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Abstract. Violence is a problem of great impact that affects the countries of
the world, violence is a soft system that to date cannot be controlled, because
it can manifest itself in different ways, represented by high levels of crime and
delinquency. But now, there is Artificial Intelligence (Al), which uses innovative
resources and will help close gaps in the Sustainable Development Goals (SDG),
such as in health, traffic management, climate change and also violence. One way
to apply Al is through image processing with Convolutional Neural Networks
(CNN). This research evaluates the effectiveness of classifying actions of inter-
personal violence such as: strangulation, grappling, kicking or punching, using
CNN with Transfer Learning. First, a personalized dataset was developed using
images with simulated violent actions, obtaining a total of 2000 images, which
were distributed into 60% for training, 30% for validation and 10% for testing.
Second, the pre-trained CNN models were trained: VGG16, MobileNetV2 and
YOLOVS, subjected to 150 epochs, where the performance results were compared
between them and it was determined that the best performance was for YOLOVS,
obtaining an accuracy rate of 94.25% and an accuracy of 89%. In the end, a
prototype web system was developed using Python with OpenCV and YOLOvV8
to detect actions of interpersonal violence in real time and alert the authorities
involved in a timely manner. This research will serve as a reference for future
real-time video surveillance applications.

Keywords: Physical violence - Convolutional Neural Networks - Web System -
Deep Learning
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1 Introduction

On their website, the Pan American Health Organization (PAHO) together with the
World Health Organization (WHO) announce that every year at least 470,000 people
in the world die from homicide, a very alarming figure; even worse for the Americas
which has one of the highest homicide rates, which is three times the global average,
where almost 500 people have died per day as a result of interpersonal physical violence,
which at least 1 in 3 women suffered physical or sexual violence by your partner [1].
Furthermore, the rates of violence in Latin America and the Caribbean generate a climate
of uncertainty and insecurity in the population, since it is also a problem linked to the
political instability of a government, the poor economy of a country makes it difficult to
counteract it, as well as other factors. Associated [2—4].

In Peru, Law No. 30364 [5] establishes measures against violence against women
and family members, which classifies violence into four types: physical, psychological,
sexual and economic or patrimonial. The National Institute of Statistics and Informatics -
INEI of Peru, in its technical report on crime and citizen security, announces that the most
violent cases are: psychological and physical violence, and thatin 2017, 65.4% of women
between 15 and 49 years old, were raped at some point by their partner [6]. Furthermore,
the INEI indicates that the majority of women were victims of psychological violence
(61.5%), physical violence (30.6%) followed by sexual violence (6.5%).

Likewise, although governments have support and monitoring programs [7] together
with the police to counteract this problem, through citizen control, security in strategic
areas, integrated patrols as well as having video surveillance centers, these strategies
are not enough due to the great need and/or dependence on the presence of the human
factor to be able to identify and warn about violent actions, however, today Al makes it
possible to streamline recognition processes of said physical violent actions [8—15] and
automate your early warning by communicating in a timely manner to the authorities
involved.

2 Related Works

The works related to this research were found in indexed databases such as: Scopus,
IEEE, EBSCOhost, Wiley and ACM applying a Systematic Literature Review — RSL
with key criteria of “deep learning” and “physical violence”, in addition, only works that
used CNN with Transfer Learning were considered; finally, data collection was carried
out taking into account the following fields: Authors, Pre-trained models used by the
researchers, the pre-training Dataset, the proposed Hybrid Model and the result of the
“Accuracy” metric in a way that allows carrying out a performance comparison between
them, as detailed in Table 1.

In summary, Table 1 shows some CNN models with Transfer Learning used in similar
research, where there are studies using only pre-trained CNN models [8-10, 13, 16] as
well as hybrid models that can be observed, that is That is, they are investigations that
study the combination of CNN models with Machine Learning algorithms [8, 11, 12,
14, 15] in order to find better performance for the proposal. In this research, tests were
carried out using three (3) pre-trained CNN models, which are: VGG16, MobileNetV2
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Table 1. References that use CNN models with Transfer Learning

Author | Models used | Dataset Pretraining | Proposed Model Acc (%)
[8] MobileNet ImageNet Conv 91.00
LSTM
YOLOV7 COCO - mAP@0.5 = 76%

[9] YOLOV3 COCO - 94.00
[10] MobileNet ImageNet - 89.33
[11] InceptionV1 ImageNet+Kinetics | 2-Stream 3D-CNN 98.00
[12] ResNet50 ImageNet CNN+LSTM 93.63
[13] MobileNet ImageNet - 95.41
[14] VGG16 INRIA Person 2D BiGRU-CNN 94.58
[15] VGG16 ImageNet VGG16+LSTM 94.70
[16] YOLOvV2 COCO - 88.00

and YOLOv 8, the latter needed to work with labeling techniques to detect objects
in the image, but the first two work with image classification models. From its total
dimension. Likewise, in this research a personalized dataset was used with images of
actions of simulated interpersonal physical violence, and which were subjected to the
three aforementioned models, in order to consider the best of them to be used within the
development of the web system.

3 Proposed Design

3.1 Dataset Development

The first stage was the preparation of the dataset, it was decided to develop one based on
simulated physical violence actions in scenarios in urban areas, for which various video
recordings were made with body movements or behaviors of: strangulation, grappling,
kicking and punching [9] which were developed with the participation of young univer-
sity students, who provided support to this research voluntarily using their cell phones
to make the various video recordings.

To make the recordings, high-end cell phones with twelve (12) megapixel resolution
cameras were used, which were directed towards a single angle, because what is needed
in this research is to try as much as possible to simulate a camera of video surveillance
in an urban area, and normally these are always placed facing the same capture angle,
for which the following was considered:

e The cell phone was placed on a stand or tripod with a downward inclination of 15°.

e The cell phone should have a vertical distance of 2 m high and a horizontal distance
of 4 m maximum.

e The recordings were of simulated physical violent actions between a maximum of 2
participants (see Fig. 2) and without other people around.
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e Each video made had an average duration of 10 min.

e The recordings were made in the morning with natural light and at the same time
without much sunlight.

e The cell phone camera was not exposed to rainy conditions or at night since the
images had to be as clear as possible and free of noise or distortions.

In the end, and with the help of the “VLC media player” software, a quantity of
two thousand (2000) frames or images of size 1920 x 1088 pixels were selected, which
represents a standard quantity of images with which it was possible to work without
have overfitting problems, and that were distributed as detailed in Table 2 and placed in
labeled folders, as shown in Fig. 1:

Table 2. Distribution of selected images

Classes Training Validation Testing Total
60% 30% 10%
Strangulation 300 150 50 500
Grappling 300 150 50 500
Kicking 300 150 50 500
Punching 300 150 50 500
TOTAL 1200 600 200 2000
grappling

test kicking
s punching
valid

strangulation

Fig. 1. Distribution of the dataset folders

3.2 Training of Selected Models

The selected models were trained with the dataset created using a Workstation with the
following characteristics: Intel Core 19-9900K Processor, 128 GB RAM (4 x 32 GB)
3200 MHz, NVIDIA GPU model TITAN RTX 24 GB GDDR6 Professional, disk
1 TB M.2 Sata solid state hard drive (SSD) and one TB 7200 RPM hard drive. Which
were executed using Anaconda and Jupyter Notebook software. In addition, before exe-
cuting the training, Transfer Learning techniques were applied to take advantage of the
pre-trained weights of the models.

Before executing the training for the VGG16 and MobileNetV2 models, Transfer
Learning was first applied, adapting its last layers according to the parameters detailed
in Table 3 so that they can only work with four (4) classes of physical violence, also,



Web System for Recognizing Actions of Physical Violence in Urban Spaces 149

Fig. 2. Example of images selected for the dataset: Strangulation (a), Grappling (b), Kicking (c)

and Punching (d)

the hyperparameters of both models were configured as detailed in Table 4, however, it
is necessary to indicate that the proposal of the values assigned to the hyperparameters
result from the evaluation of the state of the art, but these values can be configured and
adapted to other proposals or different combinations during the training tests in order to
seek better performance of the results.

Table 3. Sequence of layers to apply Transfer Learning

Layer

Valor

Flatten

Dense

neurons: 128; activation: “relu”

Dense

neurons: 128; activation: “relu”

Dense

neurons: 4; activation: “softmax”

On the other hand, in the case of YOLOVS, the pre-trained weight of “yolov8x”
available on the https://github.com/ultralytics/ultralytics page was used directly and the
following training code was applied.

Iyolo task = detect

mode = train model = yolov8n.pt data

= {dataset.location}/data.yaml epochs = 150 batch = 16 imgsz = 224.
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Table 4. Hyperparameters of pre-trained CNN models

Hiperparametro Valor

Epoca 150

Bach size 16

Loss “categorical_crossentropy”
Opmizer “adadelta”

Metrics “accuracy”

4 Results

4.1 Training Results of the Selected Models

In the second stage of the research, the training, validation and testing processes of the
selected CNN models were carried out, for which Python code was applied in addition to
using Keras libraries, to obtain the VGG16 and MobileNetV2 models, where their final
layers were subjected to Transfer Learning technique and used the hyperparameters
mentioned above. Likewise, at the end of each training, the views of the “Loss” and
“Accuracy” graphs were developed and with the help of the Matplotlib and Sklearn
libraries to display the Confusion Matrix. Below are the graphs obtained from the training
and validation processes with respect to the loss and accuracy metrics, in addition to
showing the Confusion Matrix of each selected model.

VGG16 was the first model to run, which lasted approximately 1 h and 30 min of
training; Fig. 3a shows how the “Loss” level decreases as the epochs progress until
reaching levels less than 2% and Fig. 3b shows how the “Accuracy” level increases,
exceeding 60% at as the times advance.

8f | —— Loss Training
=,.’I; ----- Loss Validate T
6| £ 60|
g, 3
| 2404
]
21 =% —— Accuracy Training
= 20 :'I\ ----- Training Validate
0 25 50 75 100 125 150 0 25 50 75 100 125 150
Number of Epochs Number of Epochs

(a) (b)

Fig. 3. Training and validation of loss (a) and accuracy (b) with VGG16

Figure 4 shows the Confusion Matrix of VGGI16, as a result of the tests carried out
with 50 violent images of each class, where it can be seen that 41 images were correctly
classified for the “Punching” class, while the least accurate class was from “Strangula-
tion” with only 6 images correctly classified. Likewise, it is observed in the matrix that
the most common errors with this model fall on the actions of grappling and kick with
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33 and 27 errors respectively, where their predictions were taken as strangulation and
punching respectively, this may have happened because grappling and Strangulation are
very similar body movements, the same thing happens between a kick and a punch when
the algorithm confuses an arm with a leg or vice versa.

Sranquiation { 0 ‘ n 19 4

Grapphing 1 2 4
%
-
a
5
b
Kicking o 4 13
Punching 1 o 1
. il ]
JQ‘ \Q“cp hia o
& T o

predicted label

Fig. 4. VGG16 model confusion matrix

MobileNet was the second model to run, which lasted approximately 2 h of training;
Likewise, Fig. 5a shows how the “Loss” level decreases to levels less than 1% and Fig. 5b
shows how the “Accuracy” level increases and exceeds 80% as the epochs progress. of
training.

—— Loss Training
----- Loss Validate

Accuracy (%)
(=]
=}

[ 4 —— Accuracy Training |
e - A Training Validate
0 25 50 75 100 125 150 0 25 50 75 100 125 150
Number of Epochs Number of Epochs

(a) (b)

Fig. 5. Training and validation of loss (a) and accuracy (b) with MobileNet

Figure 6 shows the results of the MobileNet Confusion Matrix, where tests were
also done with 50 new violent images from the study classes, but it is observed that
the results are better than VGG16 since 49 correctly classified images were obtained
from the “Punching” class and 48 correctly classified images of the “Grappling” classes,
however, the “Strangulation” class is still the least accurate since it continues with only
6 correctly classified images. However, it is observed that there is a high level of error
regarding the strangulation actions (41 errors), where their predictions were taken as a
grappling, and this happens due to the great similarity between these two movements,
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which is when it happens that the algorithm does not differentiates these actions very
well.

Sranguistion{ & 1 z

Grapphng 4 a o 0

Kicking

true label
©
-
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Punchirg 4 1 0 0

precicted label

Fig. 6. MobileNet confusion matrix

YOLOVS8 was the third model to run, which lasted approximately 2 h and 50 min
of training; Fig. 7 shows how the “box_loss™ level for training and validation decreases
as the epochs progress until reaching levels less than 0.5% while the levels “Precision”,
“mAPS50” and “mAP50-95” They increase, exceeding 90% as the times progress.

train/box_loss train/cls_loss train/dfl_loss metrics/precision{B) metrics/recall(B)
e e ol ot 1.05 et | oy e LT
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- 0925 0.8
07 10
0.6 0.90 1 o300 0.74
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v — - - 0.831, — 0.850 4 Ll —
o 100 o 100 o 100 a 100 o 100
val/box_loss valicls_loss val/dfi_loss metrics/mAPS0(B) metrics/mAPS0-95(8)
e e = e M - - 1,00 T e e et miia
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Fig. 7. Training results with YOLOv8

Figure 8 shows the results of the YOLOv8 Confusion Matrix where tests were
also done with 50 new violent images of the study classes, but it is observed that the
results are much better than VGG16 and MobileNetV2 since 49 classified images were
obtained. Correctly of the “Punching” class and 50 correctly classified images of the
“Grappling” class and 49 correctly classified images of the “Kicking” class. Likewise,
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with YOLOVS the classification of the “Strangulation” class improved with 41 correctly
classified images.

Strangulation

Grappling

true label

Kicking

Punching

predicted label

Fig. 8. YOLOVS confusion matrix

In the end, the performance of each selected model was evaluated according to each
class of study, taking into account the metrics of Precision, Sensitivity, Specificity and
F1-score [17]. Likewise, the “Accuracy” metric was considered the highest. Importance,
as detailed in Table 5.

After analyzing the results of Table 5, YOLOv8 was considered the ideal model to
implement with the Web System since it achieved an average precision of 94.25% and
an accuracy level of 89.00% and mAP@0.5 = 91%, which indicates greater reliability
to classify the different actions of physical violence, then, next, the system for real-time
recognition was developed.

4.2 The Web System and YOLOvVS

In the third stage of the research, the web system and its integration with the YOLOvS8
model were developed, based on the support code from the GitHub section: https://git
hub.com/xavialex/Streamlit-TF-Real-Time -Object-Detection which allowed creating
an interactive website with Python language and Tensorflow, Keras and OpenCV libraries
quickly and with a minimum of code, which also allowed integration with the selected
model; Likewise, Fig. 9 shows a possible prototype or scheme to implement the web
system as if it were a real-time video surveillance system.

Finally, it is considered that the operation of the web system is very simple, you
simply have to place the web camera in the appropriate place at a maximum height of
2 m and having the capture area fixed at a distance of no more than 4 m, then in the
main interface of the web system select the “Detection” option, then select the level
of precision you want in the “Select Model Confidence” scroll bar, this level ranges
from 25% to 100%, and then the “Video” option to analyze saved violent videos or the
“Webcam” option to activate the web camera to capture violence in real time, at the end
click on the “Detect Video Object” button and the system starts working, as shown in
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Table 5. Summary of performance metrics for selected models

Models Classes Performance metrics in %
Prec. Sens. Spec. F1 Acc.
VGG16 Strang. 15.38 12.00 68.26 13.48 38.5
Grappling 28.95 22.00 70.97 25.00
Kicking 40.43 38.00 67.44 39.18
Punching 53.95 82.00 95.88 65.08
Avg 34.68 38.50 75.63 35.69
MobileNetV2 Strang. 66.67 12.00 97.67 20.34 66.0
Grappling 48.98 96.00 62.69 64.86
Kicking 96.67 58.00 99.04 72.50
Punching 77.78 98.00 85.57 86.73
Avg 72.53 66.00 86.31 61.11
YOLOVS Strang. 93.17 78.11 97.94 84.98 89.0
Grappling 92.18 100.0 96.92 95.93
Kicking 95.38 99.35 97.98 97.32
Punching 96.28 76.38 99.06 85.18
Avg 94.25 88.46 94.75 90.85

-

femmmered
Laptop con GPU

e [

e
Laptop con GPU

Camara Web

f—
Laptop con GPU

IE-—-

Partantes PC con GPU

Fig. 9. Implementation scheme of the Web System based on YOLOv8

Fig. 10. The system will begin to recognize the different actions of interpersonal physical
violence by showing labels around the detected images, as can be seen in Fig. 11 and
when detecting at least four (4) violent actions uninterrupted within a period of 10 s, the
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system will emit an audible alert through the speakers connected to the PC or Laptop to
notify the people or authorities involved and act in accordance with the law.

o3

id:3 forcegeo 0.83

mage/Vides Config
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e —— P il ¢ -~ §m Jd com GO gn e

o W

Fig. 10. Home page of the Web System based on YOLOv8

(d)

Fig. 11. Example of recognitions detected by the YOLOv8-based Web System: Punching 90%
(a), Strangulation 86% (b), Grappling 75% (c) and Kicking 90% (d)
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5 Conclusion

An investigation was carried out to compare three pre-trained CNN models based on
Transfer Learning techniques to classify actions of physical violence in urban areas, the
results show that the selected and tested models work adequately with a personalized
dataset and provide significant advantages that helped deduce which of these models is
the most appropriate for the proposed research.

Likewise, from the results of the performance metrics, it is concluded that the
model that presents the best performance is YOLOv8 compared to its similar VGG16,
MobileNetV2, however, we must take into account the handling that these models have
to recognize and detect objects in the images since it is a determining factor and that is
what we have verified in this investigation.

In addition, the Web System was implemented with YOLOVS8, which is a technology
that has been constantly updated and is considered one of the most optimal models to
perform in scenarios to detect objects in real time, where its convolutional layers have
better filters to extract features. Essentials of an image.

6 Recommendation

It is recommended that, for future work, a more robust personalized dataset should be
generated with other actions of violence, and tests should also be carried out with other
object detection models that use the bounding box labeling technique, such as Thunder,
PicoDet, among others. Finally, it is recommended to implement an Intelligent Video
Surveillance System in real time that issues other types of alarms automatically, such as
sending alert signals or text messages to the cell phones of the competent authorities to
ensure the tranquility of the areas. Urban.
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