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architecture. The proposed framework is evaluated on the UCF-Crime
dataset, which consists of fourteen categories of normal and criminal
activities, including burglary, robbery, assault, vandalism,
shoplifting, and abuse. Surveillance videos are converted into image
sequences and analyzed under two experimental scenarios: (I) a
standalone YOLOV10 model and (II) the proposed Attention-Guided
YOLOvVI10-ViT framework. Performance is assessed using accuracy,
precision, recall, and F1-score metrics. Experimental results show
that the standalone YOLOv10 model achieves an overall
classification accuracy of 88.07%, outperforming the previously
reported YOLOVS baseline. More importantly, the proposed hybrid
framework attains an accuracy of 93.45%, exceeding both YOLOv10
and earlier YOLOVS-ViT architectures. The improvement is
particularly evident in challenging scenarios involving occlusion,
illumination changes, cluttered backgrounds, and crowded
environments. The results demonstrate that integrating YOLOV10,
Transformers, and attention-guided feature fusion provides a scalable,
robust, and real-time solution for intelligent surveillance and public
monitoring applications.

1. Introduction

In recent years, the expansion of urban populations camera networks, has created a strong demand for
alongside the rapid growth of public infrastructure intelligent, automated, and highly reliable
has made the issue of public safety increasingly monitoring systems. Conventional approaches
critical. The rising occurrence of criminal based on manual inspection or handcrafted feature
behaviors in densely populated areas, which are engineering are not only labor-intensive but also

typically monitored through extensive surveillance unsuitable  for large-scale and real-time
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surveillance scenarios. In this context, deep
learning has emerged as a powerful paradigm for
automatic visual data interpretation, significantly
enhancing the efficiency and reliability of crime
detection systems [1-2]. Deep neural networks
have demonstrated remarkable capabilities in
learning discriminative feature representations and
capturing complex behavioral patterns from visual
data. Among them, the YOLO family has achieved
widespread adoption for real-time object detection
due to its high speed and competitive accuracy.
However, convolution-based architectures still
have limitations in modeling long-range
dependencies and global contextual relationships
in complex surveillance scenes.  Vision
Transformers address these limitations by
employing self-attention mechanisms to capture
global interactions across image regions and
improve contextual understanding [3-5].

Building on these advances, the present study
focuses on image-based criminal activity
recognition using a hybrid deep learning approach
that integrates YOLOv10 with  Vision
Transformers. The primary contribution of this
work is the development of an attention-guided
YOLOv10-ViT  framework,  designed to
effectively combine the real-time local feature
extraction capability of YOLOv10 with the global
contextual representation power of ViT. The
proposed method is evaluated on the UCF-Crime
dataset, which includes fourteen categories of
normal and abnormal activities such as burglary,
robbery, assault, vandalism, shoplifting, and
abusive behavior. In the experimental design,
surveillance videos are decomposed into frame-
level image sequences and analyzed under two
distinct scenarios: (i) a standalone YOLOvV10-
based model and (ii) the proposed attention-guided
YOLOvV10-ViT fusion architecture. Performance
evaluation is conducted using standard metrics,
including accuracy, precision, recall, and F1-score.
The obtained results indicate that the standalone

YOLOvIO model achieves a classification
accuracy of 88.94%, surpassing previously
reported  YOLOv8-based baselines. More

importantly, the proposed hybrid YOLOv10-ViT
framework significantly improves performance,
achieving an overall accuracy of 93.45%, and
outperforming both the standalone YOLOvI10
model and earlier YOLOV8-ViT hybrid
approaches. This improvement is particularly
evident in challenging surveillance conditions,
including occlusions, illumination variations,
cluttered backgrounds, and densely populated
scenes. Overall, the findings confirm that
integrating YOLOv10 with Vision Transformers
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through an attention-guided feature fusion strategy
provides a robust, scalable, and real-time solution
for intelligent surveillance systems. This hybrid
design effectively enhances both local feature
extraction and global contextual reasoning, making
it highly suitable for advanced public safety and
crime monitoring applications. The key
contributions of this study can be summarized as
follows:

* A comprehensive comparative analysis between
YOLOv8 and the proposed YOLOvV10-ViT
framework, demonstrating the advantages of
incorporating transformer-based attention
mechanisms for enhanced global contextual
learning in surveillance imagery.

» Utilization of the UCF-Crime dataset in a frame-
level image representation setting, showing that
efficient crime recognition can be achieved without
relying on full video sequence processing, thereby
improving  computational  efficiency  and
scalability.

* Experimental evidence indicating that the
YOLOvVI0-ViT model achieves superior
classification accuracy compared to YOLOv10 and
YOLOVS baselines, particularly in complex
categories such as burglary, shoplifting, and
vandalism.

* Demonstration of improved robustness under
real-world surveillance conditions, including
occlusion, lighting variations, and crowded
environments, confirming the suitability of the
proposed model for practical deployment.

* Validation that hybrid YOLOv10-ViT

architectures represent a promising direction for
next-generation intelligent surveillance systems
focused on public safety enhancement.
The remainder of this paper is organized as
follows. Section 2 reviews related literature in
crime detection and deep learning-based
surveillance systems. Section 3 describes the
dataset, preprocessing pipeline, and the proposed
methodology. Section 4 presents the experimental
setup and comparative results between YOLOv10
and YOLOv10-ViT. Section 5 discusses findings,
implications, and limitations of the study. Finally,
Section 6 concludes the paper and suggests future
research directions.

2. Review of Related Works

Over the past decade, research in automated crime
and anomaly detection has experienced substantial
progress, primarily driven by advancements in
deep learning methodologies. Early solutions relied
heavily on handcrafted feature descriptors and
traditional machine learning techniques; however,
these approaches often exhibited limited
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generalization capabilities when applied to
complex and  heterogeneous  surveillance

environments. With the rapid expansion of large-
scale datasets and improvements in computational
resources, convolutional neural networks (CNNs)
and their advanced variants have become the
foundation of modern visual recognition systems
for both image- and video-based surveillance
applications.

In recent years, attention-based architectures have
introduced a new direction in visual representation
learning. In particular, Vision Transformers have
gained significant attention due to their ability to
model long-range dependencies and capture global
contextual relationships across image regions.
Unlike CNN-based models, which primarily focus
on local receptive fields, ViTs provide a more
holistic understanding of scene-level interactions.
This advancement has encouraged researchers to
explore hybrid frameworks that combine efficient
object detection models with global attention
mechanisms to enhance anomaly recognition in
real-world surveillance scenarios. Within this
context, the present section provides a structured
overview of recent developments in intelligent
crime detection systems, emphasizing both
methodological strengths and inherent limitations.
It also highlights emerging research directions that
motivate the integration of YOLO-based detectors
with Vision Transformer architectures, particularly
in real-time surveillance applications.

Several studies have contributed to advancing
automated crime detection using deep learning
frameworks. For example, the approach in [6]
focuses on real-time identification of criminal
activities in both video streams and still images,
while simultaneously generating alerts for human
operators and relevant authorities. This system
leverages a pre-trained VGG19 network for
detecting weapons such as knives and firearms in
threatening scenarios. A comprehensive analysis of
crime prediction methodologies is presented in [7],
where various machine learning and deep learning
models are systematically reviewed. This work
also provides access to commonly used datasets,
offering valuable insights for developing effective
predictive crime analytics systems. Addressing
unconventional crime channels, the method
proposed in [8] focuses on detecting threats in
voice communication. It employs a one-
dimensional convolutional neural network (1D-
CNN) followed by a multilayer perceptron
classifier, achieving strong performance on
Bengali speech datasets and demonstrating the
feasibility of audio-based threat detection systems.
In [9], a real-time surveillance framework is
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introduced that integrates VGG19 for weapon
detection and Faster R-CNN for object
localization. This combination enables accurate
bounding box prediction and improves reliability in
dynamic surveillance environments. A detailed
review of deep learning-based crime detection
systems is presented in [10], which discusses

architectural designs, methodological
advancements, and  practical  deployment
challenges, including ethical and legal

considerations in automated surveillance systems.
The study in [11] proposes a real-time crime
detection framework based on YOLO, capable of
processing video streams at high speed while
identifying suspicious individuals and weapons
even in crowded environments, achieving
approximately 45 frames per second. A multimodal
fusion strategy is introduced in [12], where spatial,
temporal, and environmental features are
integrated using a combination of deep neural
networks and classical machine learning
techniques, improving both predictive accuracy
and interpretability. In [13], a multi-stage
surveillance pipeline is proposed that combines
YOLOvVS for weapon detection, MobileNet for
violence recognition, and a custom face detection
module, enabling comprehensive monitoring of
complex crime scenarios in CCTV systems. The
work in [14] addresses large-scale crime-related
object detection by employing deep learning
architectures such as VGG19, ResNet, and
GoogleNet, supporting forensic analysis and crime
scene reconstruction through effective object
tracking. In [15], transfer learning using Inception-
v3 is applied to classify abnormal behavior in
surveillance footage. By fine-tuning pre-trained
weights on labeled datasets, the model achieves
high accuracy in distinguishing normal and
abnormal activities. The approach in [16]
introduces an  autoencoder-based anomaly
detection model that utilizes reconstruction error
thresholds for identifying abnormal events,
achieving strong performance metrics on the FBI
crime dataset. In [17], a spiking neural network-
based multi-scale fusion model is proposed for
video anomaly detection using event-based
dynamic vision sensors. The method reduces
redundant information while improving temporal
motion representation, establishing a strong
baseline for neuromorphic surveillance systems.

A high-performance deep learning system is
presented in [18], where EfficientNet-B7 and
ResNet50 are trained on the UCF-Crime dataset,
achieving exceptional classification results in
crowded surveillance scenarios. In [19], the
VideoMAE transformer model is fine-tuned for
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video understanding tasks across multiple domains,
including crime detection and action recognition,
demonstrating strong transfer learning capabilities
despite class imbalance challenges.

A trajectory-based human action recognition
framework is proposed in [20], where skeletal
motion patterns are used to classify crime-related
behaviors, enhancing dataset annotations and
improving classification performance through
advanced feature fusion strategies. Building upon
these prior works, the present study investigates a
hybrid deep learning framework based on
YOLOV10 and Vision Transformers for real-time
crime detection using frame-level images extracted
from surveillance videos. The main objective is to
evaluate the impact of integrating ViT into
YOLOvIO for enhancing both local feature
extraction and global contextual reasoning,
enabling a more robust and discriminative
representation for crime recognition tasks.

Arrest Arson

NormalVideos Vandalism

Fighting

RoadAccidents

3. Dataset Description and Preprocessing
Pipeline

To evaluate the performance of the proposed
framework, the UCF-Crime dataset [21] is utilized.
This dataset is among the most comprehensive
benchmarks for anomaly detection in surveillance
environments, comprising approximately 128
hours of real-world security footage. It includes
nearly 1,900 long untrimmed videos covering a
wide range of activities, including 13 categories of
abnormal events such as Abuse, Arrest, Arson,
Assault, Explosion, Fighting, Traffic Accidents,
Robbery, Shooting, Shoplifting, Stealing,
Vandalism, Burglary, as well as normal behavior
scenarios. Representative samples of each category
are illustrated in Figure 1, while Figure 2
demonstrates the class-wise distribution of the
dataset.

Robbery Shooting Shoplifting

Figure 1. Representative samples from the 14 classes of the UCF-Crime dataset, illustrating different normal and
abnormal surveillance scenarios, including various criminal activities.
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Figure 2. Distribution of image samples in the UCF-Crime dataset. The donut chart illustrates the relative proportion of
each class, while the bar chart presents the corresponding number of images per category.
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Each video sequence is annotated with rich
contextual metadata, including event type,
temporal information, location, and involved
subjects, making it a highly valuable resource for
surveillance-based learning tasks.

Table 1 summarizes the dataset partitioning and
augmentation procedure used in this study. The
dataset was divided into training and testing sets,
and augmentation techniques were applied to the
training samples to enhance data diversity and
improve the robustness of the proposed models.
Prior to training, surveillance videos are
converted into image frames, which are resized
to 224 x 224 pixels, normalized, and scaled to [0,
1] to ensure compatibility with the network and
stable optimization [22-23]. Random cropping
is also applied to emphasize salient regions and
reduce background interference. Furthermore,

data augmentation is employed to increase
sample diversity, improve model generalization,
and mitigate overfitting caused by the limited
availability of annotated surveillance data.

Data augmentation is a widely used technique in
deep learning to improve model generalization
and robustness across different architectures,
including CNN:ss, transformer-based models, and
hybrid frameworks, especially in video analysis
and surveillance tasks. It helps reduce overfitting
by increasing data diversity through various
spatial and temporal transformations. In this
study, data augmentation is also applied during
training to enhance the generalization ability of
the proposed YOLOv10—Vision Transformer
framework on the UCF-Crime dataset under
diverse surveillance conditions [24-25].

Table 1. Dataset partitioning and augmentation strategy used in this study.

Class Original Images Train (80%) Test (20%) Train After Augmentation Total Images Used
Abuse 297 238 59 1,500 1,559
Arrest 3,365 2,692 673 5,000 5,673
Arson 2,793 2,234 559 5,000 5,559
Assault 2,657 2,126 531 5,000 5,531
Burglary 7,657 6,126 1,531 7,600 9,131
Explosion 6,510 5,208 1,302 6,500 7,802
Fighting 1,231 985 246 5,000 5,246
Normal Videos 65,000 52,000 13,000 10,000 23,000
Road Accidents 2,663 2,130 533 5,000 5,533
Robbery 835 668 167 5,000 5,167
Shooting 7,630 6,104 1,526 7,600 9,126
Shoplifting 7,623 6,098 1,525 7,600 9,125
Stealing 1,984 1,587 397 5,000 5,397
Vandalism 1,111 889 222 5,000 5,222

To mitigate this issue, a combined balancing
strategy is adopted. Specifically, dominant classes
are downsampled to reduce overrepresentation,
while minority classes are augmented using the
aforementioned  transformation  techniques.
Importantly, augmentation is applied exclusively to
the training set, whereas validation and test sets
remain unchanged to ensure unbiased and realistic
performance evaluation.

Following this division, augmentation is performed
only on the training data to further enrich minority
classes and achieve a more balanced class
distribution. This strategy enhances the diversity of

training samples and improves the model’s ability
to learn discriminative features across all
categories. Table 2 summarizes the distribution of
samples per class before and after augmentation,
along with the allocation across training,
validation, and testing sets. The results clearly
demonstrate the effectiveness of the proposed
balancing and augmentation strategy in
constructing a more uniform dataset, which
ultimately contributes to improved learning
stability and classification performance of the
proposed framework.

Table 2. Architectural Configuration and Training Components of YOLOvS, YOLOv10, and YOLOv10-ViT Models.

Feature Global

Prediction /

Network R Transformer Feature Attention Input R
Variant Extraction Context Depth Dimension Configuration Resolution Fusion
Backbone Module P g Strategy
YOLOv8 224x224 YOLO
(Baseline) CSPDarknet53 Not Used o o o detection head
YOLOv10 YOLOv10 Not Used - - - 224x224 YOLO
(Baseline) Backbone detection head
YOLOVIO- yoLov10+ CNN Vision 224x224 Attention-
ViT 12 768 12 heads guided fusion +
Feature Encoder Transformer .
(Proposed) classifier
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4. Proposed YOLOvV10-ViT Methodology
In this study, crime analysis is formulated as a
frame-level multi-class classification problem
rather than an object detection task. YOLOV10 is
employed to extract discriminative local spatial
features, while the Vision Transformer captures
global contextual dependencies. These
complementary representations are adaptively
integrated through an attention-guided feature
fusion mechanism to enhance classification
performance.
Experimental evaluation is conducted under two
configurations: (i) a baseline YOLOv10 model and
(i) the proposed YOLOvIO-ViT hybrid
architecture. Results show that YOLOv10 achieves
strong performance in real-time crime detection,
while the integration of ViT further improves
accuracy by enhancing global contextual
understanding and feature discrimination. The
proposed model consistently outperforms both
YOLOvVI10 and previous YOLOv8-based hybrid
approaches, particularly in challenging categories
such as burglary, shoplifting, and vandalism.
Overall, the findings confirm that the attention-
guided YOLOvV10-ViT framework provides a
more robust and accurate solution for intelligent
surveillance systems. The key outcomes of this
study can be summarized as follows:

* The baseline YOLOv10 model demonstrates

efficient real-time performance and strong
detection capability in image-based crime
recognition tasks.

* The proposed YOLOvVIO-ViT model

significantly improves classification accuracy by
integrating local feature extraction with global
contextual reasoning.

* Noticeable performance gains are achieved in
challenging categories such as burglary,
shoplifting, and vandalism.

* The hybrid architecture exhibits strong
robustness under real-world conditions, including
occlusion, lighting variations, and crowded scenes.
Table 3 summarizes the layer-wise architectures of
YOLOvS, YOLOv10, and the proposed
YOLOvV10-ViT model. The comparison illustrates
the structural differences among the three networks
and highlights the additional Vision Transformer
components incorporated to enhance global
contextual learning and classification performance.

4.1. YOLOV10-Based Local Feature Extraction
In the proposed framework, the first stage is
dedicated to extracting discriminative local spatial
features from surveillance frames using the
YOLOVI10 architecture. YOLOvVI1O0 is a state-of-
the-art single-stage object detector that performs
efficient feature extraction and localization in a
unified manner. Given an input image 7 €”"**, the
backbone network of YOLOvVIO generates a
hierarchical feature representation:

Fyz)lu — » (I) (1)
where ¢, denotes the convolutional backbone

and neck feature aggregation layers, and
Fol ™7 represents the extracted local feature
map [26]. These features primarily encode fine-
grained spatial patterns such as object boundaries,
human poses, motion-related cues, and interaction
regions, which are essential for crime-related
activity recognition.

Table 3. Layer-Wise Architectural Flow of YOLOVS, YOLOvV10, and the Proposed YOLOvV10-ViT Model for 14-Class

Surveillance Classification.

Feature Map / Feature Map /

Feature Map /

Islt?lgye( ProBcl(e)scs]:ng Token Size Token Size Token Size Operation Type Par;(nelz ters Functional Role
(YOLOVS) (YOLOv10)  (YOLOV10-ViT)
1 Stem Layer 224x224x32 224x224x32 224x224x32 Conv 3x3 32 filters Initial feature
extraction
2 Early Feature 112x112x64 112x112x64 112x112x64 Conv + stride=2 Low-level
Block Downsampling feature learning
Intermediate Conv + Spatial feature
3 Block 56x56x128 56x56x128 56x56%128 CSP/RepBlock 128 filters refinement
4 Deep Feature 2828256 2828256 2828256 CSP/Rep-style 556 giiers High-level
Block block semantics
5 High-Level 14x14x512 14x14x512 14x14x512 Conv. 512 filters Abstract
Encoder aggregation representation
L Patch I
6 TOkg?;Z?eitlon o o 196x768 Embedding em?)i?i_ddin cc\)g:t;;lg?;n
g (16x16) &
Long-range
Global Context Transformer
7 Modeling — — 196x768 Encoder (L=12) 12 heads depende;ncy
modeling
3 Fusion Layer - . 1D Attentlop—based learpable L(_)cal + g!obal
fusion weights integration
Classification Fully Connected . L
9 Head 1x14 1x14 1x14 + Softmax 14 classes Final prediction
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However, YOLOv10 alone is limited in capturing
long-range dependencies across the scene,

motivating the integration with a transformer-
based module.

4.2. Vision Transformer for Global Context
Modeling

To complement the local feature learning of
YOLOV10, a Vision Transformer is employed to
capture global contextual relationships. The feature
map F’° is first reshaped into a sequence of
flattened patches:

()

Zz{zl,zz,...,zN},zi eR?

These tokens are linearly embedded and
augmented with positional encodings to preserve
spatial  structure. The transformer encoder
processes the sequence through
multi-head self-attention (MSA):

K" 3)

MSA(Q,K,V) = soft max(?/aT
k
where O, K, and V are query, key, and value

matrices derived from the input tokens. The output
of the ViT encoder is a globally enriched
representation:

)14

F"=¢.,(2) 4)
This  representation  captures  long-range
dependencies such as interactions between

multiple individuals and contextual cues across the
entire scene [26-27].

4.3. Attention-Guided
Mechanism

A key contribution of the proposed method is the
attention-guided fusion strategy that integrates
local YOLOvIO features with global ViT
representations. Instead of simple concatenation,
an adaptive weighting mechanism is introduced to
dynamically balance the contribution of each
modality. The fusion process is defined as:

Feature Fusion

Fﬁzsion — aFyo/o +(1_a)Fvit (5)
where « €[0,1]is an attention coefficient learned
through a lightweight gating network:

a=c(W,[F*;F"]+b,) (6)

Here, [.;.] denotes feature concatenation, ¥, and
b, are learnable parameters, and o(.) is the

sigmoid activation function. This mechanism
allows the model to adaptively emphasize local or
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global features depending on the complexity of the
scene. For instance, in occluded or crowded
environments, global contextual reasoning
becomes more dominant, while in clear scenes,
local object-level features are more influential.

4.4. Classification and Prediction Module

The fused representation F™" is passed to a fully
connected classification head to predict the
probability distribution over crime categories:

9 = soft max(W,.GAP(F ™" ) +b,) (7

where GAP(.) denotes global average pooling, and
W_,b are trainable parameters. The model is
trained using the categorical cross-entropy loss
function:

. ()
L==) ylog

i=1

where C is the number of classes in the UCF-
Crime dataset. Table 4 presents the training and
optimization parameters employed for YOLOVS,
YOLOv10, and YOLOvVI10-ViT. The Ilisted
hyperparameters define the experimental setup
used to train and evaluate the models under
consistent conditions [26-27].

4.5. Training Strategy and Optimization

The proposed network is trained end-to-end using
stochastic gradient descent with adaptive learning
rate scheduling. To improve generalization, data
augmentation techniques such as random cropping,
horizontal flipping, and brightness adjustment are
applied to the input frames. Additionally, dropout
regularization is applied in the classification head
to mitigate overfitting, especially given the high
intra-class variability in surveillance data. The
features extracted from the YOLOv10 and Vision
Transformer branches are fused and then passed
through a series of fully connected layers to
generate final class probability distributions. To
provide a comprehensive understanding of the
proposed architecture, the overall workflow is
illustrated in Figure 3. This figure depicts the end-
to-end pipeline, starting with input surveillance
images, followed by feature extraction using
YOLOV10 and ViT modules, and concluding with
the final classification stage. In addition, Algorithm
1 presents the pseudocode of the proposed
YOLOv10-ViT framework, describing the
complete sequence of operations from data
preprocessing and feature extraction to fusion,
classification, and inference. This structured
representation enables a clear interpretation of the
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hybrid learning strategy prior to the experimental
evaluation.

4.6. Evaluation Protocol

To rigorously evaluate the performance of the
proposed YOLOv10-ViT classification
framework, a comprehensive set of evaluation
metrics is employed. These metrics are selected to
assess both overall performance and class-wise
discrimination capability across all 14 activity
categories in the UCF-Crime dataset. The primary
metric is classification accuracy (Acc), which
quantifies the proportion of correctly predicted
samples over the entire dataset:

®
Acc=(TP+TN)/(TP+TN + FP+FN)
Specificity (Spe) measures the ability of the model
to correctly identify negative samples and reduce
false alarms:

Spe=TN /(TN + FP) (10)

Precision (Ppr) evaluates the reliability of positive
predictions made by the model:

Ppr=TP/(TP+ FP) (1)

Sensitivity (Sen), also known as recall, reflects the
model’s capability to correctly detect positive
instances:

Sen=TP/(TP+ FN) (12)

Table 4. Training Configuration and Optimization Settings for YOLOvS, YOLOv10, and YOLOv10-ViT Models.

Training Component YOLOVS (Baseline) YOLOV10 (Baseline) YOLOV10-ViT (Proposed) Description
Loss Function Categorical Cross- Categorical Cross- Categorical Cross-Entropy Measures prediction error across
Entropy Entropy 14 classes
Optlml_zatlon Adam Adam Adam Adaptive g_ra(}lent-based
Algorithm optimizer
Initial Learning Rate le-4 le-4 Se-5 Lower LR !mproves stability for
hybrid model
Batch Configuration 32 32 32 Number of samples per iteration
Training Duration 100 100 120 Early stopping apphed to prevent
(Epochs) overfitting
Regularization Stronger regularization for ViT
Strategy Dropout (0.3) Dropout (0.3) Dropout (0.4) fusion
Input Resolution 224x224%3 224%224%3 224x224%3 Standardized input for fair
comparison
Leaming Rate Reduce-on-Plateau Reduce-on-Plateau Cosine Annealing Stabilizes convergence in hybrid
Scheduler model
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Figure 3. Block diagram of the proposed YOLOV10-ViT framework for crime detection. The input image is processed by
YOLOV10 to extract local features, followed by ViT to capture global contextual dependencies. The fused features are then
used for classification into 14 crime categories.
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Algorithm 1: Proposed YOLOv10-ViT Hybrid
Classification Framework.

Input: Surveillance image I € R¥***°

Output: Predicted class probability vector j = R

1: Data Preprocessing
- Resize to 224x224
- Normalize pixel intensities to range [0, 1]

2: Local Feature Extraction (YOLOvV10 Branch)

- F"D/O = 'yolo (1) (Eq 1)
/I Extract spatial and object-level representations using
YOLOV10 backbone

3: Patch Embedding for Vision Transformer

- Divide image into N non-overlapping patches of size
16x16

- Flatten each patch and project to embedding space:

- X, = Linear(Patches) € RTS8
- Add positional encoding
X, =X, +E

pos

4: Transformer Encoding (ViT Module)
Initialize 7z=X,
For 1=1 to L:
z =2, + MSA(LN (=, ))(Eq.3)
2, =z, + MLP(LN(z,))(Eq.3)
End For
F, =z

5: Feature Fusion (YOLOV10-ViT Integration):
Concatenate local and global features:
- Fmion — [ fele; ]
-Apply fusion transformation (Fully connected
layer/projection
local and features:

6:  Concatenate global

- F;ur-brrd = Concat(Fyy,, I, )(Eq.6)

7: Output Prediction
- ¥ = FullyConnectedLayers(F, ., )(Eq.7)

The F-measure is used to provide a balanced
evaluation between precision and recall:
(13)
F — Measure = 2( Ppr x Sen) / (Ppr + Sen)

Beyond scalar metrics, the confusion matrix
provides class-wise error analysis [28], while ROC
curves evaluate the model's discriminative
capability across different thresholds. Together,
these metrics provide a comprehensive assessment
of the proposed YOLOvV10-ViT framework.

5. Experimental Setup

All experiments were conducted on a high-
performance computing workstation equipped with
an NVIDIA RTX 4090 GPU (24 GB memory), an
Intel Core 19 processor, and 64 GB RAM, running
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Ubuntu 22.04 with CUDA 12.0 support. The
proposed models were implemented in Python
using the PyTorch deep learning framework.

The UCF-Crime dataset was utilized for
performance evaluation, comprising 14 categories
of normal and abnormal surveillance activities,
including various types of criminal behaviors. To
enable image-based analysis, video sequences were
decomposed into frame-level images at fixed
temporal intervals, ensuring the inclusion of
diverse environmental conditions such as
illumination = changes, camera viewpoints,
occlusions, and varying crowd densities.

All input frames were resized to 224x224 pixels
and normalized to the range [0,1]. To validate the
effectiveness of the proposed approach, two
models were trained and evaluated under identical
experimental conditions:

(I) a baseline YOLOvV10 model for real-time crime
classification, and (II) the proposed YOLOv10-
ViT hybrid architecture incorporating attention-
guided feature fusion for enhanced contextual
reasoning.

To improve model generalization and robustness,
several data augmentation techniques were applied
during training, including random horizontal
flipping, rotation, brightness adjustment, and
spatial translation. These transformations help the
model better adapt to real-world surveillance
variations. The training strategy, optimization
settings, and loss formulation are consistent with
those described in Section 4.3, ensuring
reproducibility and fair comparison between the
baseline and the proposed hybrid framework.

5.1. Results, Analysis, and Discussion

In this section, the experimental results obtained on
the UCF-Crime dataset are comprehensively
analyzed and discussed. The comparative results
presented in Tables 5 and 6 demonstrate the
effectiveness of the proposed YOLOv10-ViT
framework for surveillance-based criminal activity
recognition. The proposed architecture consistently

outperforms  conventional deep  learning
models(CNN) as well as standard YOLO-based
approaches across all evaluation metrics,
highlighting the advantage of combining

convolutional feature extraction with transformer-
based contextual modeling.

As shown in Table 5, conventional deep learning
models, including CNN, VGG16, DNN, and
Inception-V3, achieve average classification
accuracies ranging from 83.04% to 85.94%.
Among these methods, CNN obtains the highest
average accuracy of 85.94%, while DNN achieves
the lowest performance with 83.04%. Although
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these architectures are effective in extracting local
spatial features, their ability to model complex
contextual relationships among objects and
activities remains limited. Consequently, their
performance decreases when dealing with
surveillance scenes containing multiple interacting
subjects, background clutter, and significant intra-
class variations. The adoption of YOLO-based
architectures leads to noticeable performance
improvements. Specifically, YOLOvS achieves an
average accuracy of 87.24%, while YOLOvI10
further increases the accuracy to 88.07%.
Compared with the best-performing conventional
model, YOLOv8 and YOLOv10 improve the
average classification accuracy by 1.30% and
2.13%, respectively. These results indicate that
object-aware feature extraction and multi-scale
representation learning provide more
discriminative information for crime recognition
tasks than conventional image classification
networks.

A substantially larger performance gain is achieved
when Vision Transformer modules are integrated
into the YOLO framework. YOLOvVS8-VIiT reaches
an average accuracy of 92.65%, representing
improvements of 5.41% over YOLOVS and 6.71%
over CNN. More importantly, the proposed
YOLOvVI10-ViT achieves the highest overall
accuracy of 93.41%, surpassing YOLOv10 by
5.34% and CNN by 7.47%. The magnitude of these
improvements is considerably larger than the gain
obtained by replacing YOLOvS with YOLOv10
alone, suggesting that global contextual modeling
contributes more significantly to performance
enhancement than architectural refinements within
the YOLO family. These findings confirm that the
self-attention mechanism of Vision Transformers
effectively captures long-range dependencies and
contextual relationships that are difficult to model
using convolutional operations alone.

The class-wise results reported in Table 5 further
validate the superiority and consistency of the
proposed framework. YOLOv10-ViT achieves the
highest recognition accuracy in all fourteen activity
categories. The best performance is observed for
Robbery, where the proposed model reaches
94.20%, followed by Fighting (93.97%),
Shoplifting (93.72%), Arrest (93.68%), Assault
(93.65%), Stealing (93.61%), Shooting (93.54%),
Abuse (93.50%), Burglary (93.44%), Normal
(93.42%), Vandalism (93.38%), Explosion
(93.30%), Accidents (93.25%), and Arson
(91.85%). Compared with YOLOvV10, the proposed
model consistently improves performance by
approximately 5%—6% across all categories. Such
consistent gains indicate that the fusion of local
object-level ~ representations  extracted by
YOLOv10 with global contextual information
learned by ViT provides a richer and more

discriminative  feature space for activity
recognition.
Particularly  noteworthy  improvements are

observed in visually challenging categories such as
Arson, Explosion, and Vandalism. These classes
often contain complex backgrounds, illumination
variations, smoke effects, fire patterns, or
ambiguous object interactions that make
discrimination difficult. Despite these challenges,
YOLOvV10-ViT achieves accuracies of 91.85%,
93.30%, and 93.38% for Arson, Explosion, and
Vandalism, respectively. The strong performance
in these difficult categories demonstrates the
robustness of the proposed framework and its
ability to generalize effectively across diverse
surveillance scenarios.

The superiority of the proposed model is further
confirmed by the evaluation metrics reported in
Table 6. As shown in Tables 5 and 6, the proposed
framework consistently outperforms several
recently reported deep learning and transformer-
based approaches on the UCF-Crime dataset.

Table 5. Accuracy comparison of different deep learning models on the UCF-Crime dataset across 14.

Class CNN [6] VGGI16 DNN (8] Inception- YOLOVS-ViT YOLOv10-
[10] V3 [11] YOLOvVS8 YOLOV10 ViT
Arson 86.63 85.69 84.32 82.33 85.31 91.12 86.09 91.85
Assault 85.59 84.56 83.51 84.47 86.57 92.87 87.38 93.65
Burglary 86.06 85.73 82.73 85.72 87.10 92.68 87.96 93.44
Abuse 86.14 85.24 84.14 84.26 86.92 92.74 87.71 93.50
Arrest 86.73 84.69 83.23 85.31 87.42 9291 88.26 93.68
Explosion 85.29 84.73 83.17 84.42 86.85 92.53 87.65 93.30
Fighting 86.43 84.61 81.51 85.73 88.01 93.18 88.91 93.97
Accidents 85.71 85.09 83.26 85.66 87.18 92.46 87.94 93.25
Robbery 85.66 84.59 82.65 85.09 88.02 93.40 88.90 94.20
Shooting 85.49 83.39 82.41 84.12 87.06 92.75 87.89 93.54
Shoplifting 86.11 84.73 82.32 84.61 87.45 92.95 88.30 93.72
Stealing 86.56 85.56 83.20 84.09 87.31 92.88 88.13 93.61
Vandalism 85.29 84.91 82.37 85.22 86.93 92.59 87.73 93.38
Normal 85.47 85.36 83.59 85.43 87.09 92.64 87.87 93.42
Average accuracy 85.94 85.63 83.04 84.95 87.24 92.65 88.07 93.41
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Table 6. Evaluation of different models using performance metrics on the UCF-Crime dataset.
Accuracy (%) Specificity(%) Recall(%) Positive predictive Sensitivity(%)  F-Measure(%)
Model o
rate(%)
CNN [6] 86.63 88.12 85.41 86.23 85.41 85.82
VGGI16 [10] 85.39 87.01 84.22 85.10 84.22 84.66
DNN [8] 83.73 85.44 82.61 83.42 82.61 83.01
Inception-V3 [11] 84.98 86.57 83.70 84.49 83.70 84.09
YOLOVS 87.24 89.03 86.11 87.05 86.11 86.57
YOLOVS-ViT 92.65 94.12 91.38 92.49 91.38 91.93
YOLOVvV10 88.07 89.95 87.10 87.92 87.10 87.46
YOLOvV10-ViT 93.41 95.08 92.22 93.15 92.22 92.80

The observed improvement can be attributed to the
attention-guided feature fusion mechanism, which
effectively combines local spatial representations
and global contextual information. Unlike many
existing hybrid architectures that rely on direct
feature concatenation, the proposed method

adaptively emphasizes discriminative features
relevant to criminal activity recognition.

The confusion matrices presented in Tables 7 and
8 provide additional insights into the classification
behavior of YOLOv10 and YOLOvV10-ViT.

Table 7. Confusion matrix (%) of YOLOV10 on the 14-class UCF-Crime dataset.

Arson 86.09 1.42 0.35 0.28 1.55 1.60 1.10 1.40 0.95 1.60 0.38 0.52 041 2.35
Assault 0.38 87.38 0.62 0.41 1.20 0.35 2.60 0.33 1.40 0.95 0.29 0.31 0.45 3.33
Burglary 0.31 1.55 87.96 0.40 0.62 0.38 0.70 2.29 1.05 0.41 1.55 1.35 0.48 1.96
Abuse 0.44 0.39 0.36 87.71 | 0.58 0.33 0.61 135 0.90 1.42 2.75 0.66 0.52 0.99
Arrest 0.40 0.35 0.38 1.41 88.26 0.45 0.60 1.39 1.10 0.33 0.62 0.55 0.48 2.68
Explosion 0.52 0.33 0.40 0.29 0.60 87.65 0.72 0.41 2.88 0.55 0.70 1.60 1.50 1.85
Fighting 0.36 1.10 0.42 0.95 0.55 0.38 88.91 0.44 1.05 0.60 0.48 0.41 0.72 3.63
Accidents 1.33 0.29 0.41 0.35 0.58 0.60 1.40 87.94 0.90 0.55 2.48 0.44 0.46 2.27
Robbery 0.60 1.75 0.48 1.52 1.20 0.55 0.88 0.66 88.90 0.41 0.62 0.58 0.95 1.90
Shooting 0.41 0.33 0.36 1.40 0.55 0.38 0.60 145 0.50 87.89 | 0.48 1.52 1.42 2.71
Shoplifting 1.29 1.31 1.40 0.62 0.58 0.40 0.48 1.44 0.70 1.55 88.30 0.66 0.60 0.67
Stealing 132 1.35 1.25 0.60 0.55 0.42 0.50 0.41 0.72 0.48 0.68 88.13 | 0.58 2.01
Vandalism 0.38 0.42 0.45 1.40 1.52 0.60 0.48 0.46 0.55 1.50 1.62 0.58 87.73 1.31
Normal 0.85 1.30 0.28 0.35 1.40 1.90 1.38 0.62 0.55 0.88 0.48 0.52 0.62 88.87
z 2 2 2 = 2 5 F 2 g ) g < g
< < 2 & . 2 & g < 7 2 Z K Z
Table 8. Confusion matrix (%) of YOLOvV10-ViT on the 14-class UCF-Crime dataset.
Arson 91.85 | 0.45 0.38 0.32 0.50 1.50 1.05 0.45 0.80 0.70 0.40 0.50 0.45 0.65
Assault 0.40 93.65 0.55 0.45 1.00 0.60 1.20 0.40 0.85 0.75 0.35 0.45 0.45 0.90
Burglary 0.35 0.50 93.44 | 0.40 0.60 0.55 0.65 0.40 1.15 0.50 1.30 1.10 0.40 0.61
Abuse 0.40 0.35 0.30 93.50 | 0.55 0.30 0.60 1.30 0.85 1.35 2.60 0.60 0.50 0.30
Arrest 0.35 0.30 0.35 1.35 93.68 0.40 0.55 1.35 1.05 0.30 0.60 0.50 0.45 3.77
Explosion 0.50 0.30 0.35 0.25 0.55 93.30 | 0.70 0.40 1.95 0.55 0.70 1.60 1.45 0.30
Fighting 0.30 1.05 0.40 0.90 0.50 0.35 93.97 0.40 1.00 0.55 0.45 0.40 0.70 0.63
Accidents 1.30 0.25 0.40 0.30 0.55 0.55 1.35 93.25 0.85 0.50 2.40 0.40 0.40 0.50
Robbery 0.55 1.70 0.45 1.45 1.15 0.50 0.85 0.65 94.20 | 0.40 0.60 0.55 0.90 0.00
Shooting 0.40 0.30 0.35 1.35 0.50 0.35 0.55 1.40 0.45 93.54 | 0.45 1.45 1.40 0.50
Shoplifting 1.25 1.25 1.35 0.60 0.55 0.35 0.45 1.40 0.65 1.50 93.72 0.60 0.55 0.30
Stealing 1.30 1.30 1.20 0.55 0.50 0.40 0.50 0.40 0.70 0.45 0.65 93.61 | 0.55 0.39
Vandalism 0.35 0.40 0.45 1.35 1.50 0.60 0.45 0.45 0.55 1.45 1.60 0.55 93.38 | 0.47
Normal 0.45 0.45 0.38 0.50 0.55 1.95 0.90 1.15 1.15 1.85 1.20 1.70 1.15 93.42
2 5 = 2 g 2 £ < £ g = 4 4 E
< g E < < EI g < 2 g 2 g 3
Mm M = < ~ 2 7 s >

For YOLOV10, the diagonal elements range from
86.09% to 88.91%, indicating generally strong
performance but also revealing several
misclassification patterns among visually similar
activities. Categories such as Arson, Explosion,
Vandalism, and Shooting exhibit noticeable
confusion due to similarities in scene appearance,
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environmental conditions, and object interactions.
These challenges are common in surveillance-
based activity recognition, where different criminal
activities may share overlapping visual
characteristics.After incorporating the Vision
Transformer, the diagonal values increase while
the off-diagonal values decrease across all classes,
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indicating reduced inter-class confusion. For
example, the recognition rate improves from
86.09% to 91.85% for Arson and from 88.90% to
94.20% for Robbery. These results confirm that the
self-attention mechanism learns more

YOLOvV10 Accuracy
100

discriminative features and better captures
contextual dependencies in surveillance scenes.
Figure 5 presents the Receiver Operating
Characteristic (ROC) curves of the baseline
YOLOvVI10 model and the proposed YOLOv10-ViT
framework on the UCF-Crime dataset.
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Figure 4. Training and validation accuracy and loss curves of YOLOv10 and YOLOvV10-ViT over 100 epochs, showing
faster convergence and more stable performance of the hybrid model.

ROC Curves for Crime Detection Models
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Figure 5. ROC curves of YOLOv10 and
YOLOV10-ViT for crime detection, demonstrating the
superior classification performance of the proposed
model.

The ROC curves provide a comprehensive
visualization of the trade-off between the true
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positive rate and false positive rate across different
classification thresholds. As illustrated in the
figure, both models exhibit strong discrimination
capability; however, the proposed YOLOv10-ViT
consistently dominates the baseline YOLOvIO0
across the entire operating range.

The superior classification performance of the
proposed framework is reflected in its larger Area
Under the Curve (AUC). While the baseline
YOLOvV10 achieves an AUC of approximately
0.89, the proposed YOLOV10-ViT attains an AUC
close to 0.94. This notable increase indicates a
stronger ability to distinguish criminal activities
from normal events and demonstrates the
effectiveness of integrating Vision Transformer
modules into the YOLOvVI1O0 architecture. The
improvement can be attributed to the self-attention
mechanism of the transformer, which enables the
model to capture long-range contextual
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dependencies and semantic relationships that are
difficult to learn through convolutional operations
alone. Consequently, the proposed framework
exhibits enhanced robustness under challenging
surveillance conditions, including background
clutter, partial occlusions, illumination variations,
scale changes, and crowded scenes.

The quantitative results summarized in Tables 5
and 6 further support the observations obtained
from the ROC analysis. As shown in Table 5,
conventional deep learning models, including
CNN, VGG16, DNN, and Inception-V3, achieve
average classification accuracies ranging from
83.04% to 85.94%. Although these methods
successfully learn local visual patterns, their
limited capability to model global contextual

relationships restricts their performance in
complex surveillance environments. In
comparison, YOLO-based architectures

demonstrate superior effectiveness due to their
object-aware  feature  extraction capability.
YOLOv8 and YOLOvIO achieve average
accuracies of 87.24% and 88.07%, respectively,
confirming the advantages of detection-oriented
feature learning for crime recognition tasks. The
incorporation of Vision Transformer modules leads
to substantially greater performance gains.
YOLOVS-VIT reaches an average classification
accuracy of 92.65%, while the proposed
YOLOvVI10-ViT achieves the highest overall
accuracy of 93.41%. Compared with YOLOvV10,
the proposed framework improves classification
accuracy by 5.34%, demonstrating that contextual
reasoning contributes significantly beyond the
improvements obtained solely through detector
refinement. These results indicate that the fusion of
local object-level representations extracted by
YOLOv10 with global contextual information
learned by ViT produces a richer and more
discriminative feature representation.

A class-wise analysis further confirms the
effectiveness of the proposed framework. As
shown in Table 5, YOLOv10-ViT achieves the
highest accuracy across all fourteen activity
categories, with notable improvements in
challenging classes such as Robbery (94.20%),
Fighting (93.97%), Shoplifting (93.72%), Assault
(93.65%), and Shooting (93.54%). Table 6 further
demonstrates its superiority, achieving 93.41%
accuracy, 95.08% specificity, 92.22% recall,
93.15% precision, and 92.80% Fl-score,
consistently outperforming YOLOv10. The higher
specificity and recall indicate fewer false alarms
and improved crime detection. Confusion matrices
(Tables 7 and 8) also show that YOLOv10 suffers
from misclassifications between visually similar
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categories, whereas the proposed YOLOv10-ViT
significantly improves class separability by
incorporating global contextual information.

In contrast, the YOLOvV10-ViT confusion matrix
exhibits higher diagonal values and fewer
misclassifications across all categories. For
instance, recognition accuracy improves from
86.09% to 91.85% for Arson, 87.65% to 93.30%
for Explosion, 88.90% to 94.20% for Robbery, and
88.91% to 93.97% for Fighting. These results

indicate improved class separability and
demonstrate that the Vision Transformer enhances
contextual  understanding  through  global

dependency modeling. Overall, the ROC curves,
quantitative metrics, and confusion matrix
consistently confirm that the proposed YOLOv10-
ViT framework achieves higher accuracy,
robustness, and generalization, making it well
suited for intelligent surveillance and public safety
applications.

The superior performance of the proposed
YOLOv10-ViT framework stems from the
complementary strengths of its components.

YOLOV10 effectively extracts discriminative local
spatial features, while the Vision Transformer
captures long-range contextual dependencies
through self-attention. Their integration via the
proposed feature fusion mechanism combines
detailed spatial information with global semantic
understanding, resulting in more discriminative

representations and improved  recognition
performance,  particularly in  challenging
surveillance  scenarios involving occlusion,

background clutter, illumination variations, and
complex human interactions. Furthermore, data
augmentation, dropout regularization, and adaptive
optimization enhance model generalization and
robustness, leading to stable performance across
diverse crime categories.

6. Conclusion

This paper proposed a novel hybrid deep learning
framework, YOLOv10-ViT, for image-based
criminal activity recognition in intelligent
surveillance systems. The architecture effectively
combines the strong local feature extraction
capability of YOLOv10 with the global contextual
modeling ability of Vision Transformers, enabling
comprehensive representation learning from both
spatial and semantic perspectives.

Experimental results on the UCF-Crime dataset
demonstrate the superiority of the proposed
method. The YOLOvVI10 baseline achieved an
average accuracy of 88.07%, whereas the proposed
YOLOvV10-ViT framework improved performance
to 93.41%, representing a significant gain of
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5.34%. In addition, consistent improvements were
observed across all evaluation criteria, confirming
the robustness and reliability of the proposed
approach. ROC analysis further indicated a higher
AUC value for the proposed model, highlighting its

enhanced discriminative capability in
distinguishing between criminal and normal
activities.

The confusion matrix analysis further validated the
effectiveness of the proposed approach in reducing
inter-class  misclassification, particularly in
challenging categories such as Robbery, Fighting,
Explosion, Arson, and Shoplifting. These
improvements highlight the robustness of the
model under complex surveillance conditions,
including occlusions, illumination variations, and
background clutter. The main contribution of this
study lies in the attention-guided fusion of
convolutional and transformer-based
representations within a unified framework, which
enhances both feature discrimination and
contextual reasoning. This hybrid design leads to
improved robustness and generalization compared
with existing deep learning approaches.

In conclusion, the proposed YOLOvIO-ViT
framework provides a reliable and scalable solution
for automated crime recognition in surveillance
environments. The results confirm that integrating
local object-aware features with global contextual
modeling is a promising direction for future
intelligent surveillance and public safety systems.

Future Work

Future research will focus on extending the
proposed framework to video-level temporal
modeling, enabling the exploitation of motion
dynamics and temporal dependencies across
consecutive frames, which is expected to further
enhance detection accuracy and robustness. In
addition, integrating multi-modal information,
such as audio signals or auxiliary sensor data, could
improve the model's reliability in highly dynamic
and noisy surveillance environments.

Another important direction involves optimizing
the computational efficiency of the proposed
architecture to facilitate deployment on edge and
resource-constrained devices, enabling real-time,
large-scale surveillance applications. Finally,
exploring self-supervised and semi-supervised
learning strategies may reduce the dependency on
large-scale labeled datasets, thereby increasing the
model's adaptability to diverse and real-world
surveillance scenarios.
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