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enabling early intervention and enhancing public safety in environments such as

streets, stations, and stadiums. This study proposes a lightweight ROI-based 3D
Convolutional Neural Network (3D CNN) with a spatial attention mechanism for efficient
and accurate violence detection in videos. The proposed framework first extracts spatio-
temporal clips using dense optical flow to generate regions of interest (ROIs), which are then
used to construct 16-frame spatio-temporal clips. These clips are processed by a 3D CNN
integrated with spatial attention modules to learn discriminative spatial and temporal features
while suppressing background noise. Final classification is performed through fully connected
layers with a sigmoid activation function. The proposed model is evaluated on three
benchmark datasets, Real-Life Violence (RLV), Hockey Fight, and Action Movies.
Experimental results demonstrate strong performance across all datasets. On the Action
Movies dataset, the model achieves an accuracy, precision, recall, and F1-score of 98.50%,
97.92%, 97.85%, and 97.88%, respectively. For the Hockey Fight dataset, the corresponding
values are 96.10%, 95.40%, 95.20%, and 95.30%, while for the RLV dataset, the model attains
94.85% accuracy, 94.10% precision, 93.90% recall, and 94.00% F1-score. Furthermore, the
proposed approach exhibits stable performance across multiple runs, with a standard deviation
of less than 1.2%, indicating robustness and consistency. Compared with state-of-the-art
models such as ResNet-50, YOLOV9, and baseline 3D CNN architectures incorporating
attention mechanisms, the proposed method achieves consistent improvements of
approximately 2.5%-6.2% in accuracy across all datasets while maintaining lower
computational complexity. The results confirm that the proposed method is both accurate and
computationally efficient, making it suitable for real-time violence detection in video
surveillance systems.
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Introduction:

Violence detection in surveillance videos has become an important research problem
due to its critical role in ensuring public safety and enabling timely intervention [1]. Violent
activities often occur in complex, crowded, and highly dynamic environments where
traditional surveillance systems struggle to interpret events accurately [2].

With the rapid growth of intelligent surveillance infrastructure, there is an increasing
demand for automated systems capable of real-time video understanding. Deep learning has
significantly advanced video analysis by enabling automatic learning of spatial and temporal
representations from raw video data [3].

Recent studies demonstrate that CNN-based architectures, 3D CNNs, and hybrid
CNN-LSTM models significantly outperform traditional approaches in modeling motion
dynamics and spatial appearance for violence detection tasks [4]. Temporal sequence learning
methods such as LSTM and ConvLSTM further enhance the ability to capture motion
evolution across frames, improving recognition performance in complex video scenarios [5].

To further improve efficiency and accuracy, attention mechanisms and lightweight
deep learning architectures have been introduced to focus on the most discriminative spatial-
temporal regions while reducing computational cost [6]. In addition, transformer-based video
understanding models have shown strong capability in capturing long-range temporal
dependencies in video sequences [7].

Despite these advancements, challenges such as background clutter, occlusions, and
ambiguity between similar actions (e.g., fighting vs. running or group interaction) remain
unsolved [8]. Many existing methods also process full-frame inputs, which leads to
unnecessary computational overhead and reduced real-time performance [9].

From the above analysis, it is observed that existing violence detection methods either
rely on full-frame processing, leading to high computational complexity, or fail to effectively
focus on motion-relevant regions in complex scenes. Additionally, transformer-based models,
although powerful, are not suitable for real-time deployment due to their high computational
cost.

To address these limitations, this paper proposes a real-time violence detection
framework that integrates motion-based region of interest (ROI) extraction with spatio-
temporal deep learning. The proposed method first identifies motion-relevant regions to
remove background noise and then processes these regions using a 3D CNN enhanced with
spatial attention, improving both feature focus and computational efficiency for real-world
surveillance applications [10].

The key contributions of this study are as follows:

A motion-aware ROI extraction method using dense optical flow is proposed to
suppress background noise and focus on motion-intensive regions relevant to violence
detection.

A lightweight 3D CNN integrated with spatial attention is designed to learn
discriminative spatio-temporal features while reducing computational complexity.

A dual-stage spatial attention mechanism is introduced to enhance feature
representation by emphasizing salient motion regions and suppressing irrelevant background
information.

The proposed ROI-based attention framework achieves high accuracy with low
computational cost, making it suitable for real-time surveillance applications.
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Extensive experiments on three benchmark datasets (RLV, Hockey Fight, and Action
Movies) demonstrate that the proposed method outperforms existing state-of-the-art
approaches across all evaluation metrics.

Materials and Methods:
Investigation Site:

To explore the issue of violent and non-violent behaviour in video surveillance data,
this study uses publicly available benchmarks based on the datasets of the Real Life Violence
(RLV) dataset [11], the Hockey Fight dataset [12], and the Movie Violence dataset [13] as
defined in the experimental design of the study. These datasets consist of video sequences
depicting various violent and non-violent human interactions and are broadly applied in
assessing and comparing the systems of violence detection.

Proposed Methodology:

The proposed methodology is designed for the classification of video clips into violent
and non-violent groups. The processing pipeline includes data preprocessing, motion-based
region of interest (ROI) extraction, the creation of a spatio-temporal clip, feature extraction
by a 3D Convolutional Neural Network (3D CNN) with an integrated spatial attention
mechanism [14], and ultimate classification with a fully connected layer and a sigmoid classifier.

Video sequences of the datasets are first uniformly sampled with a constant rate of
10frames/sec. Sixteen consecutive frames are extracted from each video so as to obtain the
short-term temporal information pertinent to violent behavior. Those extracted RGB frames
are then transformed into grayscale via a luminance-preserving transformation to reduce the
complexity of calculations and still retain structural and motion-relevant information. The
optical flow between consecutive frames is computed using the Farnebdck method [15] to
estimate pixel-wise motion between frames. The optical flow between consecutive frames is
computed using the Farnebiack method as defined in (1).

Ft(x'y) = (ut(x'y)'vt(x'y))(l)
where ut and vt represent the horizontal and vertical motion components at pixel location
(X, ¥).
The motion magnitude map is calculated using (2).
M. (x,y) = \ue(x,9)? + v (x,)?(2)
To extract motion-intensive regions, a binary Region of Interest (ROI) mask is generated using
a threshold 7. The ROI mask is generated using the threshold defined in (3) and (4).
R (x,y) = {1,if M (x,y) = 7 0,0therwise (3)
where T is selected empirically based on the mean motion magnitude:
T=uM) +a-o(M)(4)

Here, 4 and 0 denote the mean and standard deviation of motion magnitude, and & is a scaling
factor controlling sensitivity (set to 0.5 in this study).
The final ROI frame is obtained using (5).

IR =1, O R, (5)
Based on the resulting flow fields, motion magnitude maps are obtained to denote the amount
of motion at each pixel position. The high-magnitude regions are then cropped to highlight
motion-intensive activity closely related to violent behavior. The resulting frames are further
processed to enable the framework to capture relevant action patterns while suppressing
background noise and irrelevant information.
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Algorithm 1: ROI Extraction Process:

Input: Video frames I;
Convert frames to grayscale
Compute optical flow F;
Calculate motion magnitude My
Compute threshold T
Generate ROI mask R,
Extract ROI frame IR%!
Output: ROI-based frame sequence

The ROI-cropped grayscale frames are resized into a 120 X 160 pixels and stacked
over time to compose spatio-temporal clips of 16 frames. Pixel values are normalized to the
range [0,1] so that the network can train uniformly and achieve consistency in the values of
the input. These clips are normalized spatio-temporal clips that form the input to the proposed
3D CNN.
Spatial Attention Mechanism:
Let the input feature map from the 3D convolutional block be represented as:

F € RTXHXWXC

where T, H, W, and C denote temporal depth, height, width, and number of channels,

respectively.
Channel-wise average and max pooling are applied along the channel dimension:

Fang (t,%,9) = % Z F(£,%,9,6) (6)

Fnax(t, %, y) = maxF (txy,¢) (7)
The pooled features are concatenated:
Feoncat = [Favg; Fmax] (8)
The spatial attention map is computed as:
As = o(Ws * Feoncar + bs) (9)
The refined feature map is obtained by
F'=A; © F(10)

The overall pipeline of the proposed framework is illustrated in Figure 1, while the
architecture of the proposed 3D CNN is shown in Figure 2. Feature extraction is performed
using a specially desighed 3D CNN consisting of two convolutional blocks. Each block
includes a 3D convolution layer whose kernel size is 5 X 5 X 5, followed by activation via
ReLU, 3D max-pooling, and batch normalization. A spatial attention module is used to further
emphasize motion-salient and discriminative regions after every convolutional block. The
attention mechanism calculates both the average-pooled and max-pooled spatial descriptors,
combines them, and applies a 3D convolution with a sigmoid activation function to produce
an attention map. The attention map is used to re-weight the feature maps so that the network
can focus on the informative regions of space.

The attention-weighted feature maps are flattened and run through two fully-
connected layers of 300 and 100 neurons, respectively. A dropout rate of 0.2 is applied after
each fully connected layer in an effort to minimize overfitting. Last, a sigmoid activation
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function produces the final probability for binary classification into violent and non-violent
classes.

Data Preprocessing
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Figure 1. Proposed Methodology
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Figure 2. Proposed 3D CNN

The network is trained using binary cross-entropy loss and optimized with the Adam
optimizer with default learning rate (0.001), beta (1) = 0.9, and beta (2) = 0.999. The strategies
that are used in model checkpointing and early stopping are used to save the model with the
best performance and to eliminate overfitting in model training.

Results and Discussion:

In this section, the performance measure of the proposed ROI-based 3D CNN with
spatial attention in the detection of violence in three datasets, namely Real-Life Violence
(RLV), Hockey Fight, and Action Movies, is presented. The analysis is provided in the form
of a description of the dataset features, implementation details, the comparison of the
performance, the computational expense, the ablation, and the results discussion. When it
comes to validating all the results, it is done to a high level, and the performance comparison
is summarized in Table 3 and the learning behavior is illustrated in Figures 5-7.
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Dataset Analysis:
The proposed approach has worked on three benchmark datasets known as Real-Life

Violence (RLV), Hockey Fight, and Action Movies. These datasets were chosen to represent

a wide range of violent acts in real-life, sporting, and film settings. The videos were all sampled

at 10 frames/sec (FPS), broken down into single frames, and 16-frame sequences were

formed.

Real-Life Violence (RLV) Dataset:

The Real-Life Violence (RLV) dataset consists of 2,000 video clips, which have been
taken in real-life situations such as fights on the street, surveillance videos, and social unrest.
Hockey Fight Dataset:

The Hockey Fight dataset contains 1,000 video clips recorded in professional hockey
games. These videos contain violent events (e.g., brawls between players) as well as standard
gameplay videos.

Action Movies Dataset:

The Action Movies dataset includes 246 (clips) of action movies in the commercial
films. Even though the violence in these videos is a performance, they provide a great visual
variety of scenarios. Sample non-violent and violent frames from the RLV dataset are shown
in Figures 3 and 4, respectively.

A E
Non-violent scenes from the Real-life Violence dataset
Violent scenes from the Real-Life Violence dataset

Figure 3. Non-Violent Dataset

Figure 4. Violent Dataset
The dataset characteristics are summarized in Table 1. The datasets are based on
various scenarios such as real-life surveillance, sports games, and movie violence, which
provide a comprehensive benchmark for evaluation.
Table 1. Datasets Duration Ranges

Dataset Clips | Avg Duration | Min Duration | Max Duration
Real-Life Violence (RLV) | 2,000 8 sec 3 sec 18 sec
Hockey Fight 1,000 4.1 sec 4 sec 4.9 sec
Action Movies 246 6 sec 4 sec 10 sec

Implementation Details:

The proposed model was implemented in Python using the Keras deep learning
framework. A customized 3D Convolutional Neural Network (3D CNN) with two spatial
attention blocks was developed with two spatial attention blocks that are specifically designed
to focus on regions of interest across both spatial and temporal dimensions. The input to the
network is in the form of stacked ROI sequences, which have been obtained from videos.
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Each input sample is represented as a 5D tensor consisting of 16 sequential frames
resized to 120 X 160 pixels with 3 color channels. Videos sampled at 10 frames per second
(FPS) provide the required frames for balancing motion representation and computational
efficiency in order to balance the representation of motion and computation efficiency.

The model comprises two 3D convolutional blocks (with the increased filters of 5 and
10) that are preceded by the MaxPooling3D and BatchNormalization. Two spatial attention
blocks, including sigmoid activations on mean and max-pooled 3D features, to allow the
network to focus on motion-intensive areas.A Flatten layer, followed by three dense layers
(with 300,100 neurons) and Dropout to provide regularization.A final sigmoid output layer to
perform binary classification (violent vs. non-violent).

Adam optimizer, named as such, was used to train the model with a learning rate of
0.0001, and binary cross-entropy will be used as the loss function. Each experiment had 80
epochs that were trained on Google Colab Pro with a Tesla T4 GPU.

Table 2. Implementation Details of the Proposed Method

Dataset Name Frame | No of Test | No of Train .. Batch
. Optimizer .
Size Samples Samples Size
Real-Life Violence (RLV) | 224x224 4,000 16,000 Adam 48
Hockey Fight 360%288 2,000 8,000 Adam 48
Action Movies 120x160 492 1,968 Adam 32

Performance Evaluation and Learning Analysis:

The presented approach was contrasted with popular deep learning models, as shown
in Table 3The presented approach was contrasted with the deep learning models, such as
ResNet-50, VGG-16, YOLOvVY, and 3D CNN + Attention.

Table 3. Comparison with Different Tested Experiments

Method Movie | Movie | Hockey | Hockey RLV RLV

Acc (%) | Loss Acc (%) Loss | Acc (%) | Loss

ResNet-50 [16] 93.28 0.1733 91.10 0.2210 89.75 0.2487
VGG-16 [17] 85.04 0.3168 82.60 0.3441 80.50 0.3672
YOLOvVY [18] 93.75 0.1900 91.80 0.2132 90.00 0.2384
3D CNN + Attention 96.84 0.1872 94.25 0.1993 92.70 0.2137
Proposed Method 98.50 0.0384 96.10 0.0522 94.85 0.0608

Movie Dataset - Model Accuracy Movie Dataset - Model Loss

100

, - -~ - ——— -\ —— Train Loss
/ J ~— Validation Loss
% 0.30

0.25 1
90 1

f 0.20 1
85—

Accuracy (%)
Loss

80 1
0.101

51 —— Train Accuracy

—— Validation Accuracy 0.051
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Figure 5. Action Movies learning curves
To further validate the learning behavior of the proposed model, training and

validation accuracy and loss curves are presented for all benchmark datasets. These curves
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illustrate the convergence pattern, stability, and generalization capability of the model during

training.

It is observed that the proposed model demonstrates stable convergence across all
datasets. A small and consistent gap between training and validation curves indicates good
generalization performance and minimal overfitting.

Hockey Fight Dataset - Model Accuracy

Hockey Fight Dataset - Model Loss
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Figure 6. Hockey Fight learning curves
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Figure 7. RLV learning curves
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Comparison with State-of-the-Art Methods:
The proposed method outperforms traditional, handcrafted, hybrid CNN-RNN [19],

and deep learning methods, as summarized in Table 4.
Table 4. Comparison with State-of-the-Art Methods

30 40 50 60
Epoch

Method Approach Dataset(s) Acc Reference

Type
Febin et al. (MoSIFT + | Traditional RLV ~84% [20]
MBH) (Hybrid)
Mohammadi & | Deep Learning | Hockey, RLV | 94-97% [21]
Nazerfard (I3D + Hard | (3D CNN)
Attention)
Patel & Singh (3D- | Deep Learning | Movie, RLV ~95% [22]
ResNet + Spatial Att.) (3D CNN)

{ ~ 0,
Ahmed et al. (V+ LSTM) GG16 gf\lgi]ld CNN- | Hockey, RLV 90%
Vosta & (ResNet50 | Yow + Hybrid CNN- | Hockey, RLV ~92%
ConvLSTM) RNN
Proposed Methodology Deep Learning | Movie, 98.50%
+ Attention Hockey, RLV
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Computational Cost Analysis:
This section analyzes the computational cost of the proposed ROI-based 3D CNN with spatial
attention and compares it with conventional 3D CNN models.
In a 3D CNN, the convolution operation applies a kernel over temporal and spatial
dimensions. The FLLOPs for a 3D convolutional layer are defined as:

FLOPs =2-T-H-W -K;-Kp - Ky, - Cip - Copye (11)
where T, H, and W denote temporal depth, height, and width of the input feature map,
Kg, Ky, Ky, represent kernel dimensions, and Cj,, Cpye are input and output channels
respectively. The factor 2 accounts for multiply—accumulate operations.
In our proposed model, the input size after ROI extraction is T = 16, H = 120, W = 160,

with C;, = 3, and the first convolution layer uses a 5 X 5 X 5 kernel with C,,r = 5.
Substituting these values:

FLOPs =2-16-120-160-5%-3-5 = 7.5 x 108 operations
This shows the computational highlighting the need for efficient design choices.
The proposed method reduces complexity through:
ROI-based cropping (reducing effective H X W)

shallow architecture (only 2 convolutional blocks)

small kernel sizes (5X5X5)

lightweight spatial attention (1X1X1 convolutions)

Compared to deeper models such as C3D and 13D, which require significantly higher
FLOPs and memory, our approach achieves a better trade-off between accuracy and
efficiency, making it suitable for real-time and resource-constrained deployment.

The computational efficiency of the proposed method is highlighted in Table 5,
demonstrating low FLOPs and lightweight parameters due to ROI preprocessing.

Table 5. Computational Cost Comparison

Model Architectu Input No of FLOPs
re Type Size Parameters
Proposed ROI-based | 3D 3D CNN | 16X120x | ~1.2M 0.75 GFLOPs
CNN +  Spatial | 160%3
Attention
3D CNN Attention | + 3D CNN 16x120x | ~1.5M ~1.5 GFLOPs
(baseline) 160%3
C3D [22] 3D CNN 16x112x11 ~T78M 38 Outdated; high
2x3 GFLOps | Parameter
count
Hybrid (2D | 16X224X22 | ~24M ~28 Strong accuracy
ResNet50+
ConvI.STM [23][24] + RNN) 4X3 GFLOPs but slow
inference
EfficientNet + LSTM | 2D CNN + | 16X224%x22 | ~8M ~9.2 Good trade-off
[25]]26] RNN 4X3 GFLOPs of complexity
and accuracy
+ ~ ~
SSIVD-Net (VGG16 2D' CNN 16X224%22 14M 15 Performs  well
. Saliency 4X3 GFLOPs on  weapons-
+ Saliency) [27]
based scenes
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Effic1ency and Lightweight Design Evaluation:

To validate the lightweight nature of the proposed framework, multiple computational
efficiency metrics are considered in addition to classification performance. These include:
Number of Parameters (M) — to measure model complexity.

Floating Point Operations (FLLOPs) — to evaluate computational cost.
Inference Time (ms/video) — to assess real-time processing capability.
Frames Per Second (FPS) — to determine deployment feasibility in surveillance systems.

The proposed ROI-based architecture reduces computational cost by eliminating
redundant background regions before feature extraction. This results in a significant reduction
in input volume, which directly decreases both FLOPs and inference time compared to full-
frame 3D CNN models.

The efficiency of the model is benchmarked against standard architectures such as
C3D, ResNet50 + ConvL.STM, and YOLOV9 under identical input configurations. The
comparison demonstrates that ROI-based preprocessing contributes substantially to
computational savings while maintaining high classification accuracy, making the model
suitable for real-time deployment in surveillance environments.

Discussion:

Pros:

High accuracy across diverse datasets (Movies, Hockey, RLV), ROI-based preprocessing
reduces computation and improves feature learning, Spatial attention enhances focus on
violent regions, improving generalization, Lightweight architecture suitable for real-time or
edge deployment

Cons:

Accuracy drops if spatial attention or ROI preprocessing is removed, A fixed temporal input
length may limit the representation of long videos, Larger datasets may require more GPU
memory for optimal performance

Altogether, the suggested 3D CNN with spatial attention and ROI-based approach to
violence detection proves to be highly efficient in image violence detection, providing high
accuracy and cost-effectiveness, and outperforming the old, hybrid, and advanced deep
learning models, not to mention that the algorithm can be utilized in practice in real-time.
Conclusion:

Beyond performance evaluation, the proposed violence detection system has

important implications for real-world surveillance applications. The lightweight design and
ROI-based preprocessing make the model suitable for deployment in resource-constrained
environments such as edge devices and smart surveillance cameras.
However, the deployment of automated violence detection systems also raises ethical and
privacy concerns. Continuous video monitoring may lead to privacy violations if not propetly
regulated, and false positive predictions could result in unnecessary interventions. Therefore,
such systems should be deployed with strict adherence to data protection policies and human-
in-the-loop validation mechanisms.

Despite these limitations, the proposed framework provides a strong foundation for
real-time, intelligent surveillance systems and highlights the potential of combining ROI-based
preprocessing with attention-driven deep learning models for efficient violence detection.
For future work, we recommend:

Although the proposed framework demonstrates strong performance in violence
detection, several improvements can be explored in future research to enhance its robustness
and scalability.
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Adaptive Temporal Modeling: The current model uses a fixed 16-frame input, which may
miss long or complex actions. Future work can use adaptive windows or transformers for
better temporal learning.

Learnable ROI Mechanism: The current ROI method is based on a fixed threshold. It can

be improved using a learnable attention-based approach to automatically focus on important

motion regions.

Multi-Modal Fusion: Adding other data, like audio or depth, can improve detection in

difficult real-world cases.

Large-Scale and Cross-Domain Evaluation: The model should be tested on larger and

more diverse datasets, such as real CCTV footage, to check its real-world performance.
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