979-8-3503-3538-5/23/$31.00 ©2023 IEEE

Traffic Accident Detection and Classification in
Videos based on Deep Network Features

Zain Ul Arifeen, Jang-Eui Hong, Bo-Seok Seo, Jae-Won Suh
College of Electrical and Computer Engineering
Chungbuk National University
Cheongju, Korea
zain@cbnu.ac kr, jehong@cbnu.ac.kr, boseok @cbnu.ac.kr, sjwon@cbnu.ac.kr

Abstract—The number of vehicles on the road has increased
significantly, which pose a number of challenges to cope with for
traffic management. Especially road accidents need instant atten-
tion to reduce the loss of people life and their property. In this
paper, we propose a traffic accident detection and classification
framework, which automatically detects accident in traffic videos
using deep networks features and also classify that accident
into car-car and car-bike collisions. The proposed framework
works in two phases. Accident anomaly detection: We explore
three convolution neural networks (CNN’s) named GooglLeNet,
AlexNet and VGGNet, where deep features are extracted using
these networks and a one class support vector machine (OCSVM)
is trained on each network deep features, which are used to
detect accident anomalies in a outlier fashion. Accident anomaly
classification: where a multi-class SVM model is trained using
the features of the detected accident frames and is used to classify
accident into car-car and car-bike collisions. The experimental
results on UCF-Crime road accident video sequences show that
the proposed approach achieves high accuracy on both traffic
accident anomaly detection and classification.

Index Terms—GoogLeNet, AlexNet, VGGNet, Accident detec-
tion, Accident classification, One class svm, Multi-class svm

I. INTRODUCTION

Recently efforts have been put in installing the smart city
projects across the globe. The smart city projects are meant
to serve a more secure sense of life to the people [1]. In the
so called smart cities, a major challenge is the information
management concerning the transportation department. Due
to increase in population and economic progress the number
of vehicles on the roads are increasing rapidly. Consequently
there is an increased burden on road traffic management in
handling the road accidents, providing instant attention to the
emergency events concerning the life and property of people.
According to WHO (world health organization) among the
people who lose their life’s every year in different events
(approximately 1.35 million people die in road traffic crashes)
a significant amount is killed world wide in road traffic
accidents and these accidents cost most countries 3 percent
of their GDP [2]. However in order to process the road traffic
information to identify an abnormal event we have to rely on
the human observation. For a human it is quite impossible to
observe and recognize all abnormal events with out missing
any one of it in such a huge amount of surveillance cameras
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video scenes. In order to automate the traffic monitoring, we
need to develop automatic methods for accident detection.

Over the past few years the research community has been
focusing on development of the automated traffic anomaly de-
tection methods using the computer vision and pattern recogni-
tion techniques [3]-[5]. However, the presented methods suffer
from limitations dealing with real world scenarios [6], [7].
Computer vision based traffic anomaly detection is a difficult
and challenging problem in many aspects, which include:
variations in light conditions, poor quality of videos, weather
conditions, variety of scenes (like highway, market place)
etc. Recently deep learning techniques have been explored
in many computer vision tasks like image classification [8],
segmentation [9] etc. The performance of deep learning in
representing the visual data is becoming a success because
of the rich features which they extract using the convolution
layers. This paper is organized as follows. The proposed
method for accident detection and classification is described in
section II. We describe the dataset used and the experimental
results in section III. A conclusion is drawn in section IV.

II. PROPOSED APPROACH

In this section the proposed framework is elaborated as
shown in “Fig. 1. We describe how our proposed framework
recognized vehicle accident. Our main goal is to provide
simple but yet prompt model for solving the challenge of
traffic accident detection which work effective and efficient
and deliver the important data to the concerned authority in
quick time. The key tasks includes in the proposed framework
is as follow:

o Features extraction

o Accident detection

o Accident classification

A. Feature extraction

We wuse three pre-trained deep networks called as
GooglLeNet, AlexNet and VGGNet to extract features of the
video frames but the features extracted through GoogLeNet
network and then trained on OCSVM outperforms the other
two networks.The process of feature extraction for all three
networks is same. We will explain the process of GooglLeNet
as feature extractor: Note that we only use the convolution
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Fig. 1. Proposed accident detection and classification framework.

layers of the network to extract features. Where these features
are the output of the activations function in the last pooling
layer of the GoogLeNet (pool5-drop-7 x 7-sl). The size of
the extracted features for each frame is 1 x 1024.

First the training video sequences are re-sized to match
the input size of the network i.e. 224 x 224 x 3, then the
features of training sequences at the frame level are extracted
from the last pooling layer (as mentioned above). We arrange
the extracted features as an array of feature vectors where
each row gives the features of a video frame. Note that all
these features are extracted using the video frames of normal
class videos (i.e. the frames having no traffic anomaly).The
extracted features are used to train a classifier model. The
trained model is then used to classify a traffic video frame as
anomalous or non-anomalous. In this work, we use a variant
of the support vector machine (SVM) presented in literature
as one class SVM (OCSVM).

B. Accident detection

The extracted features of the video frames from the normal
traffic sequences using the pre-trained networks are used to
train the OCSVM classifier with labels. The OCSVM learns
a decision boundary based on these normal class features.
During testing phase the extracted features from the video
frames of the test sequences are given to the trained OCSVM
classifier, which decides about the test frame as anomalous or
normal. The OCSVM works in an outlier detection fashion
by calculating the anomaly score of the frame based on the
features. If the score of the frame falls in normal class category
it is classified as normal and if it falls in abnormal class then
it is classified as abnormal (which is an indication that an
accident occurs) as depicted in “Fig. 2”. Note: After experi-
ment we observe that features extracted through GoogLeNet

Frame Number = 50 , Score= 1.2897 Frame Number = 258 , Score= -1.0498

Frame Number = 169 , Score= 44464 Frame Number = 290 , Score= -0.99994

Fig. 2. Left side figures show normal frames (no anomaly) with the positive
scores provided by the trained model. Right side figures show anomalous
frames (an anomaly occurs in the form of an accident) and the model provides
negative scores.

network and then trained on OCSVM outperforms the other
two networks.

C. Accident classification

For the frames, which are classified as anomalous we further
perform classification into two categories i.e. car-car or car-
bike collision. In order to achieve the anomaly classification,
at first we extract deep features of each category training video
frames using GoogLeNet because of the good performance at
accident detection phase. A multi-class support vector machine
is trained on the extracted features with category labels. The
SVM learns the decision boundary based on the features and
the provided labels. At the testing stage, based on the features
extracted from the testing video frames, the trained model
provides category labels classifying an anomalous frame into
one of the categories. We show example video frames in
“Fig. 3” which are assigned the correct category.

III. EXPERIMENTAL EVALUATION

Experiments were performed on Intel(R) Core(TM) i7 CPU
@ 1.80GHz with 8GB RAM. The programs were written in
Matlab 2019b.

A. Dataset Used

We evaluate the performance of the proposed accident
detection and classification framework using the UCF-Crime
dataset, which contains real-world anomalies. UCF-Crime
dataset is a publicly available benchmark for anomaly detec-
tion collected by UCF (University of Central Florida) center
for research in computer vision which covers 13 real world
anomalies [10]. Among the 13 different types of anomalies in
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Fig. 3. Anomalous frames classification by the proposed approach into car-
car collision (Label 1) and bike-car collision (Label -1).

the dataset, we perform evaluation of the proposed approach
on road accidents anomalous videos. There is total 150 videos
containing road accident anomalies. The videos contain traffic
accidents involving vehicles, pedestrians or cyclists.

B. Results

In this section we present the performance of the proposed
approach using qualitative and quantitative ways. We provide
the qualitative performance evaluation of the proposed
approach in the form of visual results shown in “Fig. 2" and
“Fig. 3”. The quantitative evaluation for accident detection
is done through a common evaluation metric of anomaly
detection task called Receiver operating curve (ROC) and
then the performance in terms of the ROC is summarized by
area under the curve (AUC).

In “Table. I, we provide the frame level accident detection
AUC from resulting ROC’s for UCF-Crime road accidents
videos. The quantitative anomaly classification results obtained
by the proposed approach are provided in “Fig. 4” in the form
of a confusion matrix.

IV. CONCLUSION

In this research, we present a traffic accident detection sys-
tem which automatically detect accidents in traffic surveillance
videos and also classify that accident into a class among
car-car or car-bike collision. The proposed approach consists
of two phases. In first phase three deep networks named as
GoogLeNet, AlexNet, VGGNet and are used to extract features
from the training videos frames. These video frames are of
normal class and a one class SVM is trained on normal class
features, which is used to classify the testing video frames
into normal (no accident) and anomalous (accident occurs)
class. In second phase a multi class SVM is trained on the
features of anomalous frames from classes of car-car or car-
bike anomalies. The trained SVM model is found to classify
the anomalous accident frames with high accuracy. The ex-
periments are performed on UCF-Crime accident videos. The
proposed approach is found capable of classifying the normal
and accident frames then classifying these accident frames into
their respective classes.

True Class
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ConfusionMatrix

-1 94 7 6.9%
0 16 4 4.9%
1 4 1 66 7.0%

2.0%

5.7%

0 1
Predicted Class

Fig. 4. The label 1 denotes car-car collision, label -1 denotes the bike-car
collision and the label O denotes the normal frames.

TABLE I
FRAME LEVEL AUC (%) PERFORMANCE COMPARISON BASED ON USED
PRE-TRAINED NETWORK FEATURES .

Network features | AUC on UCF-Crime dataset
AlexNet 80.57
VGGNet 89
GoogLeNet 97.27
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