks vehicle location through successive frames using a Kalman
filter, and finally performs anomaly detection using the number of frames, in
which a vehicle appears, as a relative measure of its speed. The proposed ap-
proach is applied to detect all stalled vehicles in an actual traffic video stream. In
addition, several improvements are suggested to detect other abnormal vehicle
behavior, including fast and slow cars.

Based on the presented study, the method of detecting abnormal vehicle
behavior using YOLO and Kalman filter is feasible and applicable, while the
preset threshold is able to determine whether the vehicle-of-interest is speeding
or not. In future work, the authors will be focusing on detecting other abnormal
behaviors such as sudden acceleration and deceleration, swerving, and sudden
lane changes. In addition, a comprehensive evaluation of the proposed model
for such behaviors will be performed. Finally, a comparison between SSD and
YOLO will be made to show which single-shot model performs better.
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