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Abstract—- Now-a-days CCTV cameras are present every- 
where. A human surveyor monitors the events going on there. 
There is a lot of burden on the human surveyor,  Our idea is        
to reduce the burden on the human surveyor by automating the 
process of detecting a disturbance in the crowd. A critical amount 
of time may be saved by detecting a disturbance in the crowd 
instantaneously. This critical time we save may be the difference 
between life and death. This disturbance may be caused by any 
event such as bomb blast, fire, riots, etc. This paper focuses on 
the implementation of an algorithm that can detect a disturbance 
in the crowd. It considers flow-vector magnitudes change over 
time for a short set of frames to statistically determine whether 
those short set of frames are violent or non-violent. The challenge 
is to keep the processing quick and real-time, an alert should be 
generated within few seconds of the change in crowd behavior. 
Keywords : Violent Flows, Keras, Optical Flow, Video Processing. 

 
I. INTRODUCTION 

Automation in Real-Time analysis of the crowd can make 
surveillance more efficient. In this modern era, the number    
of cameras for surveillance is continuously increasing which 
increases the burden on the human. Automated surveillance 
and alert generation system is a system that can analyze 
abnormalities accurately in real-time and create an alert. These 
automatic alerts may help to pre-act rather than to react. This 
time we save between time of occurrence and time of reaction 
may be the difference between life and death. This automation 
is of much importance and very little attention has been given 
to it in the past. The system proposed can detect violence in 
real-time with high accuracy. 

Crowd Analysis is an important aspect of real-time surveil- 
lance because we rarely see CCTV cameras in private areas. 
Areas under surveillance(public areas) usually have a lot of 
crowds. Crowd analysis involves the analysis of data gained 
by studying the natural movement of groups. Masses of 
bodies, particularly humans, are under observation of those  
crowd tracking analyses that include how a specific group     
of individuals move and when a movement pattern changes. 
This info is implemented to predict future crowd movement, 
crowd density, and potential events like an evacuation route. 
Applications of crowd analysis can range from computer game 
crowd simulation to security and surveillance. 

Crowd analysis is a crucial problem in understanding crowd 
behavior for surveillance purposes. The current method is 

 
manually screening video feeds from several sources. Video 
analytics allows the automatic detection of events of interest, 
but it faces many challenges because of highly unpredictable 
crowd motions and occlusions. 

Video analysis and scene perception usually involve object 
detection, tracking, and expression recognition. For crowded 
exhibitions, due to extreme distortions, severe occlusions, and 
ambiguities, the conventional methods without special consid- 
erations are not appropriate. This makes it very challenging to 
infer the appropriate level of granularity to model the dynamics 
of a gathering. Another hurdle in crowded scene analysis is 
that the particular crowd reactions needed to  be  identified 
and analyzed may be both unique and shrewd, and in most 
surveillance plots, these actions have few examples to learn. 
Occlusion problems made computer vision very difficult and 
problematic in Object Tracking. Occlusion intends that there is 
something you want to see, but can’t due to some property of 
your sensor setup, or some event. For tasks that track objects 
people, cars, ... then occlusion occurs if an object that  is  
being tracked is hidden (occluded) by another object. Like  
two persons walking past each other as shown in Fig. 1, or a 
car that drives under a bridge. The problem, in this case, is 
what you do when an object passes and appears again. 

 

Fig. 1: Occlusion Problem 

 
Crowd scenes contain some  uncertainties  like  a  change  

of density, shape, boundaries of the gang. They are doing    
not define the way to behave or share clear expectations on 
what is going to happen. They often feel something must be 
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done directly to deal with their common concern. Attitudes 
and concepts about the common concern spread very quickly 
among crowd members. They often do and say things that they 
might normally not do, and that they go alongside the actions 
of others within the crowd 

Certain crowd behaviors are normal in one scenario but may 
become hazards in another. For example as shown in Fig. 2, 
running in a marathon can be considered as a normal crowd 
behavior but whereas running in a shopping mall as in Fig. 3 or 
any such rare places can be considered as abnormal behavior. 

 

Fig. 2: Crowd running in a Marathon 
 
 

Fig. 3: Crowd running in a Mall 
 

Our system aims to detect these behaviors and classify them 
to violent or non-violent based on the actions performed by 
the crowd. 

II. LITERATURE SURVEY 
”Violent Flows: Real-time detection on violent crowd 

behavior [1]”, The method in this paper considers statistics   
of how flow-vector magnitudes change over time. These 
statistics, collected for short frame sequences, are represented 
using the Violent Flows (ViF) descriptor. ViF descriptors are 
then classified as either violent or non-violent using linear 
SVM. Here a unique data set of real-world surveillance videos 
are tested for both violent/ non-violent classification. The 
method was implemented in MATLAB using the optical-flow 
code available, and linear SVM. The authors had used 20-bin 
histograms no matter the number of frames in the video. For 
real-time detection, averages frames in five-frame temporal 
windows, classifying each one separately and appropriately 
using six-bin histograms. ViF outperforms existing techniques 
by relying on magnitudes of the optical-flow fields alone. 
Lower accuracies are obtained i.e accuracies are slightly 
greater than 50%. Four different techniques are used and all 

four techniques have almost the same accuracies (slightly 
greater than 50%) 

 
”Real-world Anomaly Detection in Surveillance videos [2]”, 

A technique called Sparse-coding has  been  performed  in  
this paper. Sparse-coding based approaches are considered as 
representative methods that achieve state-of-the-art anomaly 
detection results. These methods assume that only a small 
initial portion of a video contains normal events, and therefore 
the initial portion is used to build the normal event dictionary. 
The main idea for anomaly detection is that anomalous events 
are not accurately reconstructable from the normal event 
dictionary. Each video is divided into 32 non-overlapping seg- 
ments and consider each video segment as an instance of the 
bag. The number of segments (32) is empirically set. A random 
selection of 30 positive and 30 negative bags as a mini-batch is 
performed. Loss is computed and is also back-propagated for 
the whole batch. However, since the environment captured by 
surveillance cameras can change drastically over time, these 
approaches produce high false alarm rates for different normal 
behaviors 

”Online Real-time Crowd Behavior Detection in Video 
Sequences [3]”, In this paper, an on-line and real-time method 
for detecting events in crowded video sequences is proposed. 
The proposed approach is based on  the  combination  of  
visual feature extraction and image segmentation and  it 
works without the need for a training phase. A quantitative 
experimental evaluation has been carried out on multiple 
publicly available video sequences, containing data from 
various crowd scenarios and different types of events, to 
demonstrate the effectiveness of the approach. Initially, stable 
features are tracked between frames of the sequence, and a 
temporal mask is extracted, then moving blobs are found  
using segmentation, and anomalous events are detected using 
two measures, i.e., instant entropy and temporal occupancy  
variation this has been quantitatively compared with other 
state-of-the-art methods for on-line crowd event detection. 
The results of the comparison demonstrate the effectiveness  
of the proposed approach, which works without the need for    
a training stage and obtain real-time performance on 320*240 
images. Accuracies decreased as the crowd increases and  
more computational power is required for this approach. 

 
III. METHODOLOGY 

Implementation involves the actual development process of 
the proposed system. Different modules of the system are 
coded in a language and are integrated. The proposed system 
has been implemented in the following stages: 

A. DATA SET 

The in-the-wild violence dataset is chosen as a dataset for 
the project. The dataset consists of 246 videos as shown in 
Table 4.1 of which half are violent and the other half are non- 
violent. The video duration range from 1.04 sec to 6.52 sec 
with an average duration of 3.60 sec as shown in Table 4.2. All 
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x,t + V 

the videos are downloaded from YouTube which is produced 
under in-the-wild and uncontrolled conditions presenting a 
wide range of real-world viewing conditions, video qualities, 
and surveillance scenarios. Videos are compressed using the 
DivX codec mpeg4 and resized to 240 X 320 pixels. 

particularly since it is highly efficient and robust. It returns  
three values v(x) i.e velocity vector along x-axis, v(y) i.e 
velocity vector along y-axis and w(wrap). The vectors are in 
the same shape as the resized frame width and height 

In our implementation,  we  are  considering  two  frames  
in every four frames i.e the third frame from the  current 
frame, and calculating optical flow between them. This process 
continues for the entire video. Bob is used to calculating 
optical flow. It returns a value of each pixel into a NumPy 
array of dimension equal to the resolution of the frame 

 
D. VIOLENT FLOW DESCRIPTORS 

Once the optical flow has been generated, flow vector 
magnitude is calculated through the following formula:- 

mx,y,t  = 
.

V 2  2
 

y,t 

After calculating the flow vector, for each pixel in each 
frame we obtain the binary indicators using the following formula:- 

 
 

B. VIDEO PROCESSING 

For training of the  classifier,  the  input  of  the  footage  
has been used from a fixed dataset. For practical real-time 
implementation, footage from externally attached cameras has 
been used. The resolution of the input footage need not be 
specific. Generally, the resolution of CCTV footage is 704    
X 480 pixels. The algorithm used, reduces the height of the 
video to 100 pixels and width accordingly. Preprocessing of 
the video and pixel-level manipulation has been done by using 
OpenCV. The frame interval is set as 3, the default frame rate 
is taken as 25, each frame is resized to 100-pixel width and 
corresponding height. The frame is further converted into a 
gray-scale because megapixel images take a larger time for 
computation. If the frame is converted to grayscale then each 
frame can be processed in less than 1/30th or 1/25th of a 
second. 

C. OPTICAL FLOW 

Optical Flow is the core part of Violence Detection. Optical 
Flow is the relative motion between two image frames which 
are taken at times t and t+t at every pixel position. Methods 
for the determination of Optical Flow can be listed as Phase 
correlation, Block-based method, Differential methods, and 
Discrete Optimization methods. The most commonly used 
methods are Lucas Kanade and Hornschunck optical flow 
methods, which come under Differential methods based on 
solving the first-order derivative. This is also a self-written 
package. It contains the procedures to calculate Optical flow 
which further call procedures from the bob platform. The 
optical flow will return 3 things in a tuple, velocity along    
the x-axis, y-axis, and the wrap 

Optical Flow is estimated between the pair of consecutive 
frames which gives a flow vector for each pixel in the current 
frame, matching it to a pixel in the next frame. C. Liu‘s 
Optical Flow algorithm is used. This algorithm has been used 

bx,y,t  = 

.

1 − if |mx,y,t  − mx,y,t−1| > 0 
Next, we calculate the mean magnitude change by simply 

averaging these binary indicators for each frame. 
This average binary vector obtained is known as Violent 

Flow Descriptor (ViF). These ViF values are used for further 
training and classification purposes. After ViFs are obtained 
for a video, a histogram is created  of  bin  size  0.05  and  
from range 0.0 to 1.0. Which means 21 bins are created. 
Generated ViF is divided into 16 parts, each part is mapped 
into a separate histogram, the counts are further normalized  
by total counts obtained. This process is known as Histogram 
normalization. Now all these histogram bin values for all 16 
parts are appended one after the other leading to generation of 
336 values for a particular video. These 336 values are used 
for training the neural network and for predicting using the 
neural network. 

 
E. NEURAL NETWORKS 

Keras module along with TensorFlow backend is used to 
build the Neural Net and Train it. For the given dataset once 
the violent flow descriptors are generated, training the neural 
net using these features is done.  Built  four-layered  neural 
net, one input layer, two dense layers, and one output layer. 
The input layer accepts 350 inputs and gives 336 outputs. 
Middle dense layers accept 336 inputs and give 336 outputs. 
The output layer accepts 336 inputs and gives 1 output. For 
input and dense layers ReLU - Rectifier Linear Unit activation 
function is used and for the output layer, the Sigmoid function 
is being used. The Neural Net built contains an Input Layer, 
two Dense Layers, and an Output Layer as shown in Fig. 4. 

Each layer is of 336 nodes. Input to the neural net will     
the Violent Flow Features(ViF) which is a NumPy array of 
dimensions 129*336. Training is done for 150 epochs with a 
batch size of 10. Outputs will be in the range of 0.0 to 1.0 
which will be rounded off accordingly. 
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Fig. 4: Neural Network Layer Information 

 
1) N-Folds Cross Validation: The entire data set is divided 

into k sets. One by one, a group is chosen as a test set. Then, 
one by one, one among the remaining sets is employed as vali- 
dation sets and therefore the other k-2 sets are used as training 
sets until all possible combinations are evaluated. almost like 
the k*l-fold cross-validation, the training set is employed for 
model fitting, and therefore the validation set is employed for 
model evaluation for every of the hyperparameter sets. Finally, 
for the chosen parameter set, the test set is employed to gauge 
the model with the simplest parameter set. Here, two variants 
are possible: either evaluating the model that was trained on 
the training set or evaluating a replacement model that was fit 
on the mixture of the train and therefore the validation set. 

The entire data set is divided into 7 folds by partitioning   
the data set whenever we run the neural network algorithm. 
Every time the model is trained with different videos which are 
different from the traditional way of partitioning the dataset 
into 70% for training and 30% for testing. By doing so we   
can get better accuracies than as compared to partitioning the 
dataset into 70% for training and 30% for testing. 

 
F. VIOLENCE DETECTION 

This phase involves the detection of disturbance or violence 
in live crowd surveillance videos in real-time. Keras module 
has been used to train the neural network. The input surveil- 
lance video is pre-processed and Violent Flow Descriptors are 
generated dynamically in real-time. The average FPS rate of   
a video is to be considered  as  30  fps.  We  consider  every 
3rd frame for calculating ViFs.  Every 30 frames, i.e every       
1 second 336 length array is generated For each second of 

video, features are extracted and are given as input to the 
trained model for classification and violence detection. 

If some disturbance or violence is detected, it’ll be reported 
as an alert stating that it’s violence along side the time it’s 
occurred within a second of occurrence. 

 
IV. RESULTS 

A. VIDEO PREPROCESSING 

Surveillance footage is usually generated of size 240 x 320 
i.e of an aspect ratio of 3:4. The considered video format is avi. 
If the video is not present in the given format, we convert the 
video to the required format. Further, the frame is resized to 75 
x 100 size as shown maintaining the same aspect ratio using 
OpenCV functions. This resized frame is further converted to 
grayscale using OpenCV. The frame before and after video 
pre-processing is shown in Fig. 5. 

 
 

Fig. 5: Frames before and after preprocessing respectively 

 
B. OPTICAL FLOW 

Optical flow refers to the visible motion of an object in an 
image, and the apparent ’flow’ of pixels in an image. It is the 
result of 3d motion being projected on a 2-d image plane. Fig. 
6. shows two consecutive frames of a video in which  the car 
is in motion and the output of optical flow. The black regions 
in the output show the relative motion of the car between the 
frames. 

 

Fig. 6: Optical Flow Car Example 

 
C. VIOLENT FEATURES 

Violent Features for a video will contains 336 features. 
There are 21 bins in a histogram and each frame is divided 
into 16 blocks. Hence it results into a total of 21 * 16 = 336 
features ranging from 0.0 to 1.0. Some of them are as shown 
in Fig. 7. 
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Fig. 7: Violent Features Extracted from a video

 
D. NEURAL NETWORK TESTING ACCURACY

To test the accuracy of the generated neural net. The 
which contains 246 videos is divided into a ratio
of the data is used to train the neural net, 30% of the data 
used to test the accuracy of the generated model. Output 
Fig. 8 shows that the accuracy obtained is 80.597%. As we 
can see in the confusion matrix, the number of False 
is just 6, which means there are only 6 cases in the test 
which are violent but our system was not able to detect 
Whereas there were 7 cases in which videos were not 
but our system detected some violence. 

 

Fig. 8: Accuracy of training the neural network by 70:30 
method 

 
E. NEURAL NETWORK N-FOLDS CROSS

VALIDATION 

Sevenfold cross-validation is the validation manner that 
adopted in experiments. All the videos are divided into 
heaps with the same ratio between violent and non
ones. At each time one distinct heap is selected for testing  
and the other six heaps for training. This procedure is 
repeated seven times. The accuracy for seven
accuracy is shown in Fig. 9. 

 

Fig. 9: Neural Network Folds Accuracy

 
F. REAL-TIME SURVEILLANCE ON A VIDEO

The usual FPS rate of standard surveillance is 25. This 
means our algorithm has to process each frame in less than  
1/25th of a second. Real-Time Surveillance of a Video outputs 
on a terminal and it provides the exact second where the

 

Fig. 7: Violent Features Extracted from a video 

ACCURACY 

test the accuracy of the generated neural net. The dataset 
ratio of 70:30. 70% 

of the data is used to train the neural net, 30% of the data is 
used to test the accuracy of the generated model. Output in 
Fig. 8 shows that the accuracy obtained is 80.597%. As we 
can see in the confusion matrix, the number of False Negatives 

which means there are only 6 cases in the test set 
which are violent but our system was not able to detect it. 
Whereas there were 7 cases in which videos were not violent 

Fig. 8: Accuracy of training the neural network by 70:30 

FOLDS CROSS 

validation is the validation manner that is 
adopted in experiments. All the videos are divided into seven 

ween violent and non-violent 
ones. At each time one distinct heap is selected for testing  
and the other six heaps for training. This procedure is then 
repeated seven times. The accuracy for seven-folds and overall 

ural Network Folds Accuracy 

VIDEO INPUT 

The usual FPS rate of standard surveillance is 25. This 
means our algorithm has to process each frame in less than  

Time Surveillance of a Video outputs 
on a terminal and it provides the exact second where the 

frames go from violent to non-violent as shown in Fig. 10. 
with the help of this, we can decide the exact second where 
the violence occurs. 

 

Fig. 10: Violent Features Extracted from a video
 

V. CONCLUSION

A system that can identify disturbance in the crowd 
performing successfully in real-time with high accuracy. 
disturbance is the unruly behavior of the crowd caused 
to panic or violence. The system can differentiate 
non-violent crowded scenes such as ’athletes running in 
running race’ and violent crowded scenes such as ’gang 
The surveillance system-generated can be used in real
with CCTV cameras input and with video inputs also. 
surveillance system has enough reaction time accuracy 
classification accuracy to work indepe
system can perform surveillance on up to four input 
streams at a time. 
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CONCLUSION 

A system that can identify disturbance in the crowd is 
time with high accuracy. The 

disturbance is the unruly behavior of the crowd caused due   
to panic or violence. The system can differentiate between 

violent crowded scenes such as ’athletes running in a 
violent crowded scenes such as ’gang wars’. 

generated can be used in real-time 
with CCTV cameras input and with video inputs also. The 
surveillance system has enough reaction time accuracy and 
classification accuracy to work independently. The generated 
system can perform surveillance on up to four input video 
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