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Abstract. Development of intelligent surveillance systems for anoma-
lous event detection is essential to save human life and property. In recent
years, various deeplearning techniques have been proposed to increase the
system performance. However, due to complexity involved in the deep
architectures very few can be applicable to real world scenarios. In this
paper, a two-stream CNN architecture for anomalous event detection is
proposed by exploiting both normal and anomalous videos. Furthermore,
a database pre-processing algorithm is proposed to capture the spatial
and temporal information for each second in a video, which is given as
input to the two-stream CNN architecture. A standard dataset, UCF-
crime dataset is used for the validation of the proposed method. Finally,
a comparison is made with several existing deep learning approaches in
terms of accuracy and it is evident that the proposed method is superior
to other state-of-the-art techniques in terms of classification accuracy.
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1 Introduction

Increase in crime rate has caused loss of life and property more than any other
21st century issues. Intelligent surveillance system is one of the most favored
solution for early detection of anomalous events. In last few years massive in-
stallation of surveillance cameras has taken place in public places like airport,
train stations, shopping malls, parks etc., to ensure public safety. In order to
monitor these surveillance cameras on a 24×7 basis huge manpower is required
and again the accuracy of the system depends on the activeness of the supervis-
ing entity. So an Intelligent surveillance system which can detect the anomalous
event correctly in early time is a pressing need.

Detecting anomalous events from surveillance videos is an challenging area
in the domain of computer vision due to huge dimensions of data, complexity of
scene, handling of unwanted entities, variation in illumination condition, noise,
handling of occlusion etc. [2]. The complexity of the problem increases with dense
entities under the field of camera view and becomes more complex when it deals
with crowd[16]. As it is a key research area several research has accelerated in
the development of computer vision algorithms for automated anomalous event
detection in last decades.

A general automated surveillance system consists of four major steps: (1)
database pre-processing, (2) feature extraction, (3) modeling of scene and entity
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behavior , (4) designing the decision taking module. The data set creation step
includes collecting video data containing both anomalous and normal behavior
of entities to train the system. Feature extraction is one such way to represent
behavior in real value attribute. Feature extraction involves extraction of two
levels of feature i.e., Local feature and Global feature. The local feature are
extracted from the predefined region in the frame which is represented by interest
points where as Global features are computed to describe motion in the entire
frame. Based on the extracted feature modeling of scene and behavior of entities
is done by considering several learning mechanism such as supervised learning,
unsupervised learning and semi-supervised learning. Finally decision has to be
taken for anomalous event detection.

Earlier works [18, 4] try to combine multiple streams using deep learning
methods, however none of these methods consider anomalous event detection
task. The main contributions of the paper are listed below,

– A database pre-processing technique is proposed that can capture the spatial
and temporal information of each second in a video, so that a whole video
can be represented by very few number of frames.

– A proposed two-stream CNN architecture for video anomalous event detec-
tion.

The remainder of the paper is organized as follows: In Section 2 an overview
of the related work is given. Section 3 portrays the working procedure of each
step of the proposed method. In Section 4 experimental results and discussion
is presented. Finally conclusion is made on Section 5.

2 Related Work

Anomalous event detection is one of the most challenging and long-standing
problems in the area of computer vision. In the last decade, several methodolo-
gies have been proposed by a diverse group of researchers for anomalous event
detection in videos. Mu et al. [14] used motion vector as feature and classified
with support vector machines (SVM) for recognition of suspicious behavior in
HD videos. Gnanavel et al. [5] computed the feature vector from Multi scale
Histogram of Optical Flow and used K-NN as classifier for abnormal event de-
tection in crowded scene. Zhang et al. [23] used a Gaussian model of optical flow
(GMOF) and orientation histogram of optical flow as a feature representation
and classified with SVM for group violence detection in surveillance scene. Kratz
et al. [10] computed local spatio-temporal motion patterns and used it for fea-
ture representation followed by a Hidden Markov Model (HMM) for anomaly
detection in extremely crowded scene. Jeong et al. [8] employed trajectories for
feature extraction and applied LDA+GMM technique for traffic anomaly de-
tection. Piciarelli et al. [17] adopted a trajectory sub-sampling with Gaussian
kernel based approach for feature extraction and used one class SVM cluster-
ing for anomalous event detection. Medioni et al. [13] computed grids of HOF
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for feature representation followed by one class SVM for visual abnormal events
detection in crowded scene.

Recently, deep learning based approaches have achieved success in detection
of anomalous event. Xu et al. [22] used stacked denoising auto encoders (SDAE)
to learn the appearance and motion feature based on a early fusion mechanism to
detect anomalous event detection. Similarly, Chonget al. [1] used convolutional
spatiotemporal auto encoders in order to learn deep feature from videos to detect
abnormal events from the normal ones. Hasan et al. [6] combined handcrafted
feature (HOG and HOF) with convolutional auto encoder (CAE) to extract
deep feature for learning temporal regularity in video sequence. Vu et al. [21]
used Restricted Boltzmann Machine (RBM) for anomaly detection in videos.
Tran et al. [20] used C3D architecture for learning spatiotemporal features for
action recognition in UCF101 dataset. Sultani et al. [19] used deep multiple
instance based learning framework using C3D architecture followed by SVM
classifier for real world anomaly detection in surveillance videos. Medel et al.
[12] used convolutional long short term memory for anomaly detection in videos.
Moreover, Hinami et al. [7] designed Multi test fast R-CNN for detection and
recounting of abnormal events in videos.

The literature review reveals that various complex deep learning approaches
like AE, RBM, 3DCNN,R-CNN and multi-modal architectures have been ex-
ploited to detect anomalous events. Thus, there is a scope for further improve-
ment in deep learning techniques by utilizing two-stream CNN architectures.

3 Proposed Work

The proposed framework comprises of three key stages: database pre-processing,
feature extraction and fusion from the two-stream CNN and classification with 2
layer fully connected (FC) neural network. Fig. 1 demonstrates the overall flow
diagram of the proposed method. Each stage of the scheme is elaborated below
in detail.
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Fig. 1: Overview of the proposed two-stream CNN approach for anomalous event
detection.
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3.1 Database Processing

The objective of database processing step is to extract two kinds of information
i.e., spatial and temporal information from a given video. At first, the frame rate
of each video in the dataset is set to 30 frames per second (fps). In order to have
a pre-processed database we capture first frame and compute the sum of dense
optical flow [3] between the first frame and the 30th frame for every one second
in a video. By this we have obtained the spatial and temporal information for
every one second in the video. Algorithm 1 lists the steps involved in database
pre-processing stage. So, by following Algorithm 1 a video containing M number
of frames can be represented by K number of frames and optical flows, where
K≈ M÷30. Thus, Algorithm 1 achieves phenomenal dimensionality reduction
of the problem in hand.

Algorithm 1: Data-set Pre-processing Algorithm

Input: Video Dataset V = {(v1, y1), (v2, y2), . . . , (vN , yN )} where vi = ith

video, yi = class label of ith video ∈ [0, 1], N = no. of videos
Output: Pre-processed Dataset

DV = {(DF1, OF1, Y1), (DF2, OF2, Y2), . . . (DFK , OFK , YK)} where
DFi = ith frame, OFi = ith optical flow, yi = ith frame class label

begin
Set k=1;
for i = 1 to N do

Read (vi, yi);
Set vi to 30fps where vi is a set of frames {F1, F2, . . . FM};
for j = 1 to M do

if j modulo 30==1 then

T =
∑30

p=1
Dense optical flow(Fj+p, Fj+p+1);

DFk = Fj ;
OFk = T ;
Yk = yi;
k ← k + 1;

end

end

end
DV = {(DFi, OFi, Yi)} where i = 1, 2, . . .K;

end

3.2 Two-Stream CNN Architecture

In this stage, we propose a two-stream 2D CNN architecture based on early
fusion of features from both the stream for anomalous event detection. We have
considered three pre-trained 2D CNN architecture namely VGG16, ResNet50
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and InceptionV3 trained in ImageNet challenge, in order to have nine distinct
combinations of two-stream CNN frameworks. The intuition behind choosing
these three pre-trained architecture is, they achieve a phenomenal accuracy on
ImageNet dataset. The architectural specification of each network is given below.

– VGG16: It comprises of 16 layers, out of which 13 are convolutional layers
and 3 are dense FC layers. The 13 convolutional layers are partitioned into
6 groups and each layer uses 3×3 kernels followed by ReLu [15] activation
function.

– ResNet-50: It comprises of 50 layers, out of which 49 are convolutional
layers and only one FC layer. It uses residual units to allow learning in
deeper models by using shortcut connections in order to avoid vanishing
gradient problem during training.

– InceptionV3: It is a 48 layers of architecture including the convolutional
and fully connected layers. It comprises of several inception module which
makes the network more wider rather than deeper and avoids overfitting.

The input to the spatial CNN stream is a stack of frames and the input to
temporal CNN stream is a stack of dense optical flow representing a specific
video that is taken from the processed database. In order to extract the features
from CNNs, we have removed the FC layers from the pre-trained models and
kept the weights unchanged up to the flatten layers. For a given frame and it’s
corresponding optical flow the two-stream CNN architecture provides two feature
vectors (i.e, FV1 and FV2). The fusion mechanism is applied by concatenating
the features from both streams of CNN. The dimensions of the fused feature
vector (FV) varies with different combinations of CNN architectures. The fused
feature vector is applied to a 2-layer fully connected (FC) neural network. The
first FC layer contains 2048 units followed by 2 units in the second FC layer
for classification of anomalous video from normal ones. ReLU [15] and Softmax
activations are applied in the first and last FC layers respectively.

4 Experiments

To validate the performance of the proposed architecture, experiments are con-
ducted on a workstation PC with 2.80 GHz Xeon processor and 32 GB of RAM,
running under ubuntu 16.04 LTS Operating system. The GPU card used for this
experiment is Nvidia GeForce GTX1080 Ti which has 3584 CUDA cores. The
proposed architecture is simulated in Python with Keras API using Tensor-flow
backend. We employ Adam [9] optimizer with hyperparameters as given in Table
1. The details of the dataset and experiments are discussed below.
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Table 1: Hyperparameters for Adam Optimizer.
Name Value

Learning rate 0.00001

First momentum decay 0.9

Second momentum decay 0.999

4.1 Dataset:

One benchmark dataset, “UCF-crime dataset” [19] has been used for the vali-
dation of proposed architecture. The dataset consists of 1900 surveillance videos
that covers 13 real world anomalous events such as abuse, arrest, arson, burglary,
explosion, fighting, road accidents, robbery, shooting, stealing, vandalism along
with the normal events. It also provides a list of videos to be considered during
training and testing phase. Thus, we have used the training videos to train our
proposed model and validated on testing videos. The sample frames containing
anomalous events from UCF-crime dataset are shown in Fig. 2. Table 2 shows
the distribution of videos from each class. However, we have gathered all 13
anomaly classes into single class called “Anomalous Event” and normal videos
into “Normal Event” in order to achieve classification of anomalous events from
normal ones.

Table 2: Distributiion of videos in the UCF-crime dataset [19].
Event Video Count Event Video Count Event Video Count
Abuse 50 Explosion 50 Shoplifting 50
Arrest 50 Fighting 50 Stealing 100
Arson 50 Road Accidents 150 Vandalism 50
Assault 50 Robbery 150 Normal Event 950
Burglary 100 Shooting 50

Furthermore, we applied Algorithm 1 to create a pre-processed database
which contains the extracted frames with step size 30 and the sum of dense
optical flow between the 1st frame and the 30th frame in each step. This pre-
processed database is given as input to the two-stream CNN architecture.

4.2 Results and Discussion

The two-stream CNN architecture considers three pre-trained models (i.e., VGG16,
ResNet50, InceptionV3) trained in ImageNet dataset. So, there are nine possible
combinations between these three CNN models shown in Table 3. It is observed
from Table 3 , the nine combinations of two-stream CNN models can be di-
vided into 3 groups based on their dimensions of feature vector (i.e.,4096, 2560,
1024). So Group-1 constitutes the set of two-stream CNN models those pro-
duce 4096 dimension FV, Group-2 constitutes the set of models those produce
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Fig. 2: Sample frames of different anomalous and Normal events: (a) Abuse, (b)
Arrest, (c) Arson, (d) Assault, (e) Burglary, (f) Explosion, (g) Fighting, (h) Road
accident, (i) Robbery, (j) Shooting, (k) Shoplifting, (l) Stealing, (m) Vandalism,
(n) Normal, (o) Normal, (p) Normal, (q) Normal, (r) Normal

2560 dimension FV and Group-3 constitutes the models those produce 1024 di-
mension FV. It is evident from Table 3, that ResNet50-ResNet50 two-stream
model from group-1, InceptionV3-VGG16 two-stream CNN model from group-2
and VGG16-VGG16 two-stream CNN model from group-3 achieve the high-
est accuracy among the group members. Between these three two-stream CNN
models we suggest InceptionV3-VGG16 two-stream model as it achieves max-
imum accuracy of 88.74% with a feature vector of dimension 2560. Moreover,
it is observed that ResNet50-ResNet50 two-stream CNN model with a feature
vector of dimension 4096 achieves only 88.71% accuracy which is not more than
the suggested model. It is also observed that VGG16-VGG16 two-stream model
achieves 84.64% accuracy with a feature vector of dimension 1024. However, the
accuracy achieved VGG16-VGG16 two-stream model is lesser than the proposed
InceptionV3-VGG16 two-stream model.

The convergence plots and the confusion matrix of the proposed InceptionV3-
VGG16 two-stream model is shown in Fig. 3 and 4 respectively. The convergence
plots shows the convergence of training accuracy as well as the training loss
during the training phase. It is observed that the training accuracy increases
with a high thrust between first 100 epochs and it attains a 98.12% training
accuracy after 500th epochs. Similarly, from the training loss plot it is observed
that, the loss decays drastically between first 100 epochs and attains a 0.0419
after 500th epochs.
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Table 3: Accuracy obtained by different two-stream CNN networks.
Spatial stream Temporal stream Dimenssion of feature vector Test accuracy

ResNet50 ResNet50 4096 88.71%

VGG16 VGG16 1024 84.64%

InceptionV3 InceptionV3 4096 86.90%

ResNet50 VGG16 2560 86.81%

ResNet50 InceptionV3 4096 85.86%

VGG16 ResNet50 2560 87.34%

VGG16 InceptionV3 2560 84.92%

InceptionV3 ResNet50 4096 87.92%

InceptionV3 VGG16 2560 88.74%
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Fig. 3: Convergence plots of InceptionV3-VGG16 two-stream CNN.
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Fig. 4: Confusion matrix of proposed model

The comparative analysis of proposed method with state-of-the art methods
in terms of classification accuracy are listed in Table 4. The methods mentioned
in Table 4 are validated on the UCF-crime dataset. It is evident that the pro-
posed method yields superior detection accuracy compared to other methods.
Given a test video, the execution time per frame to take a decision is 346 mil-
liseconds. However, the time needed for training the two-stream CNN model is
not considered during time analysis.

Table 4: Comparison with state-of-the-art methods in terms of accuracy
Existing Methods Accuracy

Hasan et al. [6] 50.6%

Lu et al. [11] 65.51%

Sultani et al. [19] 75.41%

InceptionV3-VGG16 two-stream CNN (Proposed) 88.74%

5 Conclusion

This paper proposes an efficient method for anomalous event detection in real
world scenarios. The proposed method comprises of two schemes, firstly database
pre-processing technique and secondly a two-stream CNN architecture. The
database pre-processing uses the frames and sum of dense optical flow between
30 consecutive frames in order to capture the spatial and temporal information
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for each second in a video. This captured information is provided to the proposed
two-stream CNN architecture and it is evident that the model achieves 88.74%
on UCF-crime dataset with a processing time per frame of 346 milliseconds.
In future, other deep learning models can be suggested to enhance the system
performance.
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