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ABSTRACT

Detecting violent actions in surveillance videos is a critical task for ensuring public safety in smart
city environments. Although numerous deep learning approaches have been proposed, most of them
favor either accuracy or computational efficiency, but rarely achieve both simultaneously. This limitation
restricts their deployment on resource-constrained edge devices. In this paper, we propose a lightweight
yet effective hybrid architecture that combines MobileNetV3-S for spatial feature extraction with a Bi-
LSTM enhanced by an Adaptive Temporal Attention mechanism for temporal modeling. Despite its
compact design (1.00 GFLOPs and 3.66 million parameters), the proposed model achieves competitive
performance on four public benchmark datasets. The experimental results demonstrate that the proposed
approach provides an excellent trade-off between accuracy and efficiency, making it suitable for real-time
smart surveillance applications.

KEYWORDS violence detection, edge devices, adaptive temporal attention, MobileNetV3-S, Bi-LSTM.

. INTRODUCTION

In recent years, violence detection in surveillance videos
has attracted increasing attention, especially in the context
of smart cities where ensuring public safety is crucial.
Intelligent video surveillance systems enable authorities to
respond more effectively by identifying violent behavior
early. However, achieving this goal in real-world conditions
is challenging. Surveillance environments are dynamic and
often unpredictable, and edge devices commonly used in
Internet of Things (IoT) networks face significant constraints
in terms of processing power, memory, and energy. These
limitations call for practical solutions that can offer both
accuracy and efficiency, particularly for systems that need
to operate in real time.

Effective violence detection relies on the analysis of both
spatial and temporal information. Spatial features capture
the appearance and context within individual frames, while
temporal features reflect how motion and actions evolve
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over time [I]]. Traditional approaches, which often use
handcrafted features, are not flexible enough to deal with
the complexity of real-life scenes. Deep learning models,
especially Convolutional Neural Networks (CNNs), have
proven to be more effective in extracting spatial features, but
their computational demands are often too high for real-time
applications [2]]. On the other hand, Recurrent Neural Net-
works (RNNs), such as Long Short-Term Memory (LSTM)
models, have shown promise in modeling sequential patterns
over time [3].

s each offer strong capabilities, they do not fully cap-
ture the interplay between spatial and temporal features
when used separately. Moreover, deploying such models on
edge devices presents practical difficulties due to limited
computational resources. Even models that perform well in
research settings may not be suitable for lightweight real-
time systems. This makes it essential to develop streamlined
architectures that deliver solid performance without compro-
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mising efficiency.

Attention mechanisms have recently emerged as an ef-
fective approach to address this issue, particularly in video
classification and action recognition tasks [4]. By helping
models focus on the most relevant spatial areas and time
steps, attention modules improve accuracy while filtering
out noise and redundant information. In violence detection
scenarios, these mechanisms are especially useful for iden-
tifying key motions and interactions that signal aggression.

To build on these insights, we propose a model that incor-
porates an Adaptive Temporal Attention (TA) mechanism.
This module helps the system identify and prioritize the
most meaningful moments in a video sequence, rather than
treating all frames as equally important.

For spatial feature extraction, we adopt MobileNetV3s—a
compact and efficient CNN designed for deployment on
edge devices. To model the temporal progression of actions,
we use a Bidirectional LSTM (Bi-LSTM), which allows
the system to understand both past and future context in a
sequence. Integrating the TA module with this architecture
makes the model more attentive to critical motion cues,
without adding significant computational cost.

We evaluate our method on four well-known datasets :
Movie Fight, Hockey Fight, RWF-2000, and the Surveil-
lance Camera dataset—each presenting a different set of
challenges. The results show that our model achieves
high accuracy across all benchmarks while maintaining a
lightweight structure, making it well-suited for real-time
applications in constrained environments.

In summary, our main contributions are:

o We integrate an Adaptive Temporal Attention (ATA)
mechanism within a lightweight CNN-BiLSTM frame-
work to enhance temporal feature discrimination in
violence detection.

« We design a compact spatiotemporal architecture com-
bining MobileNetV3s and Bi-LSTM, optimized for
low-resource edge deployment.

« We conduct comprehensive evaluations on four diverse
datasets, showing strong accuracy and generalization,
even under varying conditions.

The rest of this paper is organized as follows: Section
reviews the related literature. Section [[II] describes our pro-
posed method. Section outlines the experimental setup
and presents the results. Section [V] provides a discussion,
and Section concludes the study with perspectives for
future work.

Il. RELATED WORKS

The identification of violence in videos has become an
increasingly important area of research, particularly in the
context of public safety and crime prevention. Early ap-
proaches to violence detection relied heavily on handcrafted
features, such as Histogram of Oriented Gradients (HOG)
and Histogram of Optical Flow (HOF), which were effective
in setting baseline performance but struggled to address the
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complexity and diversity of real-world scenarios, including
occlusions and dynamic environments [5].

Deep learning has increasingly led researchers to rely on
convolutional neural networks (CNNs) and their variants
for automatic feature extraction. Tran et al. [[6] presented
3D Convolutional Neural Networks (3D-CNNs), which
showed the capacity to catch spatiotemporal patterns in
video frames, thereby making them particularly suitable
for detecting violent behaviors. Similarly, Simonyan and
Zisserman [7]] presented the Two-Stream CNN model, which
aggregated RGB frame inputs with optical flow to increase
temporal understanding. These architectures require large
processing resources, so even if they are efficient, real-time
deployment on resource-limited edge devices is challenging.
Hybrid architectures that integrate CNNs with Recurrent
Neural Networks (RNNs), particularly Long Short-Term
Memory (LSTM) networks, have significantly improved
temporal modeling. Donahue et al. [8]] combined spatial fea-
ture extraction from CNNs with the temporal dependencies
captured by LSTMs, achieving state-of-the-art performance
on activity recognition benchmarks. Sharma et al. [9]] further
advanced this approach by proposing a fully integrated
violence detection system using CNN and LSTM, which
outperformed traditional methods. However, the recurrent
nature of LSTMs and their high memory usage remain
challenges for real-world deployment.

By allowing models to focus on the most pertinent spatial
and temporal areas, attention mechanisms have transformed
video analysis. Originally presented in natural language
processing by Vaswani et al. [4], self-attention methods have
later been modified for video analysis. Using self-attention
to capture global dependencies across frames, Wang et
al. [10] developed the Non-local Neural Network, so greatly
enhancing action detection performance.

When it comes to the identification of violence, attention
systems have been especially useful. Whereas temporal
attention modules concentrate on significant frames in a
sequence, spatial attention modules stress important areas
inside video frames. Using attention processes to increase
accuracy in dynamic situations, Kang et al. [11]] developed
effective spatiotemporal modeling techniques for real-time
violence detection. However, many existing approaches fail
to fully exploit bidirectional motion patterns, which can pro-
vide valuable contextual information for detecting violence
in complex scenarios.

The development of lightweight architectures that per-
forms efficiently on edge devices has been driven by the
increasing need for real-time violence detection in smart
cities. One of the most effective CNN designs for real-
time applications is MobileNetV3, which was proposed
by Howard et al. [2]. It uses squeeze-and-excitation (SE)
modules and depthwise separable convolutions to obtain
great accuracy with less computing complexity.

Recent studies have explored ways to blend lightweight
architectures with attention-based strategies to boost perfor-
mance. For example, Chen et al. [[12] developed a spatial-
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temporal graph attention network for detecting video anoma-
lies, demonstrating that lightweight designs can effectively
work with attention mechanisms.

In a real-time violence detection system, Sharma et al.
IE[] also used MobileNetV3 as a feature extractor, and they
achieved good performance with minimal computational
overhead. However, their approach showed limited perfor-
mance in complex and cluttered scenes due to the absence
of advanced attention mechanisms.

In the subject of violence detection, several difficulties
still exist although significant advancements.

1) Inadequate Temporal Modeling: Many of the meth-
ods used don’t fully take advantage of temporal de-
pendencies, especially when scenarios become more
complex and violent behaviors evolve over time.

2) Suboptimal feature selection: Traditional CNNs,
even lightweight ones like MobileNetV3, often have
trouble distinguishing between important and irrel-
evant features in dynamic environments. Advanced
attention mechanisms provide a possible answer to
this problem, including adaptive temporal attention.

3) Scalability on Edge Devices : Transformers and other
high-performance models sometimes surpass edge de-
vice computing capability. Particularly in Internet of
Things-based monitoring systems, architectures that
strike a balance between efficiency and strong perfor-
mance are increasingly in demand.

To tackle these issues, we offer an innovative method
that integrates MobileNetV3s with an adaptive temporal
attention mechanism and a Bi-LSTM for violence detection.
The MobileNetV3s backbone facilitates efficient feature
extraction, whereas the TA module enhances the model’s
capacity to capture spatial-temporal correlations, making it
appropriate for real-time deployment on edge devices.

lll. METHODS

A. MOBILENETV3S

The MobileNetV3 [2] network outperforms other similar
methods. Fig. [I] shows a schematic diagram of the Mo-
bileNetV3 network. This lightweight network addresses the
gradient issues caused by shortcut connections and enhances
the extraction of information from high-dimensional fea-
tures. It incorporates a lightweight attention model, linear
bottleneck inverse residual structures from MobileNetV2,
depthwise separable convolutions from MobileNetV1, and
replaces the previous swish function with the h-swish func-
tion. Due to its computational efficiency, the MobileNetV3
network is widely used in medical segmentation, classifica-
tion, and detection.

The MobileNetV3 network is integrated with an attention
mechanism module known as Squeeze and Excitation (SE).
To compress the data, global average pooling is applied first.
This is followed by two fully connected layers to complete
the excitation process. The first fully connected layer has a
vector size that is one-fourth of the number of channels and
uses the ReL.U activation function.
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The output of the second fully connected layer matches
the number of channels in the network input and employs
the h-swish activation function. After the SE module deter-
mines the weight values for each channel, the initial feature
vector, with dimensions of W x H x C, is multiplied by
the corresponding two-dimensional weight matrix for each
channel.

Mobilenet V3 block

Relu hardy

Figure 1. MobileNetV3 Architecture

B. BIDIRECTIONAL LONG-SHORT-TERM MEMORY
RECURRENT NEURAL NETWORKS(BI-LSTM)

1) Long Short-Term Memory (LSTM)

In traditional Recurrent Neural Networks (RNNs), the flow
of gradient information during backpropagation can either
diminish or surge as the network gets deeper. This problem
hampers the optimization process and lowers learning effi-
ciency, rendering RNNs inadequate for managing long time
series data [13]].

LSTM networks, a specialized type of RNN, tackle these
challenges with a sophisticated cell structure that includes
memory mechanisms. Each LSTM cell is made up of three
main components: the forget gate, the input gate, and the
output gate. These elements allow the network to selectively
keep or discard information, helping to alleviate the issues
of vanishing or exploding gradients. By incorporating di-
rect connections between memory states, LSTM networks
effectively facilitate the learning of long-term dependencies,
making it especially effective for handling sequential data.
The fundamental structure of an LSTM cell is shown in
Fig. 2]

Unlike traditional RNNs, which pass the cell state directly
from one timestep to the next, LSTM employs a more adapt-
able mechanism governed by three gates. During training,
the forget gate f;, input gate ¢;, and output gate o, work
together to regulate the flow of information within the cell.
The operation of an LSTM unit involves several essential
steps:

Each gate in the cell takes three inputs: the hidden state
from the previous timestep (h;—1), the current input (xy),
and the internal memory state (c;—1). These inputs are
transformed through nonlinear functions to manage what
information to keep or discard.

The forget gate produces a value between 0 and 1, which
indicates how much of the previous memory state (c;—1)
should be retained in the current state (c;). The updated
memory state is shaped by both the forget gate and the input
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gate, which chooses relevant information from the new input
to add to c;. Lastly, the output gate decides how the hidden
state (h;) is activated, often using a nonlinear function like
tanh.

The LSTM operations can be mathematically expressed
as follows:

Jt =0 Wpewe + Wephi—1 + WGy +bp) (1)

iy = 0 (Wigay + Winhi—1 + WicCrq + b;) 2

Cy = fi * Cy—1 + 1y * tanh (Wegzy + Wephi—q +bc) (3)

0y =0 (Woxxt + Wohhtfl + Wocct + bo) (4)

ht = Ot * tanh(Ct) (5)

In these equations, o(-) represents the sigmoid activation
function, and tanh(-) is the hyperbolic tangent activation
function. The weight matrices W and bias vectors b are
parameters that the network learns during training to en-
hance its performance. Together, these components allow
LSTM networks to effectively handle complex sequential
dependencies over extended time periods.

h,
Ci1 ) D Ce
N
f, e | tanh |
g * O

heq %:I h

t

Xt

Figure 2. The LSTM Architecture

2) Bi-LSTM

LSTM networks are known for their ability to effectively
transmit and process sequential information in a forward
direction. However, this unidirectional approach restricts
their capacity to leverage future information within a se-
quence, especially when it comes to reverse dependencies
in a signal. To address this issue, the Bidirectional LSTM
(Bi-LSTM) architecture introduces an extra LSTM layer
that processes the sequence in reverse. This improvement
enables the network to capture dependencies from both the
past and the future, allowing it to learn sequential patterns
in both directions at the same time.
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As shown in Fig. 3] a Bi-LSTM is made up of two
recurrent neural networks that function in opposite direc-
tions: the forward LSTM focuses on extracting long-term
dependencies from past inputs, while the backward LSTM
identifies future dependencies. Each neuron in the network is
linked to two LSTM units, one for processing in the forward
direction and one for the backward direction,leading to two
hidden states, h; and h}, that correspond to each direction.

At each time step t, the overall hidden state of the Bi-
LSTM is represented as H; = [h¢, h}]. In the proposed
model, this hidden state is passed into a fully connected
layer to carry out a nonlinear transformation of the extracted
features. Ultimately, a fully connected classification layer is
used to predict violent or non-violent behavior.
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Input Sequence

C. ADAPTIVE TEMPORAL ATTENTION (TA)

In the task of video-based violence detection, it is essential
to determine if an individual has engaged in violent conduct
across a sequence of consecutive acts, necessitating the
model’s ability to acquire adequate temporal information.
Furthermore, video sequences are typically lengthy, and
Long Short-Term Memory (LSTM) networks may experi-
ence a loss of temporal information in extended sequences.
To resolve this issue, we employ the Temporal Adaptive
(TA) block introduced by Liu et al. [[14].

The convolution kernel produced by the TA module
can flexibly modify its dimensions according to varying
scenarios in the video frames. This improves the model’s
capacity to discern temporal relationships, thus enhancing
the accuracy and precision in detecting violent behavior.
The comprehensive structure of the TA block can be seen
in Fig. 5]

Let X € REXTXHXW gjonify the feature map of a video
frame, where C, T, H, and W represent the number of
channels, time steps, height, and width, respectively. The
TA block exclusively emphasizes temporal information, ne-
cessitating the application of global spatial average pooling
to reduce the spatial dimensions. Consequently, the feature
map is represented as X € RE*T,

A one-dimensional convolution operation is subsequently
executed on X to extract temporal information from the
video frames. A fully connected layer is utilized simultane-
ously with the global background information. In the end,
the softmax activation function is employed to produce the
final dynamic convolution kernel.
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The proposed system’s architecture is displayed in Fig. [}
offering a detailed overview of the essential components and
their interconnections.

IV. MATERIALS AND EXPERIMENTAL RESULTS
A. DATASET AND EVALUATION METRICS

To better understand how our model performs in different
scenarios, we describe the benchmark datasets used during
experimentation, each offering distinct challenges and char-
acteristics related to violence detection.
Movie Fight Dataset

The Movie Fight dataset consists of several one- to two-
second video clips from various films. It has 200 clips,
equally partitioned among 100 violent and 100 non-violent
samples. All clips have a resolution of 360 x 240 pixels. We
allocated 80% of the dataset for training and the remaining
20% for testing.

Hockey Fight Dataset
The Hockey Fight dataset comprises one thousand action
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clips collected from National Hockey League games, de-
signed to identify aggressive behavior. Half of the clips in
the dataset show peaceful activities, whereas the other half
show violent ones. The writers have carefully annotated each
of the 40 frames in each clip, which has a resolution of
360 x 288 pixels. It should be emphasized that the Hockey
Fight dataset does not include a diversity of backgrounds
since it is restricted to violence in one specific environment.

Surveillance Camera Dataset

The Surveillance Camera dataset is composed of 300 two-
second video clips sourced from YouTube or obtained
via surveillance cameras. The dataset contains 150 violent
and 150 non-violent clips which differ in size and frame
count. Given the limited sample size of the dataset, we
implemented a five-fold cross-validation strategy during our
testing.

RWF-2000 Dataset

With its extensive coverage of violent and non-violent
actions in a wide range of contexts, the RWF-2000 dataset
is now the most comprehensive resource for violence de-
tection. It comprises a collection of 2000 video clips, each
containing 150 frames, recorded by surveillance cameras in
actual environments. By splitting the dataset in half, the
authors have made good use of both the training and testing
sets. With its more realistic representation of violence and
more obstacles, the RWF-2000 dataset stands out among the
Movie Fight and Hockey Fight datasets.

To ensure a reliable evaluation protocol, the dataset was
randomly partitioned into 70% training and 30% validation
subsets. The split was performed at the video level to
avoid data leakage between subsets. Class distribution was
preserved in both partitions to maintain dataset balance. The
training set was used to optimize model parameters, while
the validation set was used for performance assessment and
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early stopping.

Representative sample images from all datasets are dis-
played in Fig. [f] and the details of the databases used are
shown in Table [

Table 1. Details of the databases used

Dataset Context Videos | Resolution
Surveillance [[15 Surveillance 150 Varying
Movie Fight [16 Movies 200 360 x 250
Hockey Fight 16]] Hockey Games 1000 720 X 576
RWF-2000 17 Surveillance 2000 Varying

EVRYVE

(d)

Figure 6. Sample images from the Hockey Fight dataset
(a), Movie Fight dataset (b), RWF-2000 dataset (c), and the
Surveillance dataset (d).

In our study on violence detection using the Bi-directional
Motion Attention and MobileNetV3-LSTM framework,
evaluating the model’s performance is essential, and met-
rics like precision, recall, accuracy, and Fl-score play a
pivotal role in this process. Precision reflects how well
the model identifies violent instances without misclassify-
ing non-violent ones, focusing on reducing false positives
(FP). Recall, conversely, measures the model’s capability
to capture all actual violent instances, minimizing missed
detections or false negatives (FN). Accuracy gives a broad
view of the model’s overall correctness by considering both
correctly predicted violent and non-violent instances. The F1
score, which harmonizes precision and recall, is especially
valuable in scenarios with imbalanced data, as it balances
the trade-off between identifying true positives and avoiding
errors.

These metrics are mathematically defined as:

. TP
Precision = TP+ FP (6)
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TP
|
Reca TPLFN (7
TP+ TN
A —
ALY = TP Y TN + FP + FN ®)

Precision - Recall
F1- =2 9
seore Precision + Recall ©)

where TP (True Positives) represent correctly identified
violent instances, FP (False Positives) are non-violent in-
stances wrongly classified as violent, TN (True Negatives)
are correctly identified non-violent instances, and FN (False
Negatives) are violent instances incorrectly labeled as non-
violent. Together, these metrics provide a robust framework
for evaluating the effectiveness of our violence detection
model, ensuring a thorough understanding of its strengths
and limitations.

B. IMPLEMENTATION DETAILS

In developing this model, we carefully chose hyperparame-
ters to achieve a balance between performance and com-
putational efficiency. To address memory constraints, we
configured the batch size to 8 and trained the model for 100
epochs to guarantee comprehensive learning. The learning
rate was set to 0.001, utilizing the AdamW optimizer to
adjust the weights, with a weight decay of 1 x 10~° imple-
mented to reduce overfitting. To avert redundant training,
we adopted an early stopping mechanism with a patience of
10 epochs, which stops training if the validation accuracy
does not enhance. To optimize processing, we adjusted
the input images to a resolution of 112 x 112 to reduce
computational complexity and memory consumption, which
are critical constraints in edge-based surveillance systems,
and limited the number of frames per video to 10 to maintain
consistency across inputs.

We used random horizontal flipping and color (adjusting
brightness, contrast, and saturation) to improve the general-
izing capacity of the model. Designed to run bidirectionally
and so capture temporal dependencies in the data, the LSTM
layer has a hidden size of 64. We also incorporated a
ReduceL.ROnPlateau scheduler, which reduces the learning
rate by a factor of 0.5 if the validation accuracy plateaus
for 5 consecutive epochs.

To further optimize training, we enabled mixed precision
training using autocast and GradScaler, which not only
speeds up the process but also reduces memory usage. All
experiments were conducted on Google Colab, leveraging
the powerful Tesla A100 GPU to handle the computational
demands of the training process efficiently. Together, these
hyperparameter values taken guarantee that the model can
provide strong performance for the purpose of violence
detection and be computationally efficient.
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Table 2. Comparison of RNN-based CNN models for vio-
lence detection.

Model Accuracy (%) | Parameters (M)
VGG16 + Bi-LSTM 94.50 20.39
ResNet18 + Bi-LSTM 80.50 11.55
Xception + Bi-LSTM 94.00 22.01
InceptionV3 + Bi-LSTM 93.99 22.95
DenseNet121 + Bi-LSTM 96.49 7.66
EfficientNet-BO + Bi-LSTM 88.00 4.80
MobileNetV3-Small + Bi-LSTM 95.50 1.33

Table 3. Comparison of different CNN-based hybrid models
for violence detection.

Model Accuracy (%) | Parameters (M)
MobileNetV3s + LSTM 95.00 1,153,138
MobileNetV3s + Bi-LSTM 95.50 1,333,746
MobileNetV3s + ConvLSTM 93.50 2,709,618
MobileNetV3s + Bi-GRU 95.00 1,252,082

C. MAIN RESULTS

From the comparative observation in Table 2 it can be
noted that the MobileNetv3s + Bi-LSTM architecture has
the optimal tradeoff between parameters and performance.
Even though DenseNet121 + Bi-LSTM achieved the highest
accuracy of 96.49%, with MobileNetv3s + Bi-LSTM achiev-
ing 95.50% accuracy, the former model had a parameter
count of 1,333,746. This is over five times more than the
DenseNet121 was. The drastic reduction in model size with
minimal compromise in accuracy makes MobileNetv3s +
Bi-LSTM the most effective for resource-limited settings
or real-time embedded systems. Its lightweight and strong
predictive performance justifies it as the best architecture in
our case.

The comparison of various hybrid architectures shown
in Table [3] indicates that MobileNetv3s + Bi-LSTM is the
best performing hybrid having an accuracy of 95.50 and
a parameter count of 1,333,746 which is relatively low
when compared to other variants. While MobileNetv3s +
ConLSTM was also observed to perform worse with a
higher parameter count of 2,709,618, accuracy stood at
93.50 suggesting that it is inefficient in terms of a param-
eter to accuracy ratio. However, MobileNetv3s + Bi-GRU
and MobileNetv3s + LSTM performed equally in accuracy
95.00%, which is lower than the result of Bi-LSTM. In this
regard, it can be concluded that MobileNetv3s + Bi-LSTM
along with its classification performance is more complex
than other models making it the best fit for our case.

The given Table {4 outlines the performance measures
(precision, recall, Fl-score, and accuracy) of the violence
detection model on four datasets: Movie Fight, Hockey-
Fight, Surveillance, and RWF-2000. The model achieved
near-perfect classification on the Movie Fight dataset, reach-
ing 100% on all metrics, which implies that distinguishing
violence features in this context is quite easy. Performance
remains strong on Hockey-Fight as well, with all metrics
exceeding 98%, indicating that the model performs well in
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sports scenes too. A slight drop is noted on Surveillance
and RWF-2000, more specifically in NonViolence precision
and recall on the Surveillance dataset, most probably due
to changing illumination, viewing angles, and occlusions
present in real-world footage. Regardless, the model main-
tains strong (>0.89) Fl-scores and (>90%) accuracy on
all datasets, proving that the model is robust to varying
conditions. Including the standard deviations helps show
the consistency of results, as portrayed within the Movie
Fight, Hockey-Fight, and Surveillance datasets, where there
is less variability in controlled environments compared to
more challenging ones. These results demonstrate that the
model is adaptable while highlighting the issues that arise
from using real-world surveillance and crowd-sourced video
data.

The normalized confusion matrices are shown in Fig.
for the four datasets, Hockey Fight, Movies, RWF-2000, and
Surveillance, and provide key insights into the performance
of the violence detection model across diverse video do-
mains. Starting with the Movies dataset, the model demon-
strates perfect classification accuracy, with both “NonVi-
olence” classes achieving 100% recognition. This excep-
tional performance likely stems from the high-quality, well-
structured, and clearly segmented visual content typical
of cinematic productions, where violent actions are often
exaggerated and well-defined, making them easier to detect
by learning-based models.

In the case of the Hockey Fight dataset, the model also
performs remarkably well, with 99% accuracy for “Non-
Violence” and 98% for “Violence”. These results suggest
that although the dataset features fast-paced, action-intensive
scenes, the physical interactions characteristic of hockey
fights are distinct enough to allow effective discrimination
between violent and non-violent instances. The slight drop
compared to the Movies dataset may reflect the chaotic and
overlapping nature of real-time sports footage.

For the RWF-2000 dataset, which consists of real-world
surveillance videos, the model shows decent performance
with a 90% accuracy for “NonViolence” and 92% for
“Violence”. However, misclassification rates of 10% and 8%
respectively indicate the increasing difficulty in distinguish-
ing violent acts in more complex, real-world environments.

Surveillance videos often involve occlusions, varying
lighting conditions, camera motion, and subtle actions that
can blur the line between aggressive and non-aggressive
behavior, thus challenging even robust classifiers. Finally,
the Surveillance dataset poses the greatest challenge, with
13% of “NonViolence” samples incorrectly predicted as “Vi-
olence” and 6% vice versa. While the model still performs
reasonably well (87% and 94% accuracy respectively), this
confusion suggests the presence of ambiguous or borderline
scenes that complicate decision boundaries. The results
underscore the difficulty of real-world deployment, where
environmental noise, diverse human behavior, and camera
perspectives significantly impact detection accuracy.

For the four datasets : Hockey, Movie Fight, RWF-
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Table 4. Performance metrics for violence detection across different datasets. Values are presented as mean + standard

deviation.
Dataset Precision (%) Recall (%) F1-score (%) Accuracy (%)
Violence Non-Violence Violence Non-Violence Violence Non-Violence
Movie Fight 100.0 £ 0.0 100.0 0.0 100.0 £ 0.0 100.0 £ 0.0 100.0 £ 0.0 100.0 £ 0.0 100.0 £ 0.0
Hockey Fight 98.0 £ 2.0 98.0 £ 2.0 98.0 £ 2.0 98.0 £ 2.0 98.0 £ 2.0 98.0 £ 2.0 98.0 £ 2.0
Surveillance 88.0+11.0 92.0 £ 10.0 93.0£7.0 86.0 £ 14.0 91.0 £ 9.0 89.0 £ 12.0 90.0 £ 10.0
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Figure 7. Normalized confusion matrices on the four datasets used.

2000 and Surveillance, the ROC curves (Receiver Operating
Characteristic) shown in Fig. [§] represent an overall view
of the classification performance across several domains in
violence detection tasks. With both “Violence” and “Non-
violence” classes obtaining an Area Under the Curve (AUC)
of 0.99, suggesting near-perfect discrimination with minimal
false positives and false negatives, the Hockey dataset shows
an extraordinary classification ability. Likewise, the Movie
Fight dataset shows optimal performance with an AUC
of 1.00 for both classes, implying that in this controlled,
possibly less noisy dataset, the classifier precisely separates
the two categories. With an AUC of 0.94 for both “fight” and
“no_fight,” the RWF-2000 dataset known for its real-world
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complexity presents somewhat lower but still respectable
performance. However, this shows a consistent classification
with considerable degradation due to scene complexity,
lighting changes, and video quality. Lastly, despite different
settings and camera angles, the Surveillance dataset, which
is the most difficult, achieves a decent AUC of 0.93 for
both “Violence” and “Non-violence.” This implies that al-
though the model has good performance, scene classification
in complicated, real-world surveillance circumstances is
somewhat more challenging and uncertain. From carefully
selected to real-world environments, the ROC analyses
collectively confirm the resilience of the proposed violence
detection methodology throughout a range of datasets.
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Figure 8. ROC curves and the AUC values for the four datasets used.

The impact of the TA mechanism on the accuracy of
the MobileNetv3 + Bi-LSTM model is evident from the
ablation study presented in Table[5} The base model without
TA achieves a high accuracy of 95.50%, while maintaining
efficiency with 1.33M parameters, 0.90 GFLOPs, and a
model size of 5.09 MB. When the TA mechanism is
introduced, there is a remarkable increase in accuracy to
98.60%, albeit with a significant rise in model complexity.
Specifically, TA increases the parameter count to 3.66M,
raises the computational demand slightly to 1.00 GFLOPs,
and expands the memory usage to 13.95 MB. These findings
suggest that while TA enhances the model’s ability to learn
precise temporal features, it also challenges its applicabil-
ity in resource-constrained environments. Therefore, model
design must carefully balance accuracy and computational
efficiency, especially for deployment in embedded or real-
time systems.

Table [6] presents a comparison of violence detection
model accuracies on multiple datasets (Movie Fight, Hockey
Fight, Surveillance, and RWF-2000), along with their com-
putational costs in terms of GFLOPs and number of pa-
rameters. As previously mentioned, our proposed model
achieves the highest or near-highest accuracy across all
datasets,100%, 98.60%, 90.50%, and 91.30%, respectively

270

while maintaining a low computational cost (1.00 GFLOPs)
and a moderate number of parameters (3.66M). This demon-
strates a better trade-off between performance and efficiency
compared to other models such as I3D, C3D, and SlowFast,
which require significantly more computational resources.
The inclusion of GFLOPs and parameter counts further
highlights the practicality of our model for deployment in
resource-constrained environments.

V. DISCUSSION

The proposed lightweight architecture, combining Mo-
bileNetV3s, Bi-LSTM, and an Adaptive Temporal Attention
(ATA) mechanism, demonstrates that it is possible to achieve
high accuracy in violence detection while maintaining a low
computational cost. This characteristic makes the model par-
ticularly well-suited for real-time surveillance applications
on edge devices. The ATA module significantly enhances
the model’s ability to focus on the most relevant temporal
segments, enabling it to better capture subtle yet critical
temporal patterns associated with violent actions.

Our model achieved notable performance across four
different datasets: Movie Fight, Hockey Fight, Surveillance
Camera, and RWF-2000, with accuracies of 100%, 98.60%,
90.50%, and 91.30%, respectively. These results demon-

VOLUME 25(2), 2026



Aicha Khalfaoui et al./ International Journal of Computing, 25(2) 2026, 262-272

)

Table 5. Performance and complexity comparison of MobileNetV3-based architectures for violence detection.

Model Accuracy (%) Parameters (M) GFLOPs Size (MB)
MobileNetV3 + Bi-LSTM 95.50 1.33 0.90 5.09
MobileNetV3 + TA + Bi-LSTM 98.60 3.66 1.00 13.95
Table 6. Comparison of existing violence detection models on multiple datasets with computational complexity.
Model Movie Fight | Hockey Fight | Surveillance | RWF-2000 | GFLOPs | Parameters (M)
ConvLSTM [18] 100% 97.10% - 77.00% 15.69 9.76
ConvBiLSTM |[[19] 99.66% 98.78% - 79.10% 24.52 11.20
FightCNN-based Attention [11] 99.50% 96.10% 71.00% 82.00% - 4.07
ViT Large-16 [20] 99.50% 98.00% 84.60% - - -
Two-cascade TSM [21] - 97.50% - 87.75% - 8.49
R(2+1)D-18 [22] 100% 95.00% - 81.25% 4.42 33.20
R3D-50 [23] 100% 96.00% 85.21% 80.90% 39.98 46.20
VD-Net [24] 99.00% 98.50% 92.50% - 15.30 49.28
Flow Gated Network [17] 100% 98.00% - 84.50% 17.20 0.25
SlowFast [25] 100% 97.50% - 85.00% 23.89 33.79
13D (RGB) [26] 100% 98.50% 84.67% 85.75% 111.33 12.29
C3D [6] 100% 96.00% - 82.75% 154.19 78.00
Our Model 100% 98.60 % 90.50 % 91.30% 1.00 3.66

strate the generalizability and robustness of the proposed
architecture under various lighting conditions, camera an-
gles, and scene complexities. With just 1.00 GFLOPs and
3.66 million parameters, the proposed hybrid model not only
ensures computational efficiency but also improves classifi-
cation performance compared to baseline methods, making
it well-suited for deployment in resource-constrained envi-
ronments.

Furthermore, while Bi-LSTM captures long-term depen-
dencies in the temporal domain which is essential for
analyzing motion patterns in video sequences, the use of
MobileNetV3s enables efficient spatial feature extraction.
The ATA mechanism addresses a common limitation in
prior works that treat all temporal frames equally, potentially
diluting the impact of key moments.

These results suggest that combining lightweight CNNs
with attention-enhanced temporal modeling presents a
promising approach for scalable and deployable violence
detection systems. However, some challenges remain, such
as false positives in crowded or fast-moving scenes, which
require further investigation.

VI. CONCLUSION

This work presented a lightweight and efficient framework
for real-time violence detection in surveillance videos, ex-
plicitly designed for edge computing scenarios. By inte-
grating MobileNetV3s with a Bi-LSTM enhanced by an
Adaptive Temporal Attention (ATA) mechanism, the pro-
posed architecture achieves a compelling balance between
detection accuracy and computational efficiency.

Extensive experiments on four benchmark datasets vali-
date the robustness of the approach, with a reduced com-
plexity of 1.00 GFLOPs and 3.66 million parameters. When
evaluated on an NVIDIA Tesla A100 GPU, the model
operates between 104.93 and 127.88 FPS, significantly
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surpassing the 25-30 FPS threshold required for real-time
video surveillance. The ablation study further confirms the
critical role of the ATA module in strengthening temporal
feature modeling.

While occasional false positives may arise in highly
dynamic or crowded environments and performance may be
affected under challenging illumination conditions, the com-
pact design and high inference speed make the framework
well-suited for deployment in practical smart surveillance
systems. Future research will investigate advanced temporal
architectures and multi-modal fusion strategies to enhance
robustness in complex real-world settings.
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