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1. INTRODUCTION

Physical violence is a serious problem for society. Victims can suffer a range of physical injuries,
from minor bruises to life-threatening ones, such as broken bones that can affect their quality of life and, in
some cases, lead to death. However, its not only the physical impact, the psychological impact such as
anxiety, depression, and post-traumatic stress disorder (PTSD), which can deeply affect their mental health
and overall well-being. Additionally, their traumatic experiences often struggles with relationship and social
connections. Many victims may also turn to substance use as a coping mechanism for their trauma [1].
Physical violence can occur in a variety of locations, including domestic settings, workplaces, educational
institutions, public spaces, and public transportation. It can take the form of physical assault or the use of
weapons. A study indicates that public transportation systems, such as buses and trains, are prone to violent
incidents, raising concerns about safety [2]. Furthermore, another study underscores the prevalence of
violence against women (VAW) in urban spaces, including parks, streets, and public transportation [3]. This
highlights the necessity for enhanced safety measures in these areas. Consequently, there has been an
increasing emphasis on the importance of automatic violence detection systems in these environments to
more effectively address the frequent risks of violence or criminal activity.
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The implementation of closed-circuit television (CCTV) surveillance systems is a common practice
for monitoring and preventing violent activities in public spaces. Research suggests that urban video
surveillance can be an effective tool to improve public safety by assessing the impact of surveillance on
particularly serious crimes, with positive effects shown in reducing overall crime rates, auto theft, violent
crimes, and property crimes in various cities [4]. Detecting physical violence through CCTV aims to quickly
identify violent incidents, enabling security personnel to respond more effectively. Violence detection via
surveillance cameras is applicable in diverse settings, including public facilities, streets, parks, schools, and
workplaces, and can contribute to reducing cases of physical violence.

Furthermore, as illustrated in Figure 1, violent acts often occur within a very short duration
compared to the total footage captured by surveillance cameras. In the image sequence, the marked red box
highlights that violent activity is detected only in brief frames. Continuous manual monitoring of surveillance
footage is time-consuming and prone to human error, increasing the risk of missed incidents. This approach
becomes inefficient, particularly in situations that demand rapid decision-making to prevent violent acts.
Therefore, automatic detection of physical violence in videos is essential to improve response times and
reduce reliance on constant human oversight.
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Figure 1. Illustration of the process of reporting violent activities recorded on surveillance cameras

The detection of physical violence in video has become a popular research area over the past few
decades, particularly in the field of security and surveillance. The use of video data for surveillance
applications to detect physical violence has existed since 2002. In that year, Datta et al. [5] introduced the
first approach to violence detection, marking a significant milestone in this field. This initiated a new era in
which researchers began to explore the use of video data to detect violent behavior. Between 2002 and 2013,
the main techniques used in violence detection were based on manually crafted features. These techniques
relied entirely on experts’ understanding of physical violence to determine low-level features from videos.
For instance, features such as interactions between individuals and movement patterns were considered
important for detecting violence. Although these techniques were useful at the time, they had limitations, and
their accuracy was not high enough to provide reliable results [6]. However, with advances in deep learning
models, the first approach using 3D convolutional neural networks (CNNs) was introduced by [7], [8]. This
approach worked independently without prior knowledge and demonstrated better results. Additionally, there
have been efforts to optimize model efficiency for violence detection in video using lightweight 2D CNN
architectures combined with long short-term memory (LSTM) [9]. Consequently, many researchers began
introducing deep learning-based techniques, which showed far better results than the previously used
manually crafted feature methods [10].

There are numerous studies on violence classification exploring various deep learning models and
datasets that have made notable strides in both accuracy and efficiency. In [11], a comparative analysis of
three 2D CNN models, namely ResNet50 [12], InceptionV3 [13], and VGG19 [14], each combined with
LSTM to classify violent activities across three popular datasets: The datasets included violent flows [15],
hockey fights, and movie fights [16]. The results indicated that ResNet50 performed best, achieving an
average accuracy of 90%, followed by InceptionV3 with 89%, while VGG19 lagged behind with 79%.
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Further improving the robustness of violence detection, Sernani et al. [17] introduced a new dataset,
AIRTLab, which was specifically designed to address the issue of false positives commonly found in existing
datasets. In traditional datasets, actions such as hugging, clapping, or touching were frequently misclassified
as violent. Additionally, they also proposed three deep learning models for violence classification. The initial
model integrated C3D (3D ConvNet) [18], a CNN optimized for processing spatio-temporal data, with a
support vector machine (SVM) classifier. The second model replaced the SVM with a fully connected layer,
while the third used a convolutional long short-term memory (ConvLSTM) architecture. Evaluations using
the AIRTLab dataset, along with the Hockey Fight and Crowd Violence datasets, demonstrated stable
performance across all models, with the C3D and SVM models achieving the highest accuracy. This study
underscores the importance of addressing dataset limitations and demonstrates how deep learning models can
effectively mitigate false positives in violence detection tasks.

While notable advancements have been achieved in the field of video-based violence detection, [19]
underscored that the majority of extant models prioritize accuracy and performance, with a consequent
disregard for computational efficiency. In the context of real-time monitoring systems, the use of lightweight
models is of paramount importance. In response, this research proposed a model that strikes a proper balance
between computational cost and accuracy. The model integrates a motion saliency map (MSM) to highlight
moving objects, a 2D CNN with frame-grouping to extract temporal features efficiently, and a temporal
squeeze-and-excitation (T-SE) module to focus on actions occurring at specific moments in the video. The
model was evaluated on multiple datasets, including Hockey Fight and Movie Fight, achieving high accuracy
while maintaining low computational demands, making it well-suited for real-time applications.

Similarly, [20] addressed the need for efficient models by proposing a three-part architectural
configuration that combines MobileNetV2 for spatial feature extraction, LSTM for processing temporal
information, and fully connected layers for classification. MobileNetV2 was selected for its minimal
computational expense and relatively small parameter size, while maintaining robust accuracy. The model
exhibited robust performance across a range of datasets, including RWF-2000, Hockey Fights, and Movie
Fights, achieving high accuracy with minimal computational overhead. This work underscores the potential
of combining efficient architectures like MobileNetV2 with LSTM to achieve high performance while
maintaining low resource utilization.

From these studies, there are two main approaches used for violence classification in videos which
are 3D CNN and 2D CNN combined with LSTM. However, many studies focus only on model accuracy
without considering computational efficiency which is important for real-world applications where fast
decision-making is required to prevent violence. Models with high computational load are not practical for
continuous and real-time use in public areas. Therefore, it is crucial to prioritize low computational load,
compact model size, and optimal performance when designing models for real-world violence detection.

This research proposed an architecture with the ConvLSTM2D model, which offers a lighter
computational load than common 3D CNNs [21]. Moreover, to improve classification accuracy while
maintaining efficiency, this approach incorporates preprecessing techniques such as change detection and
motion blur, which can effectively capture important information about the movement of objects which is an
important feature for identifying violent acts. By emphasizing computational efficiency in addition to
accuracy, this method aims to bridge the gap between high-performance violence detection models and the
practical demands of real-time surveillance applications.

2. RESEARCH METHOD
2.1. Dataset

The dataset used for this study is sourced from a public dataset commonly used for violence
classification tasks, namely RWF-2000 [22]. This research use RWF-2000 because it is designed to provide a
more realistic representation of violent events compared to existing datasets, making it more suitable for
detecting violence in real-world scenarios. This realism is achieved by including raw videos collected from
surveillance cameras available on YouTube, which better reflect the types of footage encountered in practical
applications of violence detection systems. The video files in this dataset are in audio video interleave (AVI)
video format. Each video in this dataset is segmented into 5-second clips with a frame rate of 30 frames per
second (fps), and each clip is labeled as either violent or non-violent. The dataset is evenly split into 1000
videos for training and 1000 videos for validation, resulting in a total of 2000 videos. To optimize the
processing time and computational resources required for model training, the original frame rate of 30 fps
was reduced to 10 fps. Additionally, the frame size of each video was resized to 100x100 pixels. Since all the
videos were collected from surveillance cameras, some videos have poor image quality due to environmental
factors, lighting, and the resolution of the surveillance cameras. As shown in Figure 2, which is a frame from
a video labeled as violent, the region of interest is only located in a small part of the frame, while the dark
lighting makes it difficult to see the violent scenes.
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164 a ISSN: 2252-8776

Figure 2. A violent scene frame with poor lighting, where the violent scene is circled in red

2.2. Proposed model architecture

As shown in Figure 3, there are three parts to the proposed model architecture for violence
classification. The first part contains histogram equalization, motion blur and frame difference which are
used to preprocess and extract the frame difference information in the video. The next part is a spatio-
temporal encoder that serves to process spatial and temporal features consisting of three block ConvLSTM2D
layers. Finally, the features will be processed to a series of fully connected layers that act as classifiers.
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Figure 3. Proposed model architecture for violence classification

2.2.1. Change detection with motion blur

In addition to obtaining the change information from the video, the first part of the architecture
functions to capture frame-by-frame changes in the video. By comparing frames, this algorithm can identify
important changes in movement or scenes. This helps distinguish between normal activity and unusual events,
contributing to a more accurate video classification system by highlighting the main events or actions in the
video. As shown in Figure 4, the white lines in the output image indicate significant changes in the frames.

The technique used to detect changes between frames in this video is frame difference, which has
shown the best performance for detecting changes in the video sequences [23]. This technique involves
calculating the absolute or relative difference between the pixel values of corresponding pixels in two
adjacent frames. By subtracting the pixel values of one frame from the other, areas with significant changes,
such as movement or appearance changes, will become clearly visible. The formula for calculating the frame
difference can be seen in (1).

frame_diff,, = frame,,, — frame, (1)

To improve the accuracy of change detection in low-quality videos, histogram equalization is
applied as a preprocessing step. This method enhances the contrast of each frame by redistributing intensity
values, making the differences between the foreground and background more distinct [24]. As a result, subtle
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changes, such as variations in lighting or slight movements, become more detectable during frame
comparisons. By normalizing intensity levels, histogram equalization mitigates the effects of varying
illumination conditions between frames, which can otherwise reduce the accuracy of change detection. This
preprocessing step makes subsequent techniques, such as frame differencing, more effective in capturing
changes between frames. The effectiveness of histogram equalization in highlighting contrasts can be
observed in Figure 5, which shows the improved visibility of changes after applying this technique.

Following histogram equalization, a horizontal motion blur is also applied to further enhance change
detection accuracy. This blur smooths out minor variations between frames and highlights more significant
changes, helping to reduce noise and small fluctuations. By averaging pixel values across a defined range in a
horizontal direction, the motion blur creates a smearing effect that mimics the movement of objects. This
emphasizes the direction of movement, making it easier to identify areas of significant change between
frames. The blur focuses the frame difference calculation on meaningful movements, allowing regions with
substantial changes to stand out more clearly, especially in videos with subtle motions or lower frame rates
[25]. As illustrated in Figure 6, the horizontal blur smooths out minor variations between frames, creating an
effect that highlights object movements.
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Figure 4. Frame differe Information extracted by using change detection technique

Original Frame (Histogram Equalized) Frame Difference

Figure 5. Frame difference information extracted after using histogram equalization
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Figure 6. Frame difference information after applying motion blur

2.2.2. Spatio-temporal encoder

Once the change information features have been extracted, the following step is to merge the
features from each frame into a video-level representation. The spatio-temporal encoder architecture contains
three ConvLSTM2D blocks, which are designed to capture both the spatial and temporal aspects of the video
data. As detailed in Table 1, each ConvLSTM2D block begins with a ConvLSTM2D layer, which integrates
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convolutional operations with LSTM functionality. This allows the model to effectively capture both spatial
and temporal information. Following the ConvLSTM2D layer, a batch normalization layer is applied that
helps the model train more efficiently and ensures that it generalizes well to new data. Next, a
MaxPooling3D layer is introduced to reduce the spatial dimensions while retaining important features
allowing the architecture to focus on the most relevant spatial information from the video frames.
Additionally, each block incorporates a dropout layer as a regularization technique to prevent overfitting.
This structure enables the spatio-temporal encoder to transform frame-level information into a
comprehensive video-level representation, making it highly effective for tasks that require an understanding
of both spatial details and temporal dynamics, such as violence detection in videos.

Table 1. ConvLSTM2D block layers

No. Layer name
1 ConvLSTM2D
2 BatchNormalization
3 MaxPooling3D
4 Dropout

2.2.3. Classifier

After the spatio-temporal encoder architecture extracts spatial and temporal features from the video,
these features pass through a global average pooling (GAP) layer. The GAP layer condenses the spatial
information by averaging each feature map, reducing dimensionality while retaining essential information.
The condensed features are then fed into the classifier architecture, which begins with a dense layer
containing 128 units and a rectified linear unit (ReLU) activation function. Following this, a second dense
layer with 16 units further processes the features. Finally, the output layer, a dense layer with a single unit
and a sigmoid activation function, produces a probability score. This score indicates the likelihood that the
input video contains instances of violence, making it suitable for the binary classification task of
distinguishing between violent and non-violent content.

2.3. Model training

During the model training phase, several combinations of preprocessing layers were explored such
as frame difference, frame difference combined with motion blur, and using Conv3D layer instead of
ConvLSTM2D. These combinations were tested to determine how effectively each could extract meaningful
features from the input data. After identifying the combination that achieved the highest accuracy, the model
was further refined using Bayesian optimization. The fine-tuning process use Bayesian optimization to
determine the optimal parameters for the motion blur kernel size and learning rate. As shown in Table 2, the
dropout rates for each layer in the ConvLSTM2D block are searched within a range of 0.0 to 0.5. The motion
blur kernel size is evaluated with options of 3, 5, and 7. Additionally, the learning rate for the Adam
optimizer is optimized within a range of 0.01 to 0.00001 to ensure the best model performance [26], [27].

Table 2. Hyper parameter searched for fine tuning the model using bayesian optimization
Parameter Options
1st Dropout layer rate Min value: 0.0; Max value: 0.5
2nd Dropout layer rate  Min value: 0.0; Max value: 0.5
3rd Dropout layer rate  Min Value: 0.0; Max value: 0.5
Motion blur Kernel 3,57
Learning rate 0.001 to 0.00001

After selecting the best parameters, the model was trained using a learning rate scheduler that
automatically reduced the learning rate by a factor of 0.1 when performance improvements plateaued. The
training process used a batch size of 10. The training was conducted over 50 epochs to ensure sufficient
learning. Additionally, early stopping was employed to prevent overfitting, halting training when the
validation accuracy did not improve for five epochs. This approach ensured the model achieved a balance
between accuracy and generalization. This training was performed on the Google Colab platform using a Pro
Plus subscription, which provided enhanced computational resources. An NVIDIA L4 GPU with 22.5 GB of
VRAM was used, offering significant processing power for complex calculations. The system also featured
53 GB of RAM, which facilitated the handling of large datasets and memory-intensive operations.
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2.4. Model evaluation

To evaluate model performance, this study uses accuracy which is commonly used for assessing
classification tasks. Accuracy is the most popular metric for evaluating deep learning models for video
classification. In this case, it is the ratio of the number of correct violent or non-violent predictions to the
total number of predictions. After that, the next step is to assess its efficiency in real-world scenarios, which
is a primary objective of this study. This is achieved through a model efficiency analysis, focusing on the
time required for the model to classify videos, known as inference time. To conduct this evaluation, 100
randomly selected violent and non-violent videos from the validation set of the RWF-2000 dataset are
processed. The average inference time is then calculated for each video, providing insights into the model's
performance in detecting violence under real-world conditions. This efficiency analysis is conducted on the
same hardware used for model training.

3. RESULTS AND DISCUSSION
3.1. Evaluation results on different model architecture

This study evaluates the influence of different preprocessing techniques on model performance for
classifying violence. The evaluation includes training the model under three conditions: (1) without a
preprocessing layer, (2) with a frame difference preprocessing layer, and (3) with a combination of frame
difference and motion blur layers. Furthermore, this study compares the performance of Conv3D layers to
ConvLSTM2D layers to assess their effectiveness.

As shown in Table 3, the ConvLSTM2D model performs the poorest, with an accuracy of 77.25%.
However, when preprocessing layers such as frame difference added and motion blur are employed, there is a
notable improvement in accuracy. The addition of a frame difference layer resulted in a notable increase in
accuracy, from 77.25% to 81.5%. Furthermore, the incorporation of both frame difference and motion blur
layers led to an additional enhancement in accuracy, reaching 84.5%. These findings highlight the
significance of preprocessing layers in extracting crucial features for identifying violent activity in video data.

In terms of model complexity, the ConvLSTM2D model is far more efficient, with just 25,137
parameters, compared to the Conv3D model's more than nine million parameters. Despite having much
higher parameter count, the Conv3D model delivers a lower accuracy of only 77.5%. In contrast, the
ConvLSTM2D model achieves a superior accuracy of 84.5%. These results demonstrate that the
ConvLSTM2D model can be both more efficient and more effective than the Conv3D model for this task,
even with a significantly smaller parameter count.

Table 3. Accuracy and total parameters on different preprocessing layer in ConvLSTM2D and Conv3D model
ConvLSTM2D Conv3D  Frame difference  Motion blur  Accuracy  Total parameters

v 77.25% 25,137

v v 81.25% 25,137

v v v 84.5% 25,137
v v v 77.5% 9,019,329

3.2. Evaluation results on the best model after fine-tuning

The ConvLSTM2D model, which incorporates preprocessing layers for frame difference and motion
blur, demonstrated the highest accuracy following fine-tuning through Bayesian optimization with the best
optimized hyperparameters, as detailed in Table 4. Figure 7 illustrates the notable enhancement in the
model's accuracy resulting from this fine-tuning process. Prior to fine-tuning, the ConvLSTM2D model
exhibited an initial accuracy of 84.5%. However, upon employing the refined hyperparameters obtained
through Bayesian optimization, the accuracy increased to 86%. This outcome demonstrates that the
integration of preprocessing techniques, specifically Frame Difference and Motion Blur, in conjunction with
fine-tuning through Bayesian optimization, resulted in a notable enhancement in the performance of the
ConvLSTM2D model.

Table 4. Best hyper parameters obtained from fine tuning using bayesian optimization

Hyper parameter Best value
1% Dropout Layer Rate 0.2
2" Dropout Layer Rate 0.3
3" Dropout Layer Rate 0
Motion Blur Kernel 5
Learning Rate 0.0002
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FD: Frame Difference
MB: Motion Blur
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Figure 7. Accuracy of different model architectures

3.3. Efficiency evaluation on different models

As shown in Table 5, the models using ConvLSTM2D architecture have a consistent average
inference time of 0.010 seconds for video prediction, even when additional preprocessing layers, such as
frame difference and motion blur, are incorporated to enhance feature extraction. This is due to the fact that
these ConvLSTM2D models have the same parameter size, which results in a stable computational
complexity across the various models. In contrast, the model using the Conv3D architecture shows a longer
average inference time of 0.025 seconds for video prediction. This is due to the significantly higher number
of parameters in the Conv3D model, totaling 9,019,329 parameters. The increased number of parameters in
the Conv3D model leads to higher computational demands during the prediction process, as more parameters
need to be processed.

Table 5. Average inference time of different model architectures

Model name Average inference time (s)  Total parameters
ConvLSTM2D 0.010 25,137
ConvLSTM2D + FD 0.010 25,137
ConvLSTM2D + FD + MB 0.010 25,137
ConvLSTM2D + FD + MB (FT) 0.010 25,137
Conv3D + FD + MB 0.025 9,019,329

3.4. Evaluation results summary

Table 6 shows the optimal balance between accuracy and efficiency when classifying violent
activity in video data. The ConvLSTM2D model, particularly the version incorporating frame difference and
motion blur preprocessing layers, demonstrated the highest level of performance, reaching an accuracy of
86% after fine-tuning through Bayesian optimization. The model also exhibited a shorter inferencing time of
0.010 seconds, due to its relatively low parameter count of 25,137. This makes it both accurate and
computationally efficient. In comparison, the Conv3D model, despite having over nine million parameters,
demonstrated a lower accuracy of 77.5% and required twice the inference time at 0.025 seconds for video
predictions. These results indicate that ConvLSTM2D is a more suitable choice for real-time violence
detection, offering a optimal balance between speed and accuracy.

Table 6. Summary of performance across difference model architectures and efficiency evaluation

Model name Accuracy  Average inference time (s)  Total parameters
ConvLSTM2D 77.25% 0.010 25,137
ConvLSTM2D + FD 81.25% 0.010 25,137
ConvLSTM2D + FD + MB 84.5% 0.010 25,137
ConvLSTM2D + FD + MB (FT) 86% 0.010 25,137
Conv3D + FD + MB 77.5% 0.025 9,019,329
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4. CONCLUSION

This study highlights the significance of public violence detection systems. Various model
architectures were tested to effectively recognize violence. The results show that the ConvLSTM2D-based
model is more efficient in detecting violence in videos due to its lower complexity. Preprocessing steps, such
as frame differentiation and motion blur, help enhance the model's accuracy in detecting violence. This
suggests that the model achieves a good balance between speed and accuracy, making it suitable for detecting
public violence. For future research, we recommend exploring the use of pre-trained 2D or 3D CNN models
to improve the ability to extract important features, as well as investigating more advanced data extraction
methods to identify characteristics associated with physical violence.
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