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Abstract: In the research of video-based violent behavior detection, the motion information in
the video is vital for violence detection. How to highlight motion information in videos and
integrate spatiotemporal information is an urgent problem that needs to be solved in violence
detection. In this paper, we propose a deep learning architecture that integrates shallow
features into deep features to strengthen the network's ability to express motion information at
a deep level. To enhance the weight of motion information in the network, we design a
downsampling module to extract shallow features, fused with the deep features extracted by
MobileNet's Blocks. Furthermore we constructed a channel attention module and introduced a
Convolutional Long Short-Term Memory (ConvLSTM) module. These two modules aim to
redistribute network attention: the channel attention module focuses on channel-level
information and the ConvLSTM module emphasizes temporal aspects. Finally, we employ 3D
convolution and global pooling to compress the feature sizes, fed into fully connected layers to
perform violence detection. Experiments are conducted on three publicly available standard
datasets, achieving an accuracy rate of 91% on the surveillance video dataset RWF2000, 97.5%
on the Hockey fight dataset, and 100% on the movies dataset. Overall, the proposed model

demonstrates satisfactory performance in violence detection.
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1 Introduction

detection has emerged as a prominent research focus in
[4]

In recent years, surveillance cameras have become
integral public infrastructure, and the development and
application of surveillance video systems have positively
impacted social security!’!. Built upon this foundation,
intelligent security systems play a crucial role in
advancing smart cities, owing to their capability to
enhance urban security management through crowd
behavior detection'®). The automatic recognition of
abnormal behaviors or events in videos has been widely
applied in numerous fields such as surveillance and
public safety™. As the number of surveillance videos
recording human activities rises, there is now a growing
demand for the automatic identification of violent events
that jeopardize social security. As a result, violence

computer vision*™.

Neural networks have made significant contributions
in various fields, including their application to violence
detection. In the era of big data, the growing abundance
of videos containing violence offers substantial and
diverse databases to train deep learning models. Firstly,
two-dimensional (2D) convolutional neural networks
(CNNs), known for their excellent performance in image
recognition tasks, have been applied to violence
detection. However, they face challenges in
understanding video data”™. Videos depicting violent
behavior are essentially temporal sequences, and relying
solely on human limb gestures captured in a single image
lacks the contextual dynamic motion information needed
to identify violent behavior accurately. Recurrent neural
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networks (RNNs) are adept at handling temporal
sequences, as demonstrated in natural language
processing!®. Introducing RNNs can assist CNNs in
learning temporal features effectively. The Long Short-
Term Memory (LSTM) architecture is commonly used
for processing temporal sequences. When endowed with
convolutional  structures, LSTM  evolves into
ConvLSTM, enabling the network to encode temporal
information across frames while extracting spatial
features.

Due to hardware limitations, surveillance devices
face challenges in handling neural networks with large
parameters. We tend to search for a network model with
fewer parameters while achieving higher recognition
accuracy. The MobileNet series performs excellently in
large-scale classification tasks, utilizing significantly
fewer parameters than large neural networks. This makes
it well-suited for deployment on surveillance devices for
real-time recognition tasks”. Due to the limited number
of samples in publicly available violence recognition
datasets, it is difficult to train a new neural network from
scratch. Therefore, in this paper, a pre-trained MobileNet
V3 model is utilized. We extracted the optical flow and
grayscale frame differences from the video sequence and
concatenated them to form the input, instead of using the
original input image. The new input can directly reflect
the motion information of violent behavior, enhancing its
suitability for violence detection tasks. However, the
splicing input introduces an additional challenge. The pre-
trained MobileNet model does not incorporate optical
flow or frame difference images as part of its pre-training
process. As a result, the deeper features of the network
tend to be biased toward recognizing static objects rather
than capturing dynamic motion information. Building
upon the concept of the residual structure®, motion
features that remain figuratively expressed in the shallow
layer are merged into the deeper abstract features
following several downsampling stages. A multi-scale
sampling module is constructed using three parallel
convolutional layers with different kernel sizes to better
utilize shallow features. This module is combined with
ReLU, Batch Normalization and Pooling layers to form a
downsampling module. The features obtained through
downsampling are merged with the deep features of the
network using the proposed fusion strategy. This merging
augments the significance of motion features within the
network, thereby enhancing its comprehension and
expression of dynamic information. An attention
mechanism is incorporated at the end of the feature
fusion module to emphasize the deeper features.
Convolutional layers are employed to reduce the number
of channels in the fused features while achieving
information correlation among the channels. Global
pooling maps each channel's feature map into a
corresponding weight, which is then computed by a
convolutional layer and multiplied with the feature map,
effectively redistributing the feature weights across

channels. Then, the ConvLSTM module is utilized to
process the entire video sequence, where the features
outputted by the hidden layer at each time step establish
temporal correlations with the entire video.

The main contributions of our proposed model
include:

1. We designed a downsampling module to extract
shallow features of the neural network and then fused
them with the deep features to enhance the weight of
motion information within the network.

2. We designed a channel attention module to
emphasize the channel weights of the feature maps for
each frame. The ConvLSTM module was also introduced
to strengthen the temporal correlation between
fragmented individual frame features and integrate them
into a unified whole.

In the remainder of this paper, a comprehensive
review of the existing literature on neural networks for
violence detection is provided in Section 2. Section 3
elaborates on the image preprocessing method, the
network model architecture, and our proposed module.
Section 4 presents the experimental results obtained from
our methodology. Finally, a summary of our work is
provided in Section 5.

2 Related work

Numerous publicly available CNN models have
exhibited excellent performance in image recognition,
forming a progressive series of neural network models.
These models have been trained on extensive image
classification datasets that are publicly available. They
show promising potential to transfer to other tasks,
significantly reducing the time required to learn
fundamental features. The progressive evolution and
refinement of the image domain in the realm of deep
learning have significantly broadened the applicability of
recognition methodologies, enabling neural networks to
handle complex human behavior that can effectively
understand the intricacies and dynamics of human
interactions within a video[9]. In violence detection
research, which often centers on video analysis, pre-
trained CNN models hold significant potential for
transfer  learning. This capability enables the
identification of violent behavior within target videos.

When dealing with a video sequence composed of
multiple frames, it is imperative to consider the
recognition results of the entire video sequence to
identify violent behavior. The 2D CNN utilizes its
convolutional layers to extract spatial features from video
frames, resulting in a one-dimensional (1D) feature
vector as its output. These vectors from the same video
are concatenated and fed into the recurrent neural
network for learning temporal features. 2D CNNs play a
pivotal role in acquiring the spatial features of the
images. Kumar et al.””) used a pre-trained Inception v3
model, Ullah et al. " utilized a pre-trained ResNet-50
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model, and Sarcar et al. "' employed a pre-trained
VGG16 model for their respective studies. These studies
demonstrate the effectiveness of using established CNN
architectures for violence detection tasks. First, the
spatial features of all frames are extracted and connected
back to a unified sequence. Then, temporal dependency is
captured by an LSTM module, and subsequently, the
classification results are obtained through the fully
connected layer. At the final convolutional layer, the
feature maps, before being converted into 1D vectors,
contain more information, and the temporal information
of the feature map sequence can be extracted by a
ConvLSTM module. The spatial features of video frames
are extracted by the convolutional layers of the
VGG16'% or VGG19'¥. Next, the ConvLSTM module
replaces the fully connected layers of VGG to incorporate
the temporal information across video frames,
establishing temporal correlations. Finally, new fully
connected layers are appended to the ConvLSTM module
to obtain the ultimate classification results.

The 2D CNN mainly relies on convolutional kernels
to extract spatial features. In contrast, the 3D
convolutional kernel enhances this capability by adding a
temporal dimension to the 2D convolutional kernel,
enabling the extraction of both spatial and temporal
features. Therefore, the 3D CNN can directly learn the
whole video sequence. Most of the research conducted on
3D CNNs revolves around the innovation and
development of the C3D model"* ">, The Two-Stream
Inflated 3D ConvNets (I3D) 'Y model matches the
temporal length of the video by inflating the
convolutional kernel. The two-stream input design of
RGB and optical flow provides more feature information
for the network!'”). Inflating the 2D convolutional kernel
enables 13D to utilize parameters from pre-trained 2D
CNNs. The subsequent advancement of 13D marks a new
milestone and starting point in 3D CNN research,
influencing subsequent studies!"®. Furthermore, 3D
CNNs can serve as a complement to 2D CNNs,
concatenating the feature maps learned by both networks
in the channel dimension can provide richer information'*’.

Among the prevailing CNNs, 2D CNNs are
primarily designed for single-image recognition tasks,
which restricts their ability to capture comprehensive
temporal features. Even with supplementation by LSTM,
they still face challenges in effectively learning complete
spatio-temporal features. On the other hand, 3D CNNs
have the inherent capability to learn spatio-temporal
features of video frames directly. However, their usage
often entails higher computational complexity and more
parameters, presenting challenges regarding
computational resources and training efficiency. When
the real-time recognition capability is considered an
essential factor in evaluating model performance, existing
2D CNNs offer a broader array of options. This paper
adopts the MobileNet as the backbone network to reduce
parameters and enhance computational efficiency.

Furthermore, the ConvLSTM was employed to capture
temporal correlations. The improved model based on
these foundations demonstrates increased recognition
accuracy.

3 The proposed methodology

In our proposed end-to-end neural network model
for detecting violent behavior in videos, our methodology
involves leveraging 2D CNNs to capture spatial features
from each input frame. A channel attention module was
utilized to reconstruct the channel weights of the feature
maps, and then a ConvLSTM module was applied to
integrate the video sequence along the temporal
dimension. These extracted features were forwarded to a
classifier constructed with fully connected layers,
ultimately facilitating the determination of whether
violent behavior is present.

3.1 Optical flow and frame difference extraction

The main evidence used to determine violence in the
video objectively focuses on the behavioral actions of the
crowd, often disregarding complex background
information beyond the moving subject. By stripping the
moving subject from the video and eliminating the
interference from the background, the attention of the
neural network can be directed toward the actions of the
crowd in the video. However, raw images only depict the
spatial relationship between characters and do not convey
their movement process, limiting the neural network to
learning static information from such inputs. By using
optical flow, the motion information within the video can
be captured, revealing how the limb positions of the
characters change over time and highlighting the
instantaneous velocity of the moving subject. We
employed the Gunnar Farneback optical flow method™”
to estimate the displacement of light for every pixel
between two consecutive frames, which provides values
representing the horizontal and vertical directions of
movement. Among the various methods for calculating
optical flow, the Farneback optical flow method stands

out for its sensitivity to abnormal scenes”!! and offers
distinct advantages in detecting abnormal crowds.
Additionally,  subtracting pixel values between

consecutive frames can eliminate the image background,
while the frame difference method preserves the contour
features of the moving subject. These approaches capture
some temporal information while protecting the primary
spatial information. Both optical flow and frame
difference are suitable for input in violence detection
tasks.

The utilization of two-stream inputs offers a more
comprehensive representation of information, thereby
enhancing the recognition capability of the model.
However, the computational demands are approximately
doubled compared to a single-stream network. Moreover,
the three color channels of the raw image often
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encompass similar information, leading to a degree of
redundancy. The optical flow from two channels and the
frame difference represented in grayscale are merged into
a unified input using a concatenation approach. This
approach aimed to emulate the input effect seen in two-
stream neural networks. In contrast to the raw image,
which primarily conveys color information, the splicing
input offers a more precise representation of motion
information. In Equation 1, Frame is the original color
image of the video and Frame, is the tth frame in the

video sequence.
Input,= Cat[Flow, ,,(Frame,,, Frame,),

Gray(Frame, — Frame,))] (M

3.2 Network architecture

The sample size of existing violence detection
datasets is insufficient to meet the order of magnitude
required for deep learning. Therefore, it is suitable to use
the method of transfer learning to fine-tune the neural
network trained on a large dataset. To balance the
computational cost and recognition accuracy, we chose to
use MobileNet to extract spatial features. MobileNet
Vv3# adds the Squeeze-and-Excite module to the

MobileNetV3

Inverted Residuals Block, constructing several similar
Linear Bottlenecks structures responsible for primary
feature extraction tasks. We extracted the shallow features
before the Blocks, introduced them into the parallel
downsampling module and then concatenated them with
the deep features. The concatenated features underwent
convolutional fusion to align channel dimensions,
followed by multiplication with the deep features and
then addition with them, as shown in Figure 1. The fused
feature maps were passed through a channel attention
module to update the channel weights. Following the
passage of all the input video frames through the CNN,
they were merged into a single unified video sequence.
Subsequently, a layer of the ConvLSTM module® was
used to establish the temporal dependency. A 3D
convolution was applied to compress the temporal
dimension, followed by global average pooling to reduce
the size of the feature map. Ultimately, the four-
dimensional (4D) tensor, which includes dimensions for
time, channel, height, and width, was transformed into a
1D tensor. This sensor had a length equal to the number
of channels and served as the input to the fully connected
layer to detect violent behavior in the video.
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Fig.1 The Overall flowchart of the network and the fusion module and attention mechanism

3.3 Deep and shallow feature fusion

The pre-trained MobileNet provides an interface for
customizing the classifier, meaning that the model allows
users to train end-of-line classifier modules on their
datasets. Therefore, we removed the fully connected layer
for classification and retained the convolutional layer-
based Blocks. Inserting a new module into a pre-trained
neural network renders the network parameters beyond
that module obsolete. Therefore, the optimal strategy is to
merge the features obtained from downsampling into the
last layer of the Blocks. The features, obtained through
downsampling modules after only a few feature
extraction steps, exhibit less semantic information

compared to the deep features extracted by the Blocks.
They cannot independently perform violence detection
and merely complement the deep features.

The shallow features still show more concrete
representational information. We designed appropriate
convolutional layers within the downsampling module to
extract the abstract violent characteristics. Due to the
diverse camera angles and distances used during video
recording, the proportion of moving subjects in the
images differs significantly. A single receptive field is
insufficient to comprehensively extract information from
subjects of different sizes. To effectively utilize shallow
motion information across various scales, we proposed a
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multi-scale feature extraction module, as shown in Figure 2.
This module employs a parallel three-branch structure,
where each branch utilizes convolution kernels of three
distinct sizes for downsampling. In the Blocks, feature
extraction and channel expansion are primarily conducted
using a 3x3 convolutional kernel. Consequently, we
designed the 3x3 convolutional layer to generate new
feature maps with C/2 channels, supplemented by 1x1
and 5x5 convolutional kernels in separate layers to
produce feature maps with C/4 channels. These feature
maps were concatenated to get the downsampled feature
maps with C channels.

\

!

I

C/4 Convlx1- |
|

|

!

C/2 Conv3x3- |
|

!

|

C/4 Conv5x5- @ i
|

L S —.

[[] reLU+BN
. Multi-scale feature extraction
D MaxPooling

Fig.2 The layer structure of the downsampling module

The ReLU activation function, Batch Normalization
(BN), a multi-scale feature extraction module, and
MaxPooling are used to construct the downsampling
module, as shown in Figure 2. The activation function
enabled the neural network to learn more complex
nonlinear relationships, thus increasing the network's
generalization ability. BN adjusted the data to a standard
normal distribution, alleviating gradient vanishing
problems and enhancing network stability. ReLU and BN
were used with the convolutional layers to mitigate the
risk of overfitting. MaxPooling merged the local regions
of the feature map through a sliding pooling window,
which reduced the size of the feature map while retaining
the most salient feature values. This process helped to
suppress extraneous noise and redundant information.
The multi-scale feature extraction module extracted
shallow motion features while expanding the number of
channels, thereby creating more feature space to capture
more intricate patterns. The sampling step size of the
three convolution kernels in the module was set to 2 to
downsize the feature map. With MaxPooling, the module
accomplished the downsampling of the shallow features,
reducing the number of parameters and computational
complexity in the model. Using the aforementioned
module, the downsampling module running in parallel
with the Blocks unified the feature map size of the

shallow features before the Blocks and the deep features
after them, enabling seamless feature fusion in
subsequent stages.

Table 1 presents the specific parameters of the two
proposed modules within the deep and shallow feature
fusion module. These parameters include the sizes of the
input and output feature maps at each layer, the kernel
sizes in convolutional and pooling layers, as well as the
strides. Convolutional layers with the same suffix
notation are arranged in a parallel structure and belong to
the same multi-scale feature extraction module.

Table 1 Parameters of each layer in the deep and shallow
feature fusion module

Input Operator Kernel size Stride Output
Downsampling module layers
16x1122 ReLU / / 16x1122
16x112>  BatchNorm / / 16x1122
16x112>  Convl_1 1 2 20562
16x112>  Conv3_1 3 2 40x56°
16x112>  Conv5_1 5 2 20567
80x56° MaxPool 2 2 80x28>
80x28> ReLU / / 80x28*
80x28>  BatchNorm / / 80x28*
80x28* Convl 2 1 2 240x 14
80x28? Conv3 2 3 2 480x14°
80x28> Conv5 2 5 2 240x14%
960x14? MaxPool 2 2 960x72
Fusion module layers

1920x7? Cony 1 1 960x72
960x7 ReLU / / 960x72
960x7>  BatchNorm / / 960x7*

In Equation 2, the deep features extracted by the
Blocks and the shallow features obtained by
downsampling in the channel dimension are concatenated
using a convolutional layer and adjusting the number of
channels. Subsequently, BN and ReLU activation
functions are applied to strengthen the nonlinear
representation of the model.

Seaturejsion = ReLU(BN(ConW(Cat featurepiocks . feature joum 1))

2)

In Equation 3, the fused features are multiplied by

the deep features and then added to the latter to enhance

common important features while attenuating less
significant features and suppressing noise.

Seature' piocks = featurepiocrs + feature fgion X feature pioers(3)

At this stage, the MobileNet model and the deep and
shallow feature fusion module have completed spatial
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feature extraction and enhanced motion features for each
frame of the input.

3.4 Channel attention and temporal correlation

We devised a channel attention module to leverage
the fused features effectively. The fused feature map
undergoes a convolutional operation to decrease the
number of channels. Following this reduction, in
Equation 4, analogous to the ECA (Efficient Channel
Attention) module [24], the feature maps feature” " "
undergo global pooling, allowing each channel's feature
map to be represented by its corresponding value.
Distinct from employing convolutional kernels of
adaptive sizes to correlate feature information between
channels, the proposed module achieves channel
interdependency simultaneously through the preceding
channel reduction before pooling. Consequently, the
convolutional kernel size here is set to 1, enabling the

weight values W™ to focus more on their
corresponding channels.
WS = Conv(Pooling( feature© " ™) @)

In Equation 5, the weights W ! are multiplied by
the feature maps feature” ™ to complete the
redistribution of the channel weights.

SeatureSn! = feature " x ! %)

After the CNN with the channel attention module,
each frame 1is converted to feature vectors with
dimensions CxWxH. Stacking the feature vectors

Channel
Attention

Channel
Attention

corresponding to each frame in chronological order to
obtain a 4D feature vector of TxCxWxH, where T
represents the temporal dimension. However, simple
stacking can only be seen as the process where multiple
static images collectively contribute to the recognition of
violent  behavior, disregarding the  contextual
relationships among consecutive frames. To enable the
model to learn the dynamic process of violent behavior,
the ConvLSTM was introduced to wunderstand the
temporal correlation of the video sequences. As shown in
Figure 3, the vectors are input into ConvLSTM in a
temporal order. Cell State(C,, Cy, -+, C;) is the memory
unit of ConvLSTM, preserving the previous information
and contributing to the computation of the new
information. Based on the previous Cell State and Hidden
State, along with the current vector V,, the output at the
current time can be calculated, which is the Hidden
State H,. Stacking the Hidden States of the ConvLSTM
Cell outputs in chronological order yields the
Output ™™™ of the ConvLSTM, which is the real
information encoded by the ConvLSTM. Each Hidden
State is strongly related to the current moment and can
establish a temporal relationship with the inputs of all
previous moments, which aids the model in adaptively
assigning time weights to video sequences. Hence, we
utilized Output™ " as the ultimate feature vector. This
vector effectively captures the temporal dynamics and
encodes the contextual relationships among consecutive
frames, enhancing the model's ability to recognize violent
behavior.

Channel
Attention

PxCx Wt
[ Feature " j

Vi |2
A 4 v A 4 al
Ci C:
ConvLSTM ConvLSTM
Cell Hi Cell H>

e

Vi
........ _Cu v _ G,
ConvLSTM
Hi-i Cell H:

[ Output IxCxWxH j

Fig.3 The ConvLSTM establishes temporal dependencies among isolated vectors.

4 Experimental results and analysis

In this section, we detail our training methodology,

including the programming language utilized in our
experiments and the necessary hyperparameters for
training. Following this, we introduce the publicly
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available dataset used in this paper. Finally, the
experimental results were analyzed from multiple
perspectives. Our proposed approach demonstrated
excellent recognition capability in our comparison of
recognition accuracy across various methods on the same
dataset. We conducted ablation experiments to assess the
impact of our proposed method on model performance.
Heatmaps were generated for different positions within
the deep and shallow feature fusion module using
samples from the validation set, effectively demonstrating
the functionality of this module. Additionally, we
constructed confusion matrices and performed detailed
analysis on representative samples to showcase the
performance of our proposed model under specific
conditions. The results indicated that the improved neural
network is better suited for violence detection.

4.1 Hyperparameter settings

The video duration varied across different datasets.
To standardize the length of the video sequence, average
sampling was employed to extract 30 frames to construct
the input video sequence. Each frame tensor was sized at
30%3x%320%320. Our proposed method was implemented
using Python 3.9 and the PyTorch. During the training
process, we set up 100 epochs to train the model. Several
common image enhancement techniques enriched the
data samples, including random cropping, random
horizontal flipping, brightness and hue adjustment, and
data normalization. The optimizer was AdamW, with the
initial learning rate set to 0.00001 and the weight decay
to 0.00002. A cosine annealing strategy was employed to
reduce the learning rate during the training process
dynamically. The loss function was binary cross entropy
(BCE). For the MobileNetV3 model, we selected the
Large version and retained all pre-trained parameters. As
for other network modules, default parameters were used
for their initial settings.

4.2 Datasets information

The Hockey Fight dataset™ comprises 1,000 videos
captured during hockey games, where a mobile camera
tracks the movements of hockey players. The videos vary
in length, with violent video clips primarily capturing
instances of fighting among the players during the game.
In contrast, nonviolent video clips showcase the regular
progression of the game. Notably, the recorded
behavioral actions in this dataset exhibit a relative
similarity, with backgrounds consistently depicting sports
venues dedicated to ice hockey games.

The Movies dataset™ consists of video clips
sourced from various movies, comprising 100 violent
clips and 100 nonviolent clips. This dataset is typically
presented within the same article as the Hockey Fight
dataset and it shares similar clip lengths to the latter.
Unlike the Hockey Fight dataset that only has a single
background type, video clips in the Movies dataset
contain more diverse background types.

The RWF2000 dataset™™ consists of 2000 surveillance
video clips that have been pre-divided by the author into
a training set and a validation set. The training set
comprises 1600 clips, and the validation set shall consist
of 400 video clips. Each video clip in this dataset has a
fixed duration of 5 seconds, but some videos cannot play
at normal speeds. These video clips are captured by
surveillance cameras and encompass a range of real-life
scenes. The videos often contain factors such as
obstructed characters and low shooting light, which are
highly relevant to violence detection applications.

4.3 Network performance comparison

In the dataset used for our experiment, 80% of the
video samples were used to train our model, and the
remaining portion was used to test its performance. As
shown in Table 2, our model achieves a notable level of
accuracy on the RWF2000 dataset, surpassing that of
most other network models. In video samples captured by
surveillance cameras, the position of objects and the
brightness of light remain largely unchanged in the
background, while the moving subject can be clearly
highlighted in optical flow and frame difference. Our
proposed model demonstrates excellent performance on
datasets captured with fixed cameras. Samples from the
Hockey Fight dataset are videos captured by a moving
camera, where changes in the relative position of
characters cannot be accurately mapped to their actual
movements. As a result, our proposed model exhibits
slightly lower accuracy compared to other methods on
this particular dataset. As evaluated on the Movies dataset
across different backgrounds, our proposed model
demonstrates near-perfect recognition.

The parameters of the proposed model are presented
in Table 3. Compared to the approach using 3D CNNs,
the proposed model boasts a smaller number of
parameters and has lower requirements for hardware
platforms. During the experiments, a GTX 1080Ti was
sufficient to complete the entire training process. A test
sample can be detected within 0.4 seconds.

4.4 Ablation experiment

We conducted ablation experiments on the
RWF2000 and Hockey Fight dataset, evaluating all
combinations of splicing input and two proposed
modules. Table 4 demonstrates the improvement achieved
by our proposed method on the model's recognition
performance. It can be seen that the table, the splicing
input plays a significant role in improving the
performance of the model. In addition, enabling the 2D
CNN to directly learn the motion features facilitates the
detection of behavioral actions. The deep and shallow
feature fusion module enhances the pre-trained network's
adaptability to violence detection. It achieves this by
reusing the shallow feature information to strengthen the
weight of the training samples in the network. The
module also facilitates the transfer of the abstract
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Table 2 Comparison of accuracy with other methods on standard datasets

Method Hockey Fight Movies RWF2000
ViFi"! 82.9% \ \
HOG+Random Forest!**! 86% \ \
Inception-Resnet-V21**! 93.33% 100% \
ResNet50+NNE! 96% 100% \
U-Net+ResNet508!! 96.4% \ \
C3D+nception-Resnet-V262 95.1% \ \
MobileNetV2+SepConvLSTM, 2 Streams 99% 100% 89.75%
3D CNN+3D CA+ConvLSTME! \ \ 89.7%
Yolov3+ConvLSTM+GRU®?! 98.5% \ 88.2%
HRNet+3D CNNE¢! \ \ 89.45%
3D CNNE7 95.5% 100% 73%
3D, 2 Streams?**! 98.7% 99% 90.4%
ConvLSTM! 94.5% 98.5% 90.25%
VST+GCN+VGG+BILSTM! ! 97.97% \ 90.74%
ResNet50+POTM! 96% 100% 84%
X3DH \ 87.2%
Ours 97.5% 100% 91%

Table 3 Comparison of accuracy and parameters on
the RWF2000 dataset

Method Accuracy Parameters(M)
HRNet+3D CNNEY 89.45% 13.54
13D, 2 Streams**) 90.4% 13.2
Ours 91% 6.52

representation of the network's deep features from visual
object recognition to violence detection. The channel
attention module and ConvLSTM adaptively learn
important features from different dimensions. Together,

they form an attention mechanism that allows the model
to focus more accurately on information related to violent
behavior. However, due to the low difficulty of the
Hockey Fight dataset, all methods have good effects on it.
According to the ablation experiment, the proposed
method has slightly improved performance, but there is
not much difference between various methods. At the
same time. Using the raw image input yields better results
than combining it with optical flow. This is because the
cameras in the Hockey Fight dataset are in motion, so
inputting the original image is better. However,
considering both of the two datasets, the method of
integrating optical flow has stronger adaptability.

Table 4 Comparison of proposed methods on model performance

Input Model RWF2000 Hockey Fight
Raw image input MobileNet 78.25% 97%
Raw image input MobileNet+Fusion 81.25% 96.5%
Raw image input MobileNet+Attention 80.5% 96%
Raw image input MobileNet+Fusiont+Attention 82% 98%
Splicing input MobileNet 84.75% 96%
Splicing input MobileNet+Fusion 88.5% 95%
Splicing input MobileNet+Attention 86% 96%
Splicing input MobileNet+Fusion+Attention 91% 97.5%
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4.5 Visualized heat map

We used the trained model to detect violent samples
in the validation set and generated its heat map through
the deep and shallow feature fusion module. The
detection process of the network can be visualized
through the heat map, as shown in Figure 4. The first
column shows the raw images in the samples. In the
second column, the heat map of the shallow layer reveals
activated thermal regions that are relatively scattered.
Moving to the third column, the heat map represents the
downsampling module, while the fourth column
illustrates the heat map of the Blocks. The heat maps of
violent samples demonstrate that the downsampling
module and the Blocks accurately focus on the areas
where violent behavior occurs. The fifth column displays

Raw Images Shallow Layer Downsampling

the heat map of the fusion module, highlighting a region
of activation that is more concentrated and accurate. This
module seamlessly combines the deep and shallow features,
leading to enhanced accuracy in localizing violent behavior.
The sixth column presents the heatmap of MobileNet
without the proposed module. When compared to the
heatmap exhibited by the fusion module in the fifth
column, the unmodified network demonstrates inferior
sensitivity to violent actions and accuracy in the region of
interest. The comparison of the heatmap between the
unmodified MobileNet and the fusion module is
consistent with the quantitative accuracy comparison
results from the ablation experiments. This underscores the
proposed method's effectiveness in distinguishing between
violent and non-violent scenes by actively attending to
violence information and relevant motion patterns.

%

Blocks MobileNet

Fusion

Fig.4 The heat map generated by the test sample passing through different parts of the networks

4.6 Confusion matrix analysis

We considered samples containing instances of
violence as Positive and those without violence as

Hockey Fight

Movie

Negative. Our proposed model was then applied to test
the datasets, generating the confusion matrices, as shown
in Figure 5.

RWF2000

A% 0.895 0.105
) ) o)
& & =
5 e =
2 2 2
= = =
N 0.925
A% N A% N A% N
Predict label Predict label Predict label

Fig.5 Confusion matrices depicting the accuracy obtained by the proposed model

The data from the confusion matrix enables the
calculation of wvarious evaluation indicators. Table 5
presents the Accuracy, Precision, Recall, and F1-score of

the proposed model on the Hockey and RWF datasets. On
datasets with an equal number of positive and negative
samples, Accuracy and Fl-score tend to be close, both
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serving as comprehensive indicators for evaluating the
model. Precision and Recall, on the other hand, can
reflect the tendency of the model's detection performance.
With the samples in the confusion matrix, we can
specifically analyze the detection performance and
application scenarios of the proposed model.

Table 5 Detailed evaluation results on Accuracy,
Precision, Recall, and F1-score.

Method  Dataset  Accuracy Precision Recall Fl-score
Hockey 98.5% 0.99 0.98 0.985
[35]
RWF2000  88.2% 0.849 0.930 0.888
[38] RWF2000  90.4% 0.9 0.91 0.9
Hockey 97.5% 0.98 0.97 0.975
Ours
RWF2000 91% 0.923 89.5 0.909
We selected representative samples from the

RWEF2000 dataset, as shown in Figure 6. The characters
in the True Positive samples appear blurred and
incomplete, while the True Negative samples contain
complex backgrounds and irrelevant characters. Our

o 1B 4 Wi v

proposed model can accurately evaluate such samples,
demonstrating high robustness to complex scenes. In such
video samples, the splicing input can extract key motion
information and remove background noise. However,
upon observing the test samples with incorrect
predictions, we found that nearly half of the False
Negative samples, despite being 5 seconds in duration,
consist of only a few frames of images, where the images
remain  unchanged over an extended period.
Consequently, the splicing input contains numerous blank
frames, posing a significant challenge to models that rely
on motion information to identify violent behavior. In
False Positive samples, there is an instance where two
people intersect quickly. Due to the inherent limitations
of spatial depth perception in 2D images, this instance is
prone to being misidentified as violent behavior. These
observations shed light on the strengths and limitations of
our proposed model when dealing with specific types of
samples. From this perspective, our proposed model
exhibits a higher sensitivity to violent behavior. This
sensitivity proves beneficial in practical applications for
violence detection, as it reduces the likelihood of
overlooking actual violent behavior and serves as an alert
for potential dangers such as rapid intersections.

v !‘
|t |

(B

(a) True positive

(c) False positive

(b) False Negative

(d) True negative

Fig.6 Video frames and splicing inputs of confusion matrix samples

5 Conclusions

Our proposed violence detection method integrates
deep and shallow features through a fusion approach,
where the optical flow and grayscale frame difference are
extracted from the video as inputs to the network. Spatial
features are obtained using the pre-trained MobileNet V3,
while the fusion of deep and shallow features enhances
the abstract representation of motion features in the
deeper layers of the network. Through the
implementation of the channel attention mechanism to

redistribute the weight of the deeper features and the
integration of ConvLSTM to capture temporal
dependencies, the temporal correlation among video
sequences is enhanced. Ablation studies validate the
effectiveness of the proposed method. The splicing input
is beneficial in enabling the network to learn motion
information directly from the video, enhancing its
suitability for violence detection compared to raw
images. Moreover, the deep and shallow feature fusion
module significantly improves the model's performance
by optimizing pre-trained MobileNet and effectively



74 Lin'en Liu et al: A violence detection method based on deep and shallow feature fusion

integrating different levels of features. The channel
attention module and ConvLSTM adaptively assign
feature weights in channel and temporal dimensions,
enhancing the model's ability to capture relevant
information. An analysis of the model's prediction
examples underscores the promising performance of our
proposed method in real-world scenarios, affirming its

suitability and practicality for violence detection
applications.
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