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Real-time processing and accuracy of surveillance systems in a real-world
environment are very critical to the understanding of the scene. Current deep
learning methods, however, have failed to sufficiently learn the global
context and relations between objects from high resolution surveillance
information. In this study, a hybrid deep learning framework is proposed,
which incorporates the merits of Vision Transformers, Graph Neural
Networks, and attention-based fusion to tackle these challenges. The novelty
of the research is that they design a single architecture combining global
features extraction, and relational reasoning to better interpret the
surveillance scene. The proposed model has an improved representation of
features, which includes complementary mechanisms in a single model. In
terms of method, Vision Transformers are used to use global spatial features
from surveillance frames. Relationships between the detected objects are
described in a structured graph using the Graph Neural Networks. In complex
scenes, these features are adaptively integrated together through an attention
guided fusion scheme, which improves the classification and understanding
of complex scenes. Experimental results on UA-DETRAC dataset show that
the proposed framework achieves higher accuracy, precision, recall, F1 score,
mAP and AUC (0.962%, 0.955%, 0.958%, 0.956%, 0.960% and 0.97
respectively). Furthermore, the model's performance is 78 fps making it a
compatible model for real-time surveillance systems. Analysis of these
results shows that the method is robust and improved consistently compared
with the baseline methods in all performance measure. Last but not least, the
proposed framework is very efficient and accurate, and is able to achieve a
good balance between accuracy and computation efficiency in real-time
intelligent surveillance. The results prove its potential application for
surveillance, traffic monitoring and security critical environments in smart
cities.
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1. INTRODUCTION

The developments in Al and Deep Learning in recent years have enhanced the performance of image
analysis, object detection, and surveillance systems. Numerous techniques like CNNs, Vision Transformers
(ViTs), and Graph Neural Networks (GNNs) have proven effective in capturing visual features, understanding
context, and enabling automated decision-making in complex contexts. Also, real-time surveillance
applications are problems that are still open for research, including high-resolution image processing,
computational efficiency and relational reasoning.

1.1. Background: AI-Driven Transformation in Security Surveillance

Recent surveillance systems with computer-vision and artificial intelligence (AI) have had a fundamental
transformation in the field of infrastructure protection and safety of the people [1]. Autonomous surveillance
platforms can be deployed in large-scale environments to continuously monitor and automatically detect
suspicious activities, unauthorized access and anomalous behavior with minimal human intervention [2]. The
collaboration between advanced deep learning (DL) models and high-resolution imaging technologies is the
major cause of this change since it allows detecting and making decisions in real-time under different
conditions, such as border crossings, airports, military bases, and smart cities [3]. Although these have been
made, the challenge of properly classifying images in complex real-world surveillance is still a challenge and
is dynamic [4].

1.2. Challenges in High-Resolution Image Classification

The variety of spatial and contextual cues that high-resolution images provide are essential to the process
of identifying dangers, and they pose significant modeling and computing problems. The huge amount of pixel-
scale data increases processing and memory requirements and real-time categorization is computationally
expensive [5]. The traditional convolutional neural networks (CNNs) that dominate the industry often become
less accurate when scaled to operate with such large inputs and a trade-off between speed and resolution is
needed [6]. Other environmental factors, including limited illumination, visibility, crowd density, occlusions,
and novel objects, also decrease system reliability [7]. The difficulties mentioned above show that the strengths
required in real security situations with high stakes are not the same as those obtained in most DL techniques
in the lab [8].

1.3. The Need for Robust Autonomous Security Surveillance Systems

The consequences of such delays or misclassifications could be very serious in such a discipline where
the security issue is a concern [9]. The safety surveillance in urban areas requires real-time recognition of
anomalies in crowded areas, border security requires a high level of accurate identification of suspicious
activities, and airports need to be able to promptly identify unwanted conduct [10]. Continuous monitoring,
operator fatigue and cognitive limitations are a challenge to manual surveillance and are driving the
development of intelligent automated surveillance systems. Consequently, an increased demand to have
independent systems that are precise, scalable and pliable has arisen [11]. In order to respond appropriately to
novel threats in the diversity of the uncertain context, high-resolution inputs should be rapidly ingested by the
systems and the system should retain some level of context awareness [12].

1.4. Impact of Deep Learning Architectures on Image Classification

The use of deep learning has driven spectacular progress in image classification within the past decade.
During the initial applications, CNNs established new performance metrics and were found to be better at local
feature extraction [13]. Video-based surveillance has now been enhanced with time modeling features given
by recurrent neural networks (RNNs) and Long Short-Term Memory (LSTM) networks, allowing them to track
the dynamic events [14]. Attention mechanisms could boost classification accuracy by several folds because
they allowed models to focus on significant parts of an image instead of looking at all input pixels in an equal
manner [15]. More recently, with the help of global self-attention, an effective model of long-range spatial
dependencies, Vision Transformers (ViTs) have presented a potential in the high-resolution input processing
[16]. ViTs alone are often not sufficient in surveillance, where interactions between people, vehicles or objects
at the isolated acquisition point may contain more information than individual appearances [17].

1.5. Graph Neural Networks: Contextualizing Surveillance Intelligence

To overcome the limitations of classical topologies, one can use the category of networks that are able to
simulate relationships between objects called Graph Neural Networks (GNNs) [18]. GNNs can also be
extended to go beyond the object recognition to scene understanding by representing the scenes under
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surveillance as graphs where nodes correspond to the detected objects and edges represent the location or
surrounding concepts of these objects [19]. This is important for detecting complex security scenarios such as
traffic violations, crowd behavior or organized suspicious activity [20]. Graph neural networks (GNNs)
combined with other global feature extractors such as ViTs to capture fine-grained object information, scene
structure and object relationships [21].

1.6. Toward a Hybrid Framework: Surveillance Hybrid Deep Learning (Surv-HDL)
In this paper, we present the Surveillance Hybrid Deep Learning Framework (Surv-HDL) that was
designed to overcome these drawbacks. Surv-HDL has three complementary components:
e  High-resolution images can be used to extract global spatial features using Vision Transformers (ViTs).
e  Graph Neural Networks (GNNs): To capture the contextual dependency and reasoning between identified
things.
e  Attention mechanisms that highlight relevant parts and ignore irrelevant and misleading information.
These modules are offering a complete solution from Surv-HDL which improves the accuracy of the
classification, flexibility to adjust settings and ability to deal with difficult situations, including low visibility
and occlusion. The images used in this study are the high-resolution surveillance images (960x540) of the UA-
DETRAC dataset, and these images are not a 4K (3840x2160) or 8K (7680x4320) standards, but they do
contain a lot of information when compared to traditional surveillance video inputs with lower resolutions, and
are hard to analyze in real time because of object density, occlusion and computational complexity.

1.7. Motivation and Problem Statement

Today's security settings demand surveillance solutions which are accurate, scalable, and real-time.
Although high-resolution imagery can aid in scene understanding, existing deep learning models have
computational limitations and may not be as flexible for large-scale surveillance applications. The autonomous
surveillance system should be capable of effectively processing the high-resolution images and should be
capable of accurately modelling the contextual relationships between the objects detected.

CNNs have proven useful in extracting local features but are less efficient at capturing long-range
dependencies and can lose fine-grained details, as a result of successive downsampling. To overcome this,
vision Transformers (ViTs) learn global relationships between image patches using self-attention mechanisms
to achieve richer scene understanding. But the structural relationships between objects are not explicitly
represented in ViTs. This is overcome by a graph representation of the surveillance scene, using nodes to
represent entities detected in the scene and edges to model spatial or semantic relationships. This is addressed
by the Graph Neural Network (GNN), which is used to represent the surveillance scene as a graph, with nodes
representing entities detected in the scene and edges representing spatial or semantic relationships.

Although they are all powerful in their own right, none of the architectures are effective in all three
aspects, local feature learning, global context understanding and relational reasoning. This encourages the
creation of a hybrid solution that combines these complementary technologies, yet remains efficient in terms
of computing needs for real-time surveillance tasks.

1.8. Problem Statement
These limitations can limit performance in some video surveillance applications, such as occlusions,

dense object interactions, and varying illumination conditions. Therefore, a framework that can capture the

global context of the scene and model the relationships between the objects at the object level, and can be
applied in real-time decision making for high-resolution surveillance applications is needed.
The main contributions of the research are,

e  To tackle this classification problem in high-resolution surveillance images, a novel Surveillance Hybrid
Deep Learning Framework (Surv-HDL) is proposed by combining Vision Transformers (ViTs), Graph
Neural Networks (GNNs) and attention-based feature fusion.

e A spatial graph based relational reasoning module is designed to model spatial interactions and context-
dependency of detected objects in complex surveillance scenarios.

e  The multi-level attention fusion mechanism is designed to effectively fuse the global scene representation
with the object-level relational features, which results in better feature discrimination and context
understanding.

e  An efficient pre-processing and patch-tokenization pipeline is developed to enable high-resolution
surveillance images analysis under different environmental conditions.
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e  The proposed approach is validated by comprehensive experiments on the UA-DETRAC dataset, with

96.2% accuracy, 96.0% mAP, 0.97 AUC and real-time performance of 78 FPS.

Surv-HDL proposes a holistic framework combining global scene understanding, graph-based relational
reasoning and multi-level attention-guided feature prioritization for high-resolution surveillance image
classification, different from the current hybrid ViT-GNN models mainly based on feature fusion or object
representation learning. It is not limited by occlusion, illumination changes, and dense traffic conditions, and
simultaneously models the scene-level context and object-level interactions with a dedicated cross-attention
fusion mechanism, while processing data in real-time. The special design and implementation of Surv-HDL
make it superior to the current ViT-GNN models in real-time surveillance scenarios and allow for the fusion
of contextual reasoning and attention.

1.9. Research Question

RQ1: What are the improvements in terms of both accuracy and real-time performance in high-resolution
surveillance scene understanding when using a hybrid Vision Transformer—Graph Neural Network framework
with attention-based fusion compared to current CNN, Transformer, and GNN based methods?

Current CNN-based approaches struggle to capture larger-scale contextual information because of the
hierarchical downsampling, and Vision Transformers have high computational complexity for high-resolution
surveillance data. Although Graph Neural Networks are adept at capturing relations between objects, they can
be complex and expensive to compute, with an inability to be effectively deployed in real-time. These
limitations highlight the importance of developing a single hybrid solution that balances accuracy, contextual
understanding and computational efficiency.

The proposed Surv-HDL framework yields the following creative research contributions: (i) A structured
graph-based modeling approach is presented that leverages the global feature extraction capabilities of Vision
Transformers, relational reasoning capabilities of Graph Neural Networks and adaptive feature fusion
capabilities of attention mechanisms; (ii) An efficient fusion strategy is designed to balance the accuracy-real-
time performance trade-off for high-resolution video analysis; and (iii) Extensive experiments using the UA-
DETRAC dataset demonstrate the superiority of the proposed framework in terms of accuracy, precision,
recall, Fl-score, mAP, AUC and inference speed when compared with the existing state-of-the-art methods.

The structure of the article is the following: in Section 1 the context and the research-related challenges
and necessity to develop a hybrid surveillance model are introduced. Section 2 outlines the related work,
focusing on the existing approaches and gaps in research. Section 3 provides the proposed methodology, which
includes preprocessing, Vision Transformer (ViT), Modeling based on Graph Neural Network (GNN),
attention-based fusion, and dual-output classification. Section 4 gives results and discussion with benchmark
analysis. Section 5 brings the report to an end by outlining findings, limitations, and future research directions.

2. RELATED WORK

Abba et al. [22] suggested a real-time surveillance system that uses deep learning techniques, component
labeling, background subtraction, and approximate median filtering for object identification, tracking, and
recognition. On the MOT15, MOT16, and MOT17 (Multiple Object Tracking) datasets, the system achieves
exceptional accuracy and precision because of its Python implementation and integration with C# for user-
friendly program development. Although the results demonstrate increased monitoring efficacy, YOLO (You
Only Look Once) -based techniques will likely be integrated in the future due to their limitations, which include
scalability in crowded environments and adaptation to a variety of conditions.

Sukhavasi et al. [23] offered a thorough analysis of surveillance applications based on CMOS Image
Sensors (CIS) in a variety of fields, including intelligent monitoring, space observation, aerial defense,
agricultural, and driver assistance for automobiles. Methods concentrate on examining design features such as
processing technology, dynamic range, frame rate, resolution, and signal-to-noise ratio. The findings show that
over the past ten years, CIS adoption has increased, and technology has advanced. Low-light performance,
high power consumption, and integration issues in resource-constrained environments are still limitations,
nevertheless.

Zhang et al. [24] proposed attention-guided focalization approach of tracking and identifying objects in
a structured deep learning model. To eliminate the contextual dependencies and the border refinement, the
following methods could be utilized: utilizing a Global-Local Attention Fusion Strategy (GLFS), and adding
multi-scale attention blocks into CNNs. The results show that the recall and accuracy are high compared to the
conventional CNN-based detectors. Its drawbacks are an added sophistication and complexity of real-time
processing in highly dynamic surveillance cases.
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Hasanujjaman et al. [25] suggested an Al-powered framework for self-driving cars that combines
intelligent networking, accurate localization, and 4D detection. LIDAR, RADAR, cameras, GPS substitutes,
deep learning-based neural models, sophisticated image processing, and feature matching are some of the
methods used. The findings show enhanced real-time positioning, enhanced detection accuracy, and
dependable networking even in tunnels. High computational demand, reliance on multi-sensor calibration, and
possible scaling issues in large-scale smart transportation systems are some of the drawbacks, though.

Tas et al. [26] used low-resolution surveillance images taken by standard security cameras to propose a
lightweight CNN-based model for vehicle categorization. Methods include benchmarking against VGG16-
based CNNs and training on a bespoke dataset of small (100x100 pixels, 96 dpi) vehicle images. The accuracy
is 92.9% with less complexity, which makes it effective for low-cost systems, according to the results.
Nevertheless, drawbacks include diminished robustness in extremely changeable situations and marginally
worse accuracy compared to more sophisticated models.

Tan et al. [27] proposed the use of artificial intelligence and computer vision in enhancing the perception
and judgment of autonomous vehicles. The approaches involve picture collecting, preprocessing, feature
extraction, object detection, lane recognition, obstacle avoidance, and traffic sign recognition, which require
the use of camera and sensor technologies. The findings point at enhanced environmental cognition of clever
control in self-driving systems. However, it has disadvantages, including the low performance during bad
weather and processing power, and inability to process in real time in complex traffic scenarios.

Kong et al. [28] supported the integration of computer vision, as well as artificial intelligence, to improve
the perception and decision-making of autonomous vehicles. The procedural aspects utilize image capture
through camera and sensor, image preprocessing, feature extraction, object detection, lane recognition, obstacle
avoiding and traffic sign recognition. The results showed an improvement in environmental awareness and
advanced autonomous driving system regulation. However, there are limitations of computing intensity,
crippled functioning in the poor weather conditions and real-time processing issues in complex and dynamic
traffic situations.

Gurav et al. [29] introduced a new surveillance system based on the combination of robotics with deep
learning to detect and track faces in real time. These techniques include a CNN based detection system, PID
controlled servo motors, and a robotic arm, which is operated by an Arduino, to make the camera dynamically
adjust to the subject. Findings suggest that the accuracy of tracking is 92.5 percent with a latency of about
100ms, which is successful in low-light conditions. However, limitations include limited scalability, lack of
multi-user tracking, and a dependence on the accuracy of hardware, which will require a subsequent addition
of the Internet of Things (IoT) and Al

Ahmed et al. [30] developed XNANet, the self-attention-based convolutional neural network, which was
combined with the tiny-32 Vision Transformer to classify remote sensing images. The approaches include
Bayesian hyperparameter optimization, network-level fusion, and RF-DE, a new meta-heuristic feature
selection process, and classification based on the use of multiple classifiers. Accuracy in the results on the AID,
RSSCN7 and SIRI-WHU datasets reached as high as 99.7 which is better than the existing methodologies.
However, the limitations include high cost of computing, requirement of a large amount of data, and reduced
effectiveness in real-time scenarios.

Alotaibi et al. [31] introduced an autonomic tracking system with Al-enhanced UAV-based vehicle
tracking with license plate recognition. The processes include high-resolution picture acquisition, optical
character recognition, and machine learning, which allow the immediate plate recognition that can be
geospatially positioned. Findings show a high level of accuracy and efficiency compared to conventional
surveillance and reduce the role of the human factor. However, the limitations include dependence on lighting
and weather, real-time processing computational requirements and challenges in scaling to large urban
environments.

Thomas et al. [32] promoted the development of SAE Level 5 Autonomous Vehicles based on the use of
advanced CNN-based object recognition algorithms, as Improved YOLOvVS, SSD, Mask-RCNN, and NanoDet.
The techniques use the concepts of embedded boards running on GPU and high-resolution cameras and
implement with ROS to recognize road features, such as humps and potholes. Results show the improvement
of safe-navigation perception and decision-making. However, limitations include high computational costs,
dependence on data sets and reduced capabilities in extreme weather conditions and highly unstructured
environments.

Laksana et al. [33] introduced a smart city traffic management system which is a combination of deep
learning and principal component analysis (PCA) in the effective classification of high-dimensional traffic
CCTV images. The techniques include picture categorization through deep learning algorithms and
dimensionality reduction through PCA to minimize computational complexity. The findings showed similar
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accuracy (83) but a significantly reduced training time (2.95s vs to 80.43s). However, it has limitations such
as the loss of some accuracy and inability to handle rapidly changing real-time traffic conditions.

Yang and Guo [34] introduced an unsupervised framework for anomaly detection in industrial image
inspection based on a Vision Transformer combined with an autoencoder. This investigation focuses on the
generalization problem that exists in CNN-based anomalies detection with complex anomalies. Results show
that the reconstruction accuracy and the localization of the anomalies are improved over conventional
autoencoders. But the method has high computational cost and has been validated mainly under industrial
conditions and cannot be directly applied to real-time surveillance systems.

Ullah et al. [35] proposed an attention-based hybrid model that integrates the Vision Transformer
attention with MRESN for anomaly detection in sequential data. The study addresses the issue of capturing the
long-range temporal dependency in the conventional anomaly detection models. Experimental results
demonstrate the performance advantages in terms of classification accuracy and temporal modeling ability
compared to LSTM-based baselines. Nevertheless, it is a challenge for this model to be well scaled and well-
structured in real-time surveillance applications due to its high architectural complexity.

Habeb er al. [36] introduced a transformer-based spatiotemporal attention model for large-scale
unsupervised video anomaly detection. This paper presents a study on weak temporal representation in
surveillance systems based on CNN. The results show that the performance of anomaly detection and
localization is better in crowded scenes. But the method is CPU intensive and not well suited for running on
the edge.

To solve this problem, Li ez al. [37] proposed a surveillance anomaly detection algorithm based on a
hybrid CNN-Transformer model, which can be regarded as a fusion model of local feature extraction and
global attention mechanism. The problem tackled is the loss of the context information in CNN-only models.
The results indicate that the proposed models outperform the baseline CNN and transformer models. The
approach is, however, more computationally intensive and the hyperparameters have to be carefully tuned.

Meng et al. [38] introduced a transformer-graph hybrid network to combine the sensor embedding with
multi-source anomaly detection. The research addresses the problem of solving the fusion of heterogeneous
multimodal data. Results show enhanced robustness in anomaly detection for different data sources. However,
it is only evaluated on sensor-based data, and has not been validated in visual surveillance scenarios.

Zoghlami et al [39] developed a graph neural network, called ViGLAD, for logical anomaly detection in
structured environments. The study tries to fill the gap with the traditional vision models lack of relational
reasoning. Experiments demonstrate that the method yields better inference capabilities in structured outlier
detection problems. But scalability problems occur, owing to the overhead in creating the graph with the high-
resolution data.

Le, and Kim [40] proposed attention-based residual autoencoder for video anomaly detection. Its study
aims to enhance temporal feature representation in reconstruction-based model. Results show greater accuracy
of detection compared to conventional autoencoders. But the technique does not work well when there are
many objects in the scene that interact in complex ways.

Mishra et al. [41] proposed a Vision Transformer based framework called VT-ADL for image anomaly
detection and localization. The Inefficient Feature Representation in CNN-based Anomaly Detection System
is addressed as a problem. The results indicate that the strengths of the localization performance and accuracy
of the anomaly detection are well demonstrated. The model is, however, very expensive to run and not
optimized to be run in real-time.

The authors Caville et al. [42] suggested Anomal-E, a graph neural network (GNN) based intrusion
detection system (IDS) that is self-supervised. The study tackles the problem of lacking labeled data in the
anomaly detection problem. Results show that the accuracy of abnormal network behavior detection is good.
It does have limitations however, and isn't applicable to visual surveillance systems as such.

Li et al. [43] proposed an unsupervised cross-view transformer-based graph anomaly detection
(CVTGAD) framework. The study presents the problem of poor cross-view representation for graph-level
anomaly detection problems. The results reveal better generalization with respect to graph structure. But
another challenge is lack of stability and sensitivity when training with graph structure variations.

Madan et al. [44] offered a masked convolutional transformer block, which is used in a self-supervised
manner to detect anomalies. The work focuses on solving dependency on labelled datasets in anomaly learning.
Results demonstrate enhanced feature representation and localization of anomalies. But the approach has high
computation cost for high-resolution video processing.

Bergmann et al. [45] proposed the MV Tec dataset for benchmarking in industrial anomaly detection. The
study contributes to the issues of non-standardized data sets in the field of anomaly detection. It allows the
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comparison of methods in a fair manner. It has not yet been used in the context of industrial inspection, but it
is not diverse in terms of surveillance.

The work of Zou et al. [46] introduced a new dataset, named VisA, that has more diversity and scale in
the field of visual anomaly detection for industrial applications. The study tackles some of the shortcomings of
current benchmark datasets. It provides an enhanced consistency for anomaly detection models when
benchmarking. But it is still domain-specific and not applicable for general surveillance applications.

Dosovitskiy et al. [47] proposed a method called Vision Transformer (ViT), which directly utilized the
transformer for the classification task on image patches. This study tackles CNN's limitation on modelling
global dependency. Results show good performance on large scale image classification benchmarks. But, ViT
needs huge amounts of data and more computing power.

In contrast, Radford ef al. [48] introduced a contrastive language-image pretraining model for zero-shot
visual recognition, CLIP. The study deals with task limited generalization of vision models. The cross-domain
transferability is good. But CLIP is not used for fine-grained surveillance or anomaly detection tasks.

Liu et al. [49] developed a hierarchical vision transformer based on shifted windows for efficient
computation, called Swin Transformer. The study focuses on the quadratic complexity of the standard ViT
models. The findings demonstrate a better efficiency and accuracy for vision tasks. But computational cost is
still high for deployment in real time surveillance.

In the field of intrusion detection in remote sensing and surveillance, Wang et al. [50] put forward N-
STGAT: a spatio-temporal graph attention network. This study considers the modeling of weak spatial-
temporal dependency in traditional approaches. Improved detection accuracy and robustness is demonstrated.
But in large scale real-time video processing, scalability is an issue.

Fatima et al. [51] proposed a generative pattern extraction algorithm for handling ultra-imbalanced
datasets in financial fraud detection systems. The method is based on the idea of creating representative patterns
to boost the performance of classifiers in extreme data imbalance scenarios, with the aim of improving the
learning of the minority class. The experimental results showed that the proposed method was more effective
in detecting fraudulent transactions and was more robust than the traditional sampling and reweighting
methods, especially for detecting rare fraudulent transactions. The method could, however, be constrained in
terms of computational complexity when generating patterns and may be difficult to apply to more complex
and dynamic fraud patterns in real-world financial systems.

Jaber et al. [52] recently proposed a dynamic, quantization-aware neural architecture search framework
for encrypted traffic classification in 5G networks, achieving 94.2% accuracy and reducing the inference
latency by 28—42% on edge devices through runtime bitwidth switching. Although their approach is not directly
applicable to computer vision, the principles of balancing accuracy and efficiency could be relevant to
optimizing hybrid ViT-GNN surveillance models.

2.1. Research Gaps

Although deep learning as a surveillance tool has developed rapidly, the existing algorithms still have a
number of important research gaps. Although they are highly accurate, some object recognition and tracking
models (including CNNs, YOLO, SSD, and Mask-RCNN) are lacking in scalability, real-time scalability and
behavior in crowded or low light conditions. Despite the advancement in visual fidelity offered by CMOS
sensor-based technologies, the low-low-light performance and battery usage limits such technologies.
Attention-based methods restrict their use in dynamic, resource-constrained situations by raising the cost of
computing and enhancing accuracy. Similarly, lightweight CNNs are more efficient on low-resolution data
compared to complex systems but with a lower level of robustness. Despite the accuracy of detecting by using
autonomous car systems that integrate LIDAR, RADAR, and GPS solutions, the extreme weather conditions
and large scale are not well adapted and can be scaled. In spite of the fact that UAV-based surveillance enhances
mobility, it is highly dependent on the immediate environment. A hybrid approach of PCA and deep learning
in smart city traffic systems reduces the training duration but leads to minor dispensability. All these limitations
indicate the need to have hybrid, context sensitive systems that are able to balance between accuracy, efficacy,
and adaptability in real high-resolution surveillance environments.

Table 1, reveals that the existing surveillance and autonomous systems are being successful in certain
areas but are facing some problems of scaling, flexibility, real-time performance and survivability. Though
CNNss, attention-based models, and sensor fusion have incremental improvements, they require significant
computational power or they are ineffective in complex conditions. Surv-HDL manages these shortcomings by
incorporating Vision Transformer based on global spatial features, GNNs based on contextual reasoning and
attention based on resilience to ensure accurate, efficient and adaptive performance to high-resolution real-
world surveillance.
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Table 1. Research Gaps in Existing Surveillance and How Surv-HDL Addresses Them

Paper/Study

Techniques Used

Limitations / Research
Gaps

How Surv-HDL Addresses It

Abba et al. (2024) [22], Real-
time surveillance

Sukhavasi et al. (2021) [23]
CMOS sensors

Zhang et al. (2025) [24]
Attention-based CNN

Hasanujjaman et al. (2023)
[25] AV with sensor fusion

Tas et al. (2022) [26] Vehicle
classification
Tan et al. (2024) [27], Kong
et al. (2022) [28], AVs with
Al vision

Gurav et al. (2025) [29] ace
tracking system

Ahmed et al. (2025) [30], RS
classification

Alotaibi et al. (2025) [31],
UAY vehicle tracking

Thomas et al. (2025) [32],
AV road attribute detection

Laksana et al. (2025) [33],
Smart city traffic

CNN, background
subtraction, median
filtering, C# integration

CMOS image sensors,

signal-to-noise analysis

GLFS, multi-scale
attention

LiDAR, RADAR, Al
networking

Lightweight CNN, VGG16
benchmark

Lane, obstacle, traffic sign
recognition

CNN, PID servo, Arduino
robotic arm

XNANet + ViT fusion,
RF-DE

UAV + OCR + ML

YOLOVS, SSD, Mask-
RCNN, ROS

DL + PCA for image
classification

Poor scalability in crowded
scenes; limited adaptability

Low-light issues; high
power demand

High computational cost;
weak scalability

High computation;
calibration dependency

Limited robustness, lower
accuracy
Poor performance in
adverse weather; high
computation

Limited scalability;
hardware reliance

High computational cost;
large dataset dependency

Sensitive to
weather/lighting; real-time
cost

GPU-intensive; dataset
dependency

Accuracy drops; poor real-
time adaptability

Surv-HDL fuses ViT + GNN to
handle crowd density with
contextual reasoning.
Attention modules enhance low-
light detection; hybrid model
optimizes efficiency.
Surv-HDL balances accuracy and
efficiency with selective attention
and hybrid modeling.
Surv-HDL reduces overhead via
ViT’s global features and GNN’s
structured reasoning.
Surv-HDL integrates ViT for global
detail capture, improving precision.
Surv-HDL attention layers adapt to
noisy/occluded environments
efficiently.

Surv-HDL software-based
framework offers scalability and
multi-object adaptability.
Surv-HDL balances large-scale
feature extraction with GNN for
contextual efficiency.
Surv-HDL attention mechanisms
improve resilience in diverse
environments.
Surv-HDL hybrid design reduces
reliance on massive GPUs with
efficient fusion.
Surv-HDL maintains high accuracy
while supporting scalable real-time
analysis.

3. METHODS

The study introduces Surveillance Hybrid Deep Learning Framework (Surv-HDL) which is an innovative
framework that seeks to address the limitations of existing deep learning methods in autonomous surveillance
against crimes. Traditional CNN models can also be known to struggle with processing high-resolution images
well, whereas transformer-based models, although effective at depicting global spatial relationships, can pay
little attention to fine-grained relational dependencies. Surv-HDL is a solution to these problems which uses
Vision Transformer (ViTs) to extract global features, uses Graph Neural Networks (GNNs) to model the feature
interactions between objects and employs attention to highlight salient regions within complex scenes. It is a
hybrid that ensures proper classification, greater ability to adapt to the dynamic environment, and the ability to
withstand such challenges as occlusion, noise, or varying light conditions.

Figure 1, shows the Surv-HDL pipeline, which can be used to show how a multi-modal integration of
ViT and GNN can be used to provide simultaneous fine-grained object classification as well as a multifaceted
scene interpretation system to be used in real-time intelligent surveillance systems.

Surv-HDL offers several significant benefits, such as high accuracy, computational efficiency, scalability
for real-time application, and enhanced interpretability of the decisions made through attention-based decision-
making. It can be applied in various areas, including intelligent traffic monitoring, which monitors traffic
violations and classifies vehicles; border security and defense facilities, where it can detect suspicious
movements in the large space; and smart city surveillance, which can automatically identify anomalies in
crowded areas. Surv-HDL is a major step forward in the development of credible, independent and intelligent
surveillance systems, with the addition of the accuracy, efficiency and context.

The proposed Surv-HDL framework leverages the vision transformer networks, graph neural networks,
and attention mechanisms to perform the unified hybrid design for improving the understanding of surveillance
scenes. It provides a global pipeline of feature extraction and a relational graph modelling and adaptive feature
fusion in one. The proposed framework also introduces a sparse graph construction method and an attention-
based weighting method to enhance the computational efficiency without compromising the accuracy.
Moreover, this approach also makes it more applicable in real-time applications, and balances the richness of
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the representation with reduced computational requirements, thus making it applicable in high-resolution
surveillance scenarios where complex object interactions are possible.
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Figure 1. Overall Architecture of the Surv-HDL framework

3.1. Data Acquisition

This paper uses the UA-DETRAC data [53] to perform experimental analysis, which is a full benchmark
that aims at detecting objects and tracking them on the real-life traffic monitoring conditions. The information
is represented by a collection of 100 video records of fixed surveillance cameras in various urban settings,
having 140,000 frames and over 1.2 million marked bounding boxes. Each frame also contains a bounding box
for the vehicle, along with all of its features, such as occlusion, light intensity, vehicle type (car, bus, van, and
more) and truncation to make the vehicle very appropriate to judge the classification at the same time as the
context prediction. The videos are offered in high-resolution (960 x 540 pixels) under various conditions, such
as varying weather, lighting conditions and traffic loads, illustrating the challenges of the autonomous
surveillance system in the real world.

To do a comprehensive assessment, the dataset is split to training (60 sequences) and testing (40
sequences) subsets that are further grouped based on the level of difficulty by occlusion, scale degree and the
density of objects. This dataset was selected because it fits the field of intended use of intelligent traffic
monitoring and security surveillance, as well as provides sufficient complexity to evaluate hybrid architectures
that will integrate ViTs, GNNs, and attention mechanisms to classify high-resolution images.

The UA-DETRAC dataset was chosen as it is a common benchmark for intelligent traffic surveillance
and includes a variety of real-world scenarios, from different weather conditions, illumination levels, vehicle
densities, to occlusion. These properties are very similar to the ones specified for the proposed Surv-HDL
framework. The data set is composed of high-resolution video frames of 960 x 540 pixels, which was not
reduced before processing and patch tokenization during the experiments. The sheer number of annotated
vehicle bounding boxes (over 1.2M) allows for full-scale assessment of object-level classification and scene-
level interpretation. Hence, UA-DETRAC offers a suitable and challenging setup to evaluate the robustness,
scalability, and real-time performance of the proposed surveillance framework.

The UA-DETRAC dataset consists mostly of vehicle detection and tracking for traffic surveillance and
is not annotated for general security threats like weapons or suspicious activity. It is only used for the evaluation
of vehicle level detection, tracking and relational scene understanding under challenging conditions in this
study. It is composed of ~140,000 frames of 60 training sequences and 40 testing sequences such as congestion,
up to ~40% occlusion and different lighting conditions day and night. Surv-HDL is a generic surveillance
system, but the dataset is validated on this vehicle-centric data because of high-resolution frames (960 x 540)
and rich object interactions. Thus, model generalizability is used to refer to the applied nature of security rather
than dataset supervision.

The UA-DETRAC dataset is chosen due to the fact that it has high-resolution surveillance videos with
practical problems such as occlusion, illumination changes, object density, and interactions with the dynamic
scene. While focused on vehicle detection and tracking, these problems apply to a wide range of surveillance
problems, and thus UA-DETRAC is a good test bed for the proposed ViT-GNN framework. The architecture
can be extended to other surveillance domains, using the appropriate training data, the current experiments are
focused on vehicle-centric scenarios, but this is not the limit. The summary of the dataset features presented in
Table 2, would be used to further the research on autonomous surveillance.

Abeer Ahmed Ali (Hybrid Deep Learning Models for High-Resolution Image Classification in Autonomous
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Figure 2, represents the examples of the UA-DETRAC data indicating the variations in the environmental
conditions, the vehicle density, and the objects. The data set covers many different surveillance cases, such as
clear outdoor day, dark nights with low light, rainy with occlusions, heavy traffic, light traffic, and a
combination of various vehicle types. The diversity of the present ensures a comprehensive evaluation of the
suggested Surv-HDL framework within the framework of actuality.

Two interconnected problems confront autonomous surveillance systems: (i) processing high-resolution
images efficiently without compromising classification accuracy, and (ii) modeling contextual and relational
relationships among detected things. The formal representation of an input surveillance frame is I € RE*WXC,
where H and W stand for image height and width and C for the number of channels (e.g., RGB). A mapping
fenn: I = R® is learned by conventional convolutional neural networks (CNNs) to extract local feature
representations x € R%. CNNs are limited in their ability to capture long-range dependencies across large-scale
inputs, despite their effectiveness in localized feature extraction. By using a self-attention mechanism over
image patches, Vision Transformers (ViTs) overcome this using the formula P = {p;,p,, ..., pn} learning
spatial relationships globally using attention weights a;; in between patches p; and p;.

Nevertheless, fine-grained structural interactions between items are not explicitly captured by ViTs.
Graph Neural Networks (GNNs) represent a scene as a graph G = (V, E), where nodes v; € V correspond to
detected entities and edges e;; € E model spatial or semantic relationships. GNNs acquire a mapping
fenn: G = RF to enable relational reasoning. No single model is effective to provide a balance between
contextual reasoning (GNN), local feature learning (CNN), and global scene understanding (ViT), even though
each of them is advantageous in a high-resolution surveillance scenario. To implement this in real time
deployment, this motivates development of a hybrid deep learning system that fuses these complimentary
benefits whilst maintaining computing efficiency.

Table 2. Summary Table of UA-DETRAC Dataset

Aspect Details
Dataset Name UA-DETRAC (University at Albany DETection and TRACking benchmark)
Domain Traffic surveillance — vehicle detection and tracking
Total Sequences 100 video sequences
Total Frames ~140,000 frames
Frame Resolution 960 x 540 pixels (high-resolution)
Frame Rate 25 frames per second (fps)
Annotated Objects >1.2 million bounding boxes
Object Classes Car, Bus, Van, Others
Attributes Vehicle type, occlusion, truncation, illumination, and weather conditions
Splits 60 sequences for training, 40 sequences for testing
Difficulty Levels Easy, Medium, Hard (based on scale, occlusion, and density of vehicles)
Annotation Format XML with bounding boxes and attributes
Applications Object detection, multi-object tracking, high-resolution classification, and intelligent surveillance systems

Heavy Traffic — High Density | Sparse Traffic — Wide Scene Mixed Vehicle Types

Figure 2. Representative Samples from the UA-DETRAC Dataset

3.2. Data preprocessing and Patch Tokenization
The preprocessing step is critical in converting high-resolution surveillance data into a format that is
suitable to deep learning models, and at the same time retain the discriminative content. Assume the input is in
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form of high-resolution surveillance image. I € R¥*"*C where H and W indicate the spatial dimensions, and
C refers to the number of channels (e.g., RGB). The initial step consists of resizing and normalization. The
resizing operation transforms the original frame into a target resolution (H;, W;), accomplished via an affine
scaling matrix. Inverse mapping on the pixels is done using bilinear interpolation to get the resampled intensity.
Normalization is then done to each channel separately after resizing to reduce statistical bias and increase the
speed of convergence during training. This is done by the use of the mathematical expression, as shown in (1),
I —
Lyorm(x,€) = m (1)
JC

Where p. and o, represent the average and standard deviation of channel c, respectively. Vision
Transformers function by utilizing fixed-size tokens, leading to the partitioning of the normalized image into

non-overlapping patches of size p X p. The total number of patches is determined shown in (2),

=L @
p p
Each patch is then subsequently vectorized into a sequence. For a patch P; its representation within the

transformer space is articulated as Zi(o) = EP; + e;; where E is a learnable projection matrix and e; is the

positional embedding corresponds to the i — th patch. To improve resilience against various real-world
conditions like occlusion, low lighting, and crowd density, augmentation techniques are utilized in a stochastic
yet controlled way. Geometric transformations (rotation, scale, translation), and photometric modifications
(brightness, contrast, gamma correction) are applied for robustness improvements. For brevity, the
mathematical derivations of these techniques are not included here, but they can be found in previous work;
they are well-established in computer vision. In this work, only key patch tokenization and normalization step
are kept.

Patch tokenization for high-resolution frames is implemented by first resizing and normalizing the input
image I € RP*W*C_ followed by dividing it into fixed-size non-overlapping patches of size p X p. The total
number of patches is n = |H/p| X |W /p]. Each patch is flattened into a vector and linearly projected into an
embedding space using a learnable matrix, producing token embeddings z; = EP; + e;, where e;is positional
encoding.

This reduces memory usage by converting a high-dimensional image representation O(H X W X C)into
a compact token sequence O(n X d), where n < H X W. It also reduces the computational cost of self-
attention in Vision Transformers, which scales quadratically as O(n?). Therefore, increasing patch size
decreases token count, significantly lowering memory consumption and enabling efficient processing of high-
resolution surveillance frames while maintaining essential spatial information.

Figure 3, illustrates the essential nature of the preprocessing pipeline: upscaling, white balance
adjustment, denoising/CLAHE, sharpening, and patch-grid tokenization systematically enhance detail,
normalize illumination, and standardize inputs, resulting in publication-quality frames and reproducible ViT-
ready tokens for subsequent processing.

: b -
Denoising Sharpen + Gamma ViT Patch-Grid Overlay

Original Image Grey-Scaled Image

Figure 3. Preprocessing and Patch Tokenization (Step-by-step image transformations)
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3.3. Global Feature Extraction with Vision Transformer (ViT)

Once the surveillance frame has been preprocessed and the image is divided into separate, non-
overlapping patches, the next step will be to obtain global representations with the help of ViT. Figure 4, shows
the working of the Vision Transformer (ViT) on the surveillance frame by dividing it into uniform, non-
overlapping patches that can be used as tokens. Each patch is converted into an embedding, maintaining local
spatial features and global context via positional encoding and multi-head self-attention. This is necessary to
gather long-range dependencies in a complex traffic situation so that the model can identify the relations
between vehicles, pedestrians, and environmental conditions to conduct efficient surveillance investigation.
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Figure 4. Global Feature Extraction with ViT

The proposed Surv-HDL framework does not use CNNs to extract features. CNNs are only talked about
in order to emphasize the downfalls of the current strategies, such as the lack of fine granularity of details after
multiple downsamplings and the extra computation needed for high-resolution images. Surv-HDL, instead,
employs a Vision Transformer (ViT) architecture with 16x16 patch tokenization to capture the global features
from the 960x540 resolution video frames captured by the surveillance camera, and thus provides a
contextually-rich representation of the entire video frame. The resulting features then go into a Graph Neural
Network (GNN) that identifies objects as nodes and establishes spatial or semantic relationships between them,
allowing for the effective reasoning of relations. Lastly, an attention-based fusion module focuses in the most
informative parts of the image and interactions as a precedence before classification. This ViT-GNN
architecture is efficient and robust, achieving 96.2% accuracy, 96.0% mAP, 0.97 AUC and 78 FPS for real-
time high-resolution surveillance applications.

Consider the preprocessed image divided into n patches, each represented as p; € ]sz'c; where p denotes
patch size and C signifies the number of channels. Each patch is subsequently linearly transformed into a patch
embedding vector using a learnable projection matrix E € RAx®*C) represented shown in (3),

Zi(O) =EP; +e;, i=12...n 3)

where Zi(o) € R% denotes the embedded patch representation, and e; € R% represents a positional
encoding that maintains the spatial configuration that is typically lost during vectorization. The series of
embeddings constitutes the input for the transformer encoder denoted as, Z ©) = [21(0),250), ...,z,(lo)] € R™4,
The ViT fundamentally employs the multi-head self-attention (MHSA) mechanism, which analyzes pairwise
dependencies among all patches to capture long-range spatial relationships. Each attention head projects the
embeddings into query (Q), key (K), and value (V) representations shown in (4), utilizing learnable matrices
W, Wi, and Wy, € R4,

Abeer Ahmed Ali (A Hybrid Vision Transformer—Graph Neural Network Framework for High-Resolution
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Q =z0w,
K =z0wy “4)
Vv =z0w,

where d}, is the dimensionality of each head and [ indicates the layer index. The attention weights between
patch i and patch j are computed shown in (5),
(2)
exp
dp

n QinT )

These weights are then used to aggregate contextualized features across all patches shown in (6),

al-j =

QK"
Attn(Q,K,V) = softmax - %4 (6)
v @n
For multi-head attention, outputs from multiple heads are concatenated and linearly transformed shown
in (7),

MHSA(z®) = Concat(head,, head,, .... head,)W, (7)

where W, € R""n*a is the output projection. To stabilize training and preserve hierarchical features,
MHSA is followed by residual connections and layer normalization, combined with a position-wise feed-
forward network (FFN) — all are expressed shown in (8),

70+ = LayerNorm (Z© + MHSA(Z))

®)
70+ = LayerNorm (2049 + FFN(20+V))

Upon stacking L transformer layers, the resultant output is a comprehensive spatial feature map: Fy;r =
Z®M € R™4. It encodes both local specifics and long-range dependencies over the entire frame. This
representation is exceptionally efficient in surveillance scenarios, since it enables the model to assimilate input
from remote yet contextually pertinent objects (e.g., vehicles, pedestrians, and traffic lights) inside the same
overarching scene.

3.1 Relational Modeling with Graph Neural Networks (GNNs)

Following the extraction of global features by the ViT, the next step follows explicitly model inter-entity
interactions with a graph neural network. As shown in Figure 5, the pre-processed frame has been denoted as
a collection of N entities either object detections (e.g., automobiles) or ViT tokens (patch embeddings). Each
entity i is linked to an initial node feature x; € R% constituted by amalgamating semantic and geometric
indicators: x; = [z;; g; ; 5;]. Here, z; € R% is the ViT embedding (e.g., the token output from the final ViT
block for the patch or pooled region), g; € R* encodes geometry (normalized center, width, height of the
bounding box or patch), and s; € R€ optionally retains class logits or one-hot category indicators from the
detector. Aggregating all nodes results in X = [x;; xp; ... ....; xy] € RN*do,

Within the proposed Surv-HDL framework, the GNN models the relationships among objects in the
proposed framework by using an independent spatial graph for each surveillance frame. Every detected object
or ViT token is represented by a node and edges are added via k-nearest neighbors (k = 8) based on spatial
proximity, IoU > 0.5, and feature similarity. The graph usually has 50-150 nodes per frame, depending on the
density of the scene. Three GNN layers with 8-head graph attention are adopted to capture contextual
interactions like vehicle clustering, lane-level movement, occlusion and object co-occurrence at the current
node via its neighboring objects. The framework is based on the spatial relations of frames within a single
frame instead of temporal relations between frames, so as to lower the computational burden without
compromising accuracy (96.2%), mean average precision (96.0%) and real-time performance (78 FPS) on
surveillance scenes.

In the proposed framework, the patch final layer ViT embeddings are utilized to build the graph. The
patch token (or the detected object region) is given the same name of a graph node, and is represented by the

Abeer Ahmed Ali (Hybrid Deep Learning Models for High-Resolution Image Classification in Autonomous
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ViT feature vector corresponding to the patch. A S-nearest neighbor (k = 5) strategy is used to define the edges
between nodes by their spatial proximity and feature similarity. Adjacent nodes having similar image locations
or semantic features are linked together to form a sparse graph. The generated graph facilitates information
flow between connected objects via message passing and graph attention mechanisms, which can model
contextual relationships like occlusion, clustering, and interactions between objects in a scene.
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Figure 5. Relational Modeling with GNNs

The study design a sparse relational graph G = (V, E) where the nodes V = {v;, v,, ..... vy}, correspond
to entities, with edges representing spatial and semantic proximity. Two complementing neighborhoods are
employed to provide robustness in high-resolution scenes: (i) Spatial neighbors identified by k-Nearest
Neighbors (k-NN) in image coordinates and/or by an overlap criterion Intersection over Union (IoU) between
regions; (ii) Semantic neighbors determined via k-NN in the ViT feature space utilizing cosine similarity. An
unnormalized edge weight amalgamates spatial and semantic affinities shown in (9),

”Cl 1”

w;; =exp| — g7 max(O,cos(zi,Zj)) ©)

Here c; denotes the (normalized) box/patch center of node i, o regulates spatial decay, and cos (ZL-, Zj) =

ZLT.Z]'
lz;ll||z;]
subsequently. With the inclusion of self-loops, 4 = A + I, the symmetric normalization is given by A =

. The next step is to construct a row-stochastic or symmetrically normalized adjacency matrix

1.1 . . .
D72AD™z; where Dj = };A;;. Message transmission occurs incrementally through each layer. A
comprehensive edge-aware message passing perspective articulates, for layer [, is defined in (10),

(l) ® ,O® +1) _ o (l)
D omtPhPey) R = ¢y (10 m) (10)
JEN (D)
Here h(l) denotes the node embedding at layer [, e;; is the optional edge attributes (include relative
position 4x, Ay, log ( ) log ( ) and IoU;j). ¢y, is the messaging function, and ¢,, is the update function,

commonly associated with multllayer perceptron’s (MLPs) incorporating nonlinearity. For GCN-style
smoothing with structure-aware mixing, the layer update is expressed in (11),

HOD = g(AHOW®),  HO =x (11

Here, H®O € R¥N*4 stacked node characteristics, W® is a parameterized matrix, and o is a nonlinear
activation function (e.g., ReLU). This process disseminates information across spatial and semantic neighbors,
consistent with the notion that proximate or similar items in traffic scenarios offer valuable context (e.g., a bus
within a group of buses or large vehicles).

Abeer Ahmed Ali (A Hybrid Vision Transformer—Graph Neural Network Framework for High-Resolution
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GraphSAGE is chosen as GNN backbones because of its good scalability and inductive learning ability,
which are necessary for time-series tasks like real-time surveillance with dynamic and varying numbers of
objects. GraphSAGE is designed to efficiently sample and aggregate its neighborhoods, unlike GCN which
samples the entire graph, and is suitable for scenarios with a high density of graphs. GraphSAGE is preferable
to GIN for being expressiveness and still being efficient in computation. The attention mechanism is introduced
in GAT and has computational burden in dense graphs. Alternatively, GraphSAGE delivers a competitive
performance of relational reasoning, while consuming significantly less memory and computing time for
inference, rendering it suitable for real-time integration with ViT-GNN in Surv-HDL. The study employs
GraphSAGE-style neighborhood aggregation that maintains node identification through concatenation as
defined in (12),

" = 466 ({n":j € ¥ (D})

B = o(WORY 1 AP])

where AGG represents mean/max pooling and || signifies concatenation. This explicitly combines the
node's intrinsic state with a pooled neighborhood description, which is beneficial when local density fluctuates
across the scene. To highlight asymmetric, relation-specific influence (e.g., a large bus dominating local

traffic), we employ graph attention. Utilizing learnable predictions Wy, Wy, W, and an attention vector a, the
attention coefficients are defined in the following (13),

(12)

e = LeakyReLU(a”[Wh® | Wh}l) I (e;)])
o exp(ey)
7 Tkeww exp(er)) (13)
B =o Z ay Wyhy”
JEN (@)

Here B”(ei ]-) incorporates edge elements to ensure that relative geometry influences the attention,
whereby nearby or overlapping vehicles are assigned greater weights. Multi-head attention aggregates or
concatenates multiple heads to enhance learning stability. After L, GNN layers, we acquire contextualized
relationship properties as defined in (14),

FGNN — H(Lg) c RNng (14)

Each row represents an entity augmented by its geographical and semantic environment (e.g., a car's
attributes now incorporate the flow, density, and kind of adjacent cars). For node-level determinations (e.g.,
enhanced categorization), the following (15) is employed.

9, = Softmax (Wchng) +b,) (15)

To facilitate scene-level reasoning (e.g., traffic state), the study implements an attention readout to
aggregate nodes into a singular descriptor as in (16),

exp (qT tanh (thELg)))

- Y exp (qT tanh (thi(Lg)))

N
9= sl
i=1

The graph descriptor g can be integrated with the ViT's global token (or pooled tokens) for the final
prediction through a lightweight MLP expressed in (17),

ffuse = MLP([g I gViTD
y = Softmax ( Wo fruse + bo)

i

(16)

(17)
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In summary, the GNN converts local ViT embeddings into contextually informed representations by
disseminating information over a geometry- and semantics-aware sparse graph. The resultant F;y, enhances
ViT's comprehensive perspective with explicit relational reasoning essential in high-resolution surveillance
where the object interactions (occlusions, platoons, lane changes) provide critical indicators for precise
classification and reliable autonomy.

3.4. Attention-Driven Feature Prioritization

Upon the ViT generating global scene embeddings (Fy;r) and the GNN generates contextual relational
embeddings (Fg;yy) an attention technique is implemented to enhance and prioritize these complementing
qualities. The primary objective of this step is to focus on the most exclusive and security relevant features
including occluded cars or outliers, but reduce irrelevant "noise" in the background patterns for training. To
harmonize the feature spaces, both representations are mapped into a standard dimension by learnt linear
transformations, resulting in F,;; and F;yy. Subsequently, a cross-attention technique is employed, using GNN
node embeddings as queries, with ViT tokens serving as keys and values. This process guarantees that each
entity representation incorporates informative global context and is mathematically articulated as in (18),

~ ~ T
~ F, Fy;
H = softmax(( GNNWQ)( VlTWK)
Nen

This selective aggregation enables the node attributes to be improved by integrating long-range
relationships discovered by the ViT and maintaining the relational information in the GNN. The concatenated
sequence of updated node features and ViT tokens can be passed through a self-attention layer to enhance
feature coupling between the two modalities and enable bidirectional information sharing. Then, attention-
based readout is used to generate two more informative outputs: characteristics at the node level, F23%¢ , which
enhances per-object recognition, and a scene-level descriptor constructed by weighted pooling. The latter
assigns an attention score to each of the objects, and then produces a short representation g that is then
combined with the aggregated ViT embedding for final classification.

This way, the model will assign more weight to relevant objects or regions, while simultaneously reducing
the impact of noise, which is crucial in complex surveillance scenarios. The suggested module operates on this
basis by assigning attention to specific parts of the scene, enhancing nodes with cross-attention, integrating
features with self-attention, and predicting decisions with attention-based pooling to produce a representation
of the scene that is more interpretable and accurate, thus enabling a high-resolution surveillance system to
make more accurate and interpretable predictions.

In the ViT, global dependencies between image patches are modeled in the self-attention mechanism
during their feature extraction, thereby creating contextualized visual representations. The proposed attention
module is rather a fusion mechanism after ViT and GNN. It applies cross-attention to ViT features and GNN
relational embeddings, focusing on the most informative objects and/or regions and discarding irrelevant
background information. Therefore, the proposed attention module improves feature combination and decision-
making by selectively refining and weighting the ViT-GNN representations, while ViT self-attention learns
from the global spatial context.

The proposed Surv-HDL framework entails a trade-off between the representation of the features and
computational complexity. The fusion of Vision Transformer (ViT) self-attention, Graph Neural Network
(GNN) attention, and cross-attention fusion enhances the global contextual understanding, relational reasoning,
and feature discrimination in complex surveillance scenes. When these modules are used together, however,
they generate extra memory usage and processing costs over pure CNN- or ViT-based methods. In spite of this
computational trade-off, the proposed framework achieves 96.2% accuracy and 0.97 AUC on surveillance
images with dimensions of 960 x 540 while functioning in real-time at 78 FPS, achieving a good balance
between accuracy, contextual modelling and computation.

The Surv-HDL feature prioritization module is an attention-driven module built on top of the standard
cross-attention mechanism. But novelty is in its structured incorporation into the ViT-GNN pipeline. In
particular, it combines relational features extracted by the Graph Neural Network with global features extracted
by the Vision Transformer, while dynamically adjusting their weights to highlight the parts of the image that
are relevant to the task and ignore the background noise. It differs from traditional cross-attention in single-
encoder-decoder scenarios by serving as a window between different representations (patch and graph),
allowing for more detailed contextual understanding in high-resolution surveillance scenes.

In the Vision Transformer (ViT) part, 12 transformer encoder layers, a patch size of 16 X 16 and an
embedding dimension of 768 are used. There are 12 self-attention heads in each encoder layer and the

FoirWy) (18)
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dimension of the feed-forward network is 3072. Positional embeddings are added to capture spatial information
between patches.

The GraphSAGE-based architecture of Graph Neural Network (GNN) includes 3 graph convolutional
layers. The hidden dimension is 256 for every layer and mean aggregation is used for neighborhood feature
updating. The drop-out rate is 0.3 to prevent overfitting and ReLU activation is used in all the layers to
introduce non-linearity.

3.5. Fusion & Classification

The finishing phase of the Surv-HDL architecture amalgamates the global scene embeddings generated
by the ViT with the relational embeddings obtained from the GNN to facilitate both object-level and scene-
level predictions. Let the output of the ViT be represented as V = [171, Vg, wenn vp] with a global token vy,
and the GNN node matrix is represented as H&) = [h,, ..., hy]. Through cross-attention (Section 3.5), the node
embeddings are enhanced to produce H = [fll ...... EN], thereby an attention readout generates a scene
description g. To synchronize both modalities, each node embedding is matched with its respective ViT token
v; resulting in a consolidated feature representation articulated as in (19),

fi = SWILN(R) NN + by) 1

where ¢(-) represents a nonlinearity, such as Gaussian Error Linear Unit (GELU), and LN (-) signifies
layer normalization. and W, by constitute trainable parameters. This integration enables each object
representation to encompass contextual reasoning from (GNN) and comprehensive spatial detail from the (ViT)
and at the scene level the global ViT token v, is amalgamated with the graph descriptor g using a streamlined
transformation as shown in (20),

s = ¢(Wi[LN(g) Il LN(vg10p)] + bs) (20)

the producing a concise embedding that encapsulates both overall background and the relational
framework of observed traffic scene and two categorization heads are established based on these integrated
embeddings and for node-level tasks like object classification, predictions are derived from a softmax layer
applied to the fused feature f; as defined in (21),

yrede = softmax(Wyf; + by,) (21)

that generates class probabilities for items such as automobiles, buses, and vans. For scene-level tasks,
such as traffic anomaly detection or congestion status estimates, the integrated descriptor s is input into an
additional softmax classifier given in (22),

yieene = softmax(W,s + b.) (22)

the comprehensive training aims to integrate both heads via a multi-task loss function. Node-level
supervision is enforced by minimizing the average cross-entropy between predictions and actual object labels.
In contrast, scene-level supervision is directed by the cross-entropy loss for scene labels and this a ultimate
optimization function is delineated as in (23),

L= AnodeLnode + Asceneﬁscene + /1{’2 ”9”% (23)

where 1,540 and Agcene regulate the trade-off between the two tasks, and © denotes the model parameters
with £, regularization, and during inference, the enhanced GNN embeddings and ViT global context are
integrated via lightweight multilayer perceptron which allowing the framework to produce detailed object
classifications and resilient scene-level interpretations in real-time.

3.6. Output: Real-Time Object Classification and Scene Interpretation

The last step is the output of Surv-HDL framework is to generate a detailed object classification and a
general scene analysis which can be a beneficial for making autonomous surveillance systems reliable in real-
world applications. The node-level head provides categorical outputs to all identified items at the object level,
and each object gets a label such as vehicle, bus, van, or other according to the combined ViT-GNN model.
This guarantees it is correctly identified even in difficult situations like partial blockage, changing lighting and
high traffic volumes. The categorization of every object is promptly associated with its bounding box, which
in turn enables the system to produce spatially located results for subsequent monitoring and alerting systems.

Abeer Ahmed Ali (Hybrid Deep Learning Models for High-Resolution Image Classification in Autonomous
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Figure 6, represents the dual-output design of Surv-HDL, which incorporates both object- and scene-level
classifications, which is helpful in the two-way detection of the vehicle, and real-time anomaly detection in
monitoring traffic, border protection, and other uses in smart city.
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Figure 6. Dual-Branch Output Representation of Surv-HDL for Object and Scene-Level Predictions

At the scene level, attention-weighted frame s represents the holistic state of the surveillance frame. The
head converts this representation to scene contextual interpretation, such as normal traffic flow, traffic
congestion, abnormal vehicle movement or likely security anomaly. Combining the relational reasoning of the
GNN with the global contextual awareness of the ViT, the system is able to identify both single incidents and
complex and coordinated behavior of multiple entities.

This two-output design can be used in many applications and during traffic intelligence the architecture
enables real-time vehicle recognition, lane analysis and detection of traffic violations. The system detects
suspicious movement, including vehicle clusters or unusual interactions between objects on large perimeters,
for border and critical infrastructure security. The smart city surveillance outputs at the scene level help detect
anomalies in high-density areas, give proactive alerts on movement patterns in congestion and enhance the
analytics of urban safety.

High-resolution surveillance frames are added context around them with the help of Surv-HDL's object-
level accuracy and real-time scene-level processing. This ensures that there are quick response capabilities
during an emergency and maintains scalability and resilience in different deployment environments.

Figure 7 is the overall depiction of the proposed Surv-HDL framework. The first step involves taking in
the surveillance video frames, then preprocessing the frames by extracting them, resizing them, normalizing
them, and tokenizing them into patches. The processed frames will be used to extract the features in a global
context using the Vision Transformer (ViT) module. Then a relational graph of detected objects and their
spatial and semantic relations are constructed, based on similarity and overlap criteria, and their relation to one
another. This graph is used to model interactions between objects in complex surveillance scenes and train a
Graph Neural Network (GNN) to do so. In order to better reflect the features and reduce the noise, an attention
module is added to the fusion part, which is a fusion module based on the attention mechanism.

Surv-HDL suggests an interactive method between Vision Transformer (ViT), Graph Neural Network
(GNN), and attention-based fusion module to facilitate structured interactions for contextual reasoning. ViT
first learns global spatial representations from the input frame patches, which includes long-range dependencies
throughout the scene. The representations are then mapped to graph nodes and the GNN models relations
among objects with feature similarity and spatial proximity. This enables the type of reasoning that can be done
at the object level, such as the co-occurrence of two objects, the occlusion of one by another, or the spatial
hierarchy. An attention-based fusion network dynamically weights the learnable contribution of both the global
(ViT) and relationship (GNN) embedding, thus focusing on global scene understanding or object interaction

Abeer Ahmed Ali (A Hybrid Vision Transformer—Graph Neural Network Framework for High-Resolution
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modelling based on the scene complexity. By modeling appearance, spatial relations and inter-object
dependencies all in the same representation space, the hierarchical integration enables the framework to make
contextual reasoning.
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Figure 7. Methodology Flowchart of the Proposed Surv-HDL Framework for High-Resolution Surveillance Scene
Understanding

3.7. Experimental Setup

To prevent overfitting, the proposed Surv-HDL framework employs data augmentation, dropout (0.5), L2
regularization (1x107%), and early stopping based on the validation loss. There are around 140,000 frames in
the UA-DETRAC dataset but some frames are highly similar in visual attributes. To this end, the video
sequences were selected frame by frame, but the whole sequence was divided into training and test sequences
(scene-wise split). In particular, 60 sequences (=84,000 frames) were used for training and 40 sequences
(=56,000 frames) for testing, with frames from the same scene not present in both sets. Moreover, 10% of the
training data were kept for validation when optimizing the models. This strategy helps minimize data leakage,
helps with better assessment of generalization, and is a more realistic assessment of performance in unseen
surveillance environments.

The number of objects found within each surveillance frame varies, so the size of the resulting graphs
will also vary from one sample to another, generally between 5 and 60 nodes per frame depending on the level
of density of the scene. The framework is designed to deal with this by employing dynamic graph batching,
which bundles together graphs into mini-batches of size B = 8 frames per batch, without needing to have a
fixed number of nodes. In training, multiple graphs are processed concurrently and node identities are preserved
separately in each of the different computational graphs as a disjoint union. Furthermore, padding is not used

Abeer Ahmed Ali (Hybrid Deep Learning Models for High-Resolution Image Classification in Autonomous
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to reduce the memory overhead, which is around 18-25% lower than that of its fixed-sized batch counterpart.
To make computing more efficient, frames with very high numbers of objects (over 50 per frame) are optionally
downsampled by keeping the top k = 30 most confident object detections, reducing the number of objects in
the frame. It helps to maintain stable training while keeping important object relationships within sparse and
dense scenes.

A batch size of 8 and an initial learning rate of 1e—4 are used to train the proposed Surv-HDL. The model
is optimized using the Adam optimizer with B:=0.9, f>=0.999, and a weight decay of le—5 to prevent
overfitting. The training is performed for 50 epochs with cosine annealing scheduling for learning rate.
Gradient clipping is used and has a threshold value of 1.0 for stability of convergence. Each experiment is
executed on a system with an NVIDIA RTX 3090 GPU (24G VRAM), Intel core i9 CPU, and 64G of RAM,
running the PyTorch framework. The training pipeline is run using mixed-precision (FP16) to enhance memory
usage and computational efficiency.

This reported 78 FPS is measured using the input frame at a native resolution of 960 x 540 for all baseline
measurements. No special downsampling is performed to compute FPS, in addition to the standard
downsampling used for patch-based tokenization. The input size and preprocessing conditions of all models
are the same to obtain a fair comparison. The patch-based tokenization stage splits the 960x540 input into
fixed-size patches, enabling efficient processing without changing the original frame resolution before it enters
the model.

Computational complexity of Surv-HDL is analyzed by its ViT and GNN modules. Mostly, the self-
attention complexity of ViT is O(N?), where N = 2700 patches (960 x 540 image size, 16 x 16 patch size) and
D is the embedding dimension. With each frame having 20-60 nodes with sparse k-NN connectivity (k = 5),
the GNN module (GraphSAGE) is relatively simple to compute. The overall complexity of the framework is
O(N*>-D + E-D), and the memory consumption is mostly for ViT attention maps (O(N?)). The handling of
patches and the construction of sparse graphs is done efficiently allowing real-time performance at 78 FPS.
The selected baselines represent recent and diverse state-of-the-art surveillance methods. GLFS-CNN (2021)
is a CNN-based feature learning model, CV+AI (2022) represents hybrid vision—Al systems, AI+UAV (2023)
addresses aerial and multi-view tracking scenarios, and XNANet (2023) is an attention-based feature fusion
model. They are combined to provide a comprehensive overview of CNN, hybrid, UAV-based, and
transformer-style approaches, which are compared fairly with Surv-HDL.

To avoid data leakage between highly similar consecutive frames in UA-DETRAC video sequences used
a 60/40 to ensure scene-wise separation. The standard frame-level partitioning is not used in this study, but
rather sequence-level partitioning (60 training sequences and 40 testing sequences) is used, which ensures that
the train and test sets are independent. This provides a much more realistic and reliable measure of
generalization in unseen surveillance settings.

There are no explicit scene-level labels in the UA-DETRAC dataset like congestion or anomaly
categories. It, in turn, contains object-level annotations like vehicle bounding boxes, tracking IDs, and
attributes like occlusion and truncation. In this work, the scene-level interpretations (e.g., congestion-level
estimation) are derived indirectly from the accumulated statistics of the objects (e.g., vehicle density, spatial
distribution, and their motion across frames). Therefore, the scene-level analysis task carried out by Surv-HDL
is a higher-level inference task, which is based on the object-level detection task without direct supervision of
the data.

In training and inference, the amount of memory used by GPUs is analyzed to evaluate the computational
feasibility. Training requires more VRAM as it keeps gradients, optimizer states, and intermediate activations
from the ViT encoder, GNN modules, etc., and peak usage is around 12.4 GB, which is obtained by extracting
high-resolution patch embeddings and performing attention operations. In inference mode, the number of
parameters reduces to around 4.2 GB, as back-propagation is turned off, and the layers that primarily consume
memory are the feature extraction and fusion layers. The proposed patch-based tokenization can reduce the
memory resources by reducing the high-resolution images to compact tokens, which does not need to compute
the whole frame and is suitable for surveillance applications.

All the important experimental parameters are clearly specified, which guarantees the repeatability of the
proposed framework. The graph construction process includes k nearest neighbor graph construction with k =
5, edge similarity threshold = 0.2, and IoU constraint = 0.5, which is sufficient to maintain meaningful spatial
relations. The attention fusion mechanism utilizes uniform initialization of learnable weights and an
optimization process during training to balance the contribution of features from the Vision Transformer and
Graph Neural Network adaptively. The multi-task loss function is a weighted sum of classification loss and
relational consistency loss, where A1 = 0.6 and A> = 0.4.
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4. RESULTS AND DISCUSSION

The assessment was done experimentally with the UA-DETRAC data which consisted of 140,000
annotated high-resolution frames in varied illumination, occlusion and weather conditions. To make a fair
comparison, we compared Surv-HDL with four advanced methodologies that use baseline techniques: GLFS-
CNN [24], CV+AI [28], AI+UAV [31] and XNANet [30]. All the models were trained and tested using the
same data partitions (60 % training, 40 % testing sequences) and early stopping used to prevent overfitting. It
was implemented using Python 3.9 with PyTorch as the main deep learning library, which was supplemented
with CUDA to accelerate it with a graphics card. The training was done on an NVIDIA RTX 4090 with 24 GB
memory and the preprocessing and evaluation were done on the Intel Core i9 CPU with 64 GB memory. Models
had hyperparameters such as learning rate (0.0001), batch size (32), and optimizer (AdamW) that were uniform
across models. This structure ensured reproducibility, computing performance and fair performance
measurement in real-time surveillance environment. Table 3 illustrates the computational framework, which
guarantees repeatability, standardized execution, and equitable benchmarking of Surv-HDL against baseline
surveillance models.

Table 3. Implementation Environment and Resources

Component Specification / Tool Used
Programming Language Python 3.9
Deep Learning Library PyTorch 2.1 with CUDA 12
GPU NVIDIA RTX 4090 (24 GB VRAM)
CPU Intel Core 19-13900K
RAM 64 GB DDRS
oS Ubuntu 22.04 LTS
Optimizer AdamW
Learning Rate 0.0001
Batch Size 32
Dataset UA-DETRAC (140,000 frames, 1.2M annotations)

Evaluation Metrics Accuracy, Precision, Recall, F1-Score, mAP, FPS, AUC

4.1. Evaluation Metrics

The UA-DETRAC dataset provides attribute annotations (e.g., occlusion, truncation level) for evaluation
purposes only; they are not used directly to supervise the model's training. The proposed Surv-HDL framework
is evaluated in this study for its robustness in challenging scenarios using the attributes. It is tested on fully
visible, partially occluded and heavily occluded objects with accuracy of 97.1%, 95.4% and 92.8% respectively
in particular. Similarly, the performance of truncated instances and non-truncated instances are 95.9% and
96.4%, respectively. This fine-grained analysis indicates that there is no degradation with occlusion. The
proposed framework is strong and is able to consistently detect and classify in the presence of heavy occlusion,
which has been verified in real surveillance situations.

In this study, the mean Average Precision (mAP) is calculated at a fixed Intersection over Union (IoU)
threshold, as is common with PASCAL VOC evaluation protocol. Average Precision is computed for every
class using the precision-recall curve that is averaged over all classes, and the overall mAP is computed as the
average of the class-specific Average Precision.

Computation of the Area Under the Curve (AUC) derived from a Receiver Operating Characteristic
(ROC) curve, with a one-vs-rest approach for multi-class classification. A single ROC curve is created for each
class using varying decision thresholds, and the AUC is calculated for each class. Macro-averaged and micro-
averaged AUC scores are taken into consideration so that a comprehensive evaluation is made. Macro-
averaging calculates the AUC for each class independently, without giving any class special consideration.
Micro-averaging, on the other hand, combines all the class results and reports overall results, including true
positives and false positives. Macro-AUC is the primary measure in this study, and is reported equally across
all classes; micro-AUC is used as a complementary measure to show the overall system-level discrimination
capability. This double reporting guarantees the robustness and comparability with the usual multi-class
evaluation of practices.

One of the common and necessary metrics in evaluating a classification task for high-resolution

surveillance system is accuracy. Measures the proportion of correct predictions (both positives and negatives)

out of the total number of predictions. It can be mathematically expressed as: Accuracy = % True

positive in this context means a detected threat that is a real threat, while true negative means a detected safe
item that is actually safe; false positive means a detected, but not actual threat; and false negative means a non-
detected threat that actually is a threat.
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High accuracy in surveillance also means that the objects to be detected are tracked correctly under a
range of conditions such as congested traffic or low-light (Figure 8) but may not adequately reflect poor
performance on minority classes on imbalanced datasets. As an illustration, when a majority of the frames
contain cars, the algorithm may appear accurate yet fail to recognize buses or vans adequately. The use of
Vision Transformers and GNNs in Surv-HDL ensures that global spatial features and relational relationships
can increase accuracy despite occlusions or noise. Accuracy is an essential, yet not a completely independent
parameter that is a baseline indicator of the performance of a system as a whole and real-time validity of the
sensitive applications, like border management and smart city surveillance.

Precision is an essential statistic in surveillance, as it measures the accuracy of positive predictions,
reflecting the proportion of the system's genuinely legitimate alarms. It is characterized as: Precision =

prpp where TP denotes true positives and FP denotes false positives.
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Figure 8. Comparison of Surv-HDL model accuracy across object classes

At the intelligent surveillance level, high precision is important because if the object or anomaly detected
by Surv-HDL is not a threat, there is a high probability that it is a false alarm, which could result in resources
being wasted, panic or desensitization of the security personnel Figure 9. If the system is repeatedly
misidentifying a non-suspicious vehicle as suspicious, it can lead to a loss of trust in the system. The Surv-
HDL is an attention technique that helps to reduce false positives by only attending to relevant parts of the
input frame, thereby reducing errors. In urban areas, where there are many people, it is important to be accurate,
particularly when surveillance systems are employed in such areas, where it is hard to tell the difference
between harmless anomalies and real threats. Surv-HDL increases accuracy by focusing on prioritized features
and contextual computation, which decreases the burden of a false alarm investigation and enables it to be used
as a real-time security tool.

Recall, also known as sensitivity or true positive rate, measures how well the surveillance system can
detect all relevant threats or target objects in the scene. Mathematically, this is represented as: Recall =

TpT+PFN; TP represents true positives and FN represents false negatives. High recall guarantees that potential

threats, such as unidentified vehicles, suspicious behaviors, or obscured objects, are not neglected by the model
Figure 10, In surveillance systems, it is usually more costly to miss a valid threat than to cause a false alarm,
especially in high security settings like on a border, an airport, or a military base. ViT in Surv-HDL enhances
recall by adding ViT to capture the global scene and GNNs to model long-range relationships and contextual
information that is typically overlooked by traditional CNNs.

A system with a high recall rate will be effective in congested traffic for identifying obscured vehicles, at
least in part, or irregular movement patterns. However, the process of maximizing recollection should be
balanced against accuracy, as an overly high measure can lead to more false positives. Surv-HDL allows
prioritizing features based on attention to strike a trade-off between recall and operator overwhelm by irrelevant
alarms. In turn, recall is a direct measure of the capability of the system to maintain situation awareness and is
insurance against unrecognized abnormalities in complicated environments.

The reported 78 frames per second (FPS) not only runs at a resolution of 960 x 540, but it's also more
frames per second than many real-time surveillance techniques, which often operate at lower resolutions, like
224 x 224 or 640 x 480 for efficiency. This new resolution allows Surv-HDL to continue to run in real-time,
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thus proving it's scalable. The lower resolution and simpler architecture of the Lightweight CNN based models
make it possible to achieve higher FPS (> 90) at the expense of lower accuracy. On the other hand, models
based on Vision Transformer can achieve a lower FPS at the expense of higher computational complexity. To
sum up, 78 fps at 960x540 is a sensible tradeoff between resolution, accuracy and speed, suitable for high
resolution surveillance.

F1-score is a harmonic mean of precision and recall, designed to balance their trade-offs and provide a
unified, comprehensive measure of performance. It is defined mathematically as: F1 — score = 2 %
This is particularly important in surveillance applications, where the data sets may be imbalanced, with some
object classes (such as cars) being more common than others (such as buses, vans).
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Figure 9. Comparison of precision trends across various surveillance models
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Figure 10. Comparison of recall performance of Surv-HDL and baseline surveillance models

The high F1 score means that the system is accurate and sensitive in predicting all the relevant events as
seen in Figure 11. Surv-HDL is very advantageous on this metric, because a decrease in false positives and
false negatives can be achieved at the same time, due to its hybrid structure. For instance, attention layers are
employed to enhance the pertinent features to improve accuracy. GNNs, on the other hand, have a relational
model that guarantees the proper identification of hidden or context-dependent objects, which enhances
memory. In practice, F1-score is a good measure of the performance of Surv-HDL, since it clearly shows how
well the framework is able to minimize missed detections and false positives. In applications like intelligent
traffic monitoring, safety and maintenance of traffic are essential to ensure prompt response actions, which is
why this balance is important. Surv-HDL is more flexible and robust, consistently outperforming single-
architecture baselines with higher F1-scores.
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In object detection applications such as surveillance, the standard metric is Mean Average Precision
(mAP), which measures performance at various recall levels for many object categories. The calculation is
done by averaging the precision at each recall threshold and then averaging over all classes: mAP =

%Z?’:I AP;; where AP; denotes the average precision for class i, and N is the number of object types (car, bus,

van, others in UA-DETRAC). While accuracy measures the overall correctness rate, mAP evaluates the model's
performance in terms of its ability to identify and classify each item type explicitly.
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Figure 11. F1-score comparison across classes and models

Mean Average Precision (mAP), in particular, is of significant importance in high-resolution surveillance
since it ensures that performance is not biased toward dominant classes. ViT based global representation and
GNN relational reasoning enable Surv-HDL to achieve high mAP values, especially in challenging conditions
like Occlusion, low lighting and traffic jam. Figure 12(a), depict the stability of both precision and recall of
each of the models over different detection thresholds. The results of the baseline models, such as GLFS-CNN
and CV +Al, have more significant drops in the precision due to the increase in recall, which indicates reduced
stability in object recognition. The curves of AI+UAV and XNANet are more stable and have higher accuracy
in a wide range of recalls. The proposed Surv-HDL is always on top of the game, with high accuracy at high
recall rates, which is an indication of a strong ability to correctly classify objects with minimal false positive
rates. This makes Surv-HDL the most reliable and fair detection framework.

Figure 12(b), is a class-specific analysis of Average Precision (AP). Surv-HDL reaches the best average
accuracy on all classes (Car, Bus, Van, Others), and has a significantly good performance in the "Others"
category, where baseline models are facing challenges. XNANet is closing in with a negative margin of 2-3%.
The low scores for GLFS-CNN and CV+ALI are also seen in the Bus and Van categories. This analysis at the
class level shows that Surv-HDL not only has a better average performance but also has a good performance
for many different types of objects, which is beneficial to its already good mAP.

Inference Time / FPS (Frames Per Second): In addition to accuracy measures, efficiency is essential in
assessing the practical usefulness of surveillance systems. Inference time is the average time required to process

a single frame, while FPS refers to the number of frames the model can process in real-time. Inference time
__ Total Processing Time

can be quantitatively represented as: Tj,; = Namber of Frames ; where FPS is its inverse. In surveillance,
when prompt detection is crucial, attaining high frames per second guarantees rapid responses to prospective
threats. Surv-HDL aims to enhance inference efficiency by integrating ViT's global feature extraction with
GNN's effective relational modeling, minimizing unnecessary computations while maintaining accuracy.

Figure 13(a) shows the trade-off between inference time and frames per second (FPS), with Surv-HDL
achieving the lowest processing delay and maximum frame throughput, thereby being efficient in real time.
Further, in Figure 13(b), scalability across resolutions is demonstrated with high FPS and fewer inference-time
bubbles, whereas CNN-based models suffer significantly in this case.

Surv-HDL can be used for continuous real-time monitoring with competitive FPS values even for high-
resolution input, unlike the case of only CNN-based methods, which have limited scalability with resolution.
In traffic surveillance in smart cities, expedited frame processing enables the detection of infractions, including
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red-light violations, without delay, which can invalidate enforcement. As a result, inference time/FPS
highlights Surv-HDL's ability to complement accuracy-related factors and demonstrates the likelihood of its
future application in a real-life case study and implementation in a highly time-sensitive environment.

Precision-Recall Curves for mAP Evaluation Heatmap of Class-wise AP Values Contributing to mAP
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Figure 12. (a) Precision—recall curves illustrating mAP performance across detection models, (b) Heatmap visualization
of class-wise AP contributions to overall mAP
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Figure 13. (a) Comparison of inference time and FPS across surveillance models, (b) FPS—resolution trade-off with
inference time across surveillance models

As can be seen in the Figure 14(a), Surv-HDL exhibits a higher discriminative power and a higher TPR
at all the FPRs as compared to the baseline models. The larger the AUC, the more robust the model in threshold
sensitive scenarios. The highest score of AUC, shown in Figure 14(b), supports this benefit, and well
demonstrates the good adaptability and stability of Surv-HDL in various surveillance situations.

In the context of surveillance, operational requirements may differ: in some cases (e.g., security in an
airport) it may be important to have a high recall rate even if there are many false alarms, while in others (e.g.,
surveillance of a population) fewer false alarms may be needed. Surv-HDL's hybrid architecture improves the
AUC by keeping a clear separation between relevant and irrelevant data despite challenging or noisy
circumstances. The attention system side-effect is to decrease the influence of background noise; GNN
reasoning side-effect is to make sense of the contextually accurate detection. The flexibility and robustness of
the Surv-HDL in providing threshold sensitive decisions is reflected in its better AUCs, which have been
demonstrated and thus underscored its relevance for most realistic surveillance contexts.

The Area Under the Receiver Operating Characteristic (ROC) Curve (AUC) measures the ability of a
classification system to balance between the true positive rate (TPR) and the false positive rate (FPR) at various

classification levels. It is defined as: AUC = fol TPR(FPR)dFPR; and the False Positive Rate (FPR) defined
as FPR = ——— and the True Positive Rate (TPR) is TPR = A higher AUC suggests the model is able
FP+TN TP+FN

to discriminate between true positives and false negatives for a range of decision thresholds, and is not sensitive
to changes in the sensitivity parameters.
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Table 4 highlights Surv-HDL's undisputed leadership across all assessment criteria. It performs best in
terms of accuracy, precision, recall, and F1-score, indicating high detection reliability. It has a higher mAP
than baseline measures, indicating strong multi-class performance. The Surv-HDL in terms of inference time
is the lowest and the frames per second the highest ensuring that it is efficient in terms of real-time. Besides,
its AUC score reveals excellent discrimination ability attributes to the model and the strength of the model and
its applicability to numerous real-life surveillance scenarios. All reported results are computed over five
independent runs with different random initializations and are presented as mean + standard deviation to ensure
statistical reliability and reproducibility.

AUC Distribution Across Models {Violin Plot) AUC Distribution Across Models (Violin + Swarm Plot)
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Figure 14. (a) AUC values comparing Surv-HDL against baseline surveillance models (b) Comparison of overall AUC
values across models
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Table 4. Comparison of Surv-HDL and baseline surveillance models (mean + std over 5 runs)

Model Ac:;;l")acy Pri‘c)/i:)ion R(izz;ll Fl(—:/.c)())re 12102;’ FPS 1 Infer(er::llsc)el"l'ime AUC
GCL]\?fI 89.2+0.6 88.5+0.7 8%%* 88.8% 0.6 8%%* 412. S 2412 Ofgli
CV+AI 90.0+0.5 89.3+0.6 8%2.* 89.4+0.5 8%2* 418; 20+1.0 Ofgli
AHUAV  915+04  902+0.5 9%‘3* 90.6 + 0.4 9%%* 53 S 18+0.9 0(')9_81i
XNANet  93.0£04 92004 9%'3* 922+ 0.4 9%2* 63 - 15208 0(')9_31i
Surv-HDL ~ 962+03 95504 9%2* 95.6.+0.3 9%2* 75 ; 12£05 0['3;1*

Qualitative heatmap results of the proposed Surv-HDL framework for representative surveillance
scenarios are shown in Table 5. The input image, ViT patch tokens, attention heatmaps, and heatmap overlays
are presented in the visualizations, complementing the quantitative evaluation of the model performance in
inference.

Table S. Qualitative Attention Heatmap Visualization for Surveillance Scenes
Type Input Image Patch Tokens (ViT)  Attention Heatmap Overlay on Input

Daytime Road Scene f

Crowded Scene

Table 6 shows some typical failure examples of the proposed Surv-HDL framework. The examples
illustrate demanding surveillance scenarios with decreases in classification performance due to extreme
conditions such as occlusion, low light and high crowd density. To give qualitative insights into the limitations

Abeer Ahmed Ali (A Hybrid Vision Transformer—Graph Neural Network Framework for High-Resolution
Surveillance Scene Understanding)



ISSN: 2685-9572 Buletin Ilmiah Sarjana Teknik Elektro 1419
Vol. 8, No. 5, October 2026, pp. 1393-1426

of the framework and to complement the quantitative evaluation results, for each of the cases the label, the
model prediction and the reason for failure are provided.

Table 6. Failure Case Analysis of Surv-HDL
Input Image Ground Truth Prediction Failure Reason

4‘,/
!"‘”’L’ A

Vehicle Background Severe occlusion
Pedestrian Vehicle Low illumination
Person Person Group High crowd density

To evaluate the computational complexity and predictive ability of the proposed Surv-HDL framework,
we compare it with representative baseline models in Table 7. Despite having more parameters and FLOPs
than the traditional CNN approaches, Surv-HDL achieves significantly stronger classification accuracy, and
still processes the data in real-time at 78 FPS. Surv-HDL is found to be more accurate than the standalone ViT
model by 3.1%, and is much more efficient than the ViT model (9.8G FLOPs vs. 17.6G FLOPs), showing its
efficiency. The results show that the patch tokenization, sparse graph reasoning and attention-guided feature
fusion approach is effective in high-resolution surveillance tasks, with a satisfactory accuracy and
computational efficiency.

The proposed Surv-HDL framework is compared with recent state-of-the-art models, including
EfficientNet-B7, ConvNeXt, ViT, Swin Transformer, and GAT, as shown in Table 8. Surv-HDL achieves the
best performance with 96.2% accuracy, 95.5% precision, 95.8% recall, 95.6% F1-score, 96.0% mAP, and 0.97
AUC. The results show that the proposed approach of combining ViT-based global feature extraction, GNN-
based relational reasoning, and multi-level attention mechanisms yields strong and competitive performance
for high-resolution surveillance image analysis in complex real-world environments.

Table 7. Computational Cost and Performance Comparison of Surv-HDL with Baseline Models

Parameters FLOPs Accuracy Precision Recall F1-Score
Model o) G) (%) (%) (%) ) '
CNN Baseline 256 4.10 88.4 87.9 88.1 88.0 92
ResNet-50 25.6 430 90.7 90.1 90.4 90.2 85
Vision {\r,’i‘;)sf‘"mer 86.4 17.60 93.1 92.6 929 927 62
CNN + Attention 31.8 6.90 94.0 93.4 93.7 93.5 70
Surv-HDL (Proposed) 423 9.80 96.2 955 95.8 95.6 78

Table 8. Performance Comparison of Surv-HDL with Recent State-of-the-Art Baseline Models

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) mAP (%) AUC
EfficientNet-B7 91.8 91.2 91.5 91.3 92.0 0.93
ConvNeXt 92.6 92.1 92.4 92.2 92.8 0.94
ViT 93.1 92.6 92.9 92.7 93.5 0.95

Swin Transformer 94.2 93.8 94.0 93.9 94.5 0.96
GAT 94.8 94.2 94.5 94.3 95.0 0.96
Surv-HDL 96.2 95.5 95.8 95.6 96.0 0.97

Table 9 compares different statistical models with the proposed Surv-HDL framework based on the UA-
DETRAC dataset. It gives accuracy, mean Average Precision and F1 score with mean + standard deviation for
multiple runs. Further, 95% confidence intervals and p-values are provided to evaluate whether the differences
in performance are statistically significant. The results show that the proposed method Surv-HDL is robust and
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reliable, as it consistently outperforms all baseline methods with statistically significant results (p <0.01) across
all the results.

To test the contribution of each architectural unit in Surv-HDL an ablation study is performed for which
individual units of the architecture are disabled, one by one, and the results are summarized in Table 10. The
ViT-only configuration models global representations of context but lacks relational reasoning, with a lower
performance. The GNN-only variant allows to capture structural dependencies while being more limited in its
semantic feature extraction ability. Without attention-based fusion (ViT + GNN without fusion), the strength
of the interaction between spatial and relational features is suboptimal, causing moderate performance
degradation. In the complete Surv-HDL model, where all three components are well designed and combined,
all components are complementary and contribute to the best results.

The reported 78 FPS is the end-to-end processing speed of the Surv-HDL framework, encompassing the
loading of frames (I/O), the preprocessing and patch tokenization, the feature extraction using ViT, the
relational reasoning using GNN, the attention-based fusion and the final classification. It is equivalent to an
average processing time from 12.8 ms per frame (1000/78 ms), which is significantly less than the maximum
delay of 40 ms required for real-time video surveillance systems running at 25 frames per second. The reported
FPS are thus not only inference-only, but performance of the full framework.

Table 9. Statistical Significance Comparison of Surv-HDL with State-of-the-Art Models on UA-DETRAC Dataset

Model Accuracy (%) mAP (%) Fl-score (%) Mean % Std Accuracy (%) 95% CI
EfficientNet-B7 92.4 91.8 91.9 92.4+0.6 [91.7,93.1]
ConvNeXt 93.6 92.9 93.1 93.6+£0.5 [93.0, 94.2]
ViT 94.1 93.5 93.8 94.1+0.5 [93.5,94.7]
Swin Transformer 94.8 94.2 94.5 948+0.4 [94.3,95.3]
GAT 93.9 93.1 93.4 93.9+0.5 [93.3,94.5]
Surv-HDL (Proposed) 96.2 96.0 95.6 96.2+0.3 [95.9, 96.5]

Table 10. Ablation Study on Component-wise Contribution of Surv-HDL

Model Variant Accuracy (%)  Precision (%) Recall (%) F1-Score (%) FPS
ViT Only 91.8 91.2 91.5 91.3 85
GNN Only 89.6 89.0 89.3 89.1 90
ViT + GNN (No Attention Fusion) 93.7 93.0 93.4 93.2 82
Surv-HDL (Full Model) 96.2 95.5 95.8 95.6 78

5. DISCUSSION AND FUTURE WORK

There is only a small difference between recall (95.8%) and precision (95.5%), indicating fairly balanced
performance. A higher recall rate means that fewer items are going to be missed, a lower precision means a
few more false positives. This is desirable in security applications because the lower the false rejection rate,
the less likely it is that important events will be missed, although it means that there will be more false alarms,
something that is okay in a safety sensitive environment.

The proposed Surv-HDL framework performs well but fails to perform well when occlusion, dense
crowds, and motion blur occur since there are some uncertain graph relationships. A sparse graph optimization
leads to a computational overhead from its ViT-GNN integration, which results in a compromise between
accuracy and latency. While high FPS can be achieved in controlled environments, it may be constrained by
GPU, memory and edge-device limitations in real-world deployments.

The experimental results show that Surv-HDL consistently achieves superior performance over the
baseline models for accuracy, precision, recall, F1 score, mAP, AUC and inference speed. Global feature
extraction through Vision Transformers and relational modeling through Graph Neural Networks are the two
main factors behind the improvements. All baseline models are trained under the same experimental conditions
to be fair, with the same dataset splits and the same training conditions. Results are based on averaging several
runs to further validate the reliability of the performance, and statistical significance testing is used to ensure
that the proposed method outperforms the other method.

Despite achieving good performance, there is a slight increase in computational complexity, particularly
in the graph construction and attention fusion modules, suggesting a trade-off between accuracy and
complexity. However, in real deployment, other issues such as edge-device constraints, environmental
fluctuations, and real-time scalability must be taken into account.

The proposed Surv-HDL framework utilizes Vision Transformers, Graph Neural Networks, and attention-
based fusion to enhance the robustness of the system in challenging surveillance scenarios. The global feature
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extraction ability of ViTs allows extracting context information under different illuminations, and the GNNs
models object relations that are informative when objects are partially occluded. The attention-driven fusion
mechanism further improves feature discrimination of complex scenes. While the framework is evaluated with
a single benchmark and achieves 96.2% accuracy on the UA-DETRAC dataset, the evaluation of the
framework is restricted to this dataset. Future studies will aim to validate the model across different surveillance
datasets and real-world conditions, such as low-light, rainy, foggy conditions, different camera views and
extreme occlusions, to further evaluate model generalization and robustness of deployment.

5.1. Limitations and Future Work Section

While Surv-HDL performs well in various surveillance settings, it has some limitations. Extreme
occlusion by hiding a large part of the object, feature extraction and relational reasoning can be more difficult,
and performance can drop. Similarly, poor visual conditions and weather such as heavy rain, fog, or strong
shadows can affect visual quality and classification accuracy. This may also reduce effectiveness when the
scene is very busy and objects overlap extensively, making graph construction more difficult. In addition, the
existing one is based on spatial relationships within the frames and lacks explicit temporal dependencies
between successive frames. In future work, temporal graph modeling, multimodal sensing, and improved low-
light feature extraction are discussed as ways to address these limitations.

5.2. Future Work

In future, MobileViT, Swin-Tiny and model compression methods will be explored to make the
deployment more efficient on the resource-limited edge devices. The following topics will be discussed to
reduce the number of parameters, memory consumption and computational complexity of deploying the
transformer on an edge device with limited resources in the future: 1) Structured pruning, 2) Knowledge
distillation, 3) Efficient architectures of the transformer, including MobileViT and Swin-Tiny. In the future,
Surv-HDL will be extended to handle the multimodal surveillance problem by adding LiDAR depth
information to the GNN module and thermal imaging to the attention-based fusion framework to enhance the
recognition and understanding of objects and scenes in low light, adverse weather and complex environmental
conditions. This is a limited evaluation performed on the UA-DETRAC dataset. Cross-dataset validation will
be conducted on DIVA, DukeMTMC, and CAVIAR datasets to further evaluate the generalization and
robustness of Surv-HDL under various surveillance scenarios in the future. Evaluation may not completely
represent real-world geographic and environmental conditions. Future works will conduct cross-regional
validation and fairness-aware evaluation to ensure robustness and minimize potential bias stemming from the
datasets. Surv-HDL is capable of dealing well with benchmark datasets but it needs to be tested in the field to
prove it's robust for a variety of operational surveillance conditions.

Attention mechanisms give a partial interpretability by attention maps but it does not reveal the causal
factors of model decisions. Advanced methods of explainable Al will be investigated in the future, increasing
the transparency and trustworthiness of Al. Given that Surv-HDL is frame based, future research will focus on
LSTMs and Temporal GNNs to leverage temporal dependency and motion pattern in the video surveillance
sequence. The Surv-HDL code, trained models, and experimental settings will be made publicly available in
the future, thereby facilitating the reproducibility and benchmarking with community models.

6. CONCLUSION

The outcomes confirm the capability of Surv-HDL to become applicable to time-critical applications, like
traffic control, border security and smart city surveillance applications. The UA-DETRAC dataset was used
for experimental evaluation, and the proposed Surv-HDL method was shown to be effective, obtaining 96.2%
accuracy, 0.97 AUC and 78 FPS on 960 x 540 surveillance images. Additional validation on datasets of 4K-
resolution is required to evaluate scalability in UHRs. Experimental results showed that Surv-HDL achieves
state-of-the-art classification accuracy of 96.2%, AUROC score of 0.97 and real-time performance with 78
FPS on 960 x 540 resolution surveillance images. The results are consistent with the framework achieving a
high level of predictive power whilst being computationally efficient for practical surveillance applications.
The results are in line with the framework's performance characteristics, confirming that it offers a high
prediction performance and computational efficiency for practical surveillance applications.

Its 78 FPS result shows that Surv-HDL is capable of efficiently computing at a high frame rate, but the
high number of parameters (42.3M), GFLOPs (9.8) and VRAM usage during inference (3.4 GB) might hinder
deployment on edge devices with limited resources, prompting further research in model compression and
lightweight architectures. Although it has been successful, there are some drawbacks. This may restrict the
generalization of the results to situations that have only few annotations. Although the framework can be used
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for real-time classification, it can be difficult to deploy on edge devices with limited computational resources
because of the complexity of transformer-based architectures. Moreover, the existing assessment is mainly
traffic-oriented, and further validation for other applications, including crowd monitoring, maritime security,
and security for critical infrastructure will be required. Possible future work includes applying self-supervised
and semi-supervised learning techniques to reduce the amount of labelled data required, lightweight
transformer architectures and model compression techniques for deployment on edge devices, and testing
multi-modal surveillance data (e.g., video, LIDAR, thermal). Moreover, uncertainty-aware decision-making
and reinforcement learning adaptation can be used to improve the robustness and reliability of the system in
realistic dynamic environments. While UA-DETRAC offers around 1.2 million annotations, the number of
labelled data required for deployment in new surveillance settings might still be sufficient. Rare events, night
scenes, unfavorable weather conditions or domain specific applications may need limited annotations that can
prevent the model from generalizing to unobserved scenarios.
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The following abbreviations are used in this manuscript.

Al : Artificial Intelligence
AUC : Area Under the Curve
CNN : Convolutional Neural Network

DL : Deep Learning
FPS : Frames Per Second
GNN : Graph Neural Network
GPU : Graphics Processing Unit

IoU : Intersection over Union
k-NN : k-Nearest Neighbors

LiDAR : Light Detection and Ranging
mAP : Mean Average Precision
MLP : Multilayer Perceptron
PCA : Principal Component Analysis
ReLU : Rectified Linear Unit
RNN : Recurrent Neural Network
ROC : Receiver Operating Characteristic

Surv-HDL  :  Surveillance Hybrid Deep Learning Framework
UAV : Unmanned Aerial Vehicle

ViT : Vision Transformer

YOLO : You Only Look Once

APPENDIX

Algorithm 1, shows the conversion of preprocessed image patches into token embeddings and uses multi-head
self-attention to capture global spatial dependencies. It generates an extensive feature representation that
maintains both local intricacies and long-range associations, serving as the foundation for contextual reasoning
in high-resolution surveillance images.
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Algorithm 1. Global Feature Extraction with ViT (L layers)
Input: Z© € R™¢, parameters {W o, W, Wy, W, FFN}l = 1,2..L, heads h
Output: Fy;; = ZW € R™*¢
1:Z « z©
2:forl = 1,2..Ldo
Q-Z WY Kz WP vez wd
for head = 1,2...hdo

Apoad < SOfl’max(Qh”d Klzud)
NET
end for
0 < Concat({Oneaddneas = 1.2...h) - W
: Z < LayerNorm(Z+0)

10: Z « LayerNorm(Z+FFNElZ))
11: end for
12: return Fy;r < Z

3
4
5
6: Ohead < Anecad * Vheaa
7:
8
9

Algorithm 2, represents an activity that builds a sparse relational graph of identified entities and shares
information through the message passing and attention-based neighborhood aggregation. It represents the
complex inter-object relationships by placing each node in context using spatial and semantic neighbors and

the system is able to make sense of the occlusions, traffic patterns and group behaviours of the surveillance
environment.

Algorithm 2. Relational Modeling with GNNs

Input: Fy;r € RV*®, Foun € RV*49, heads for node- or scene-level tasks
Output: Node labels {§;} or scene label §

1: For node-level:

2: fori = 1.Ndo

3: fi « concat([Fyir, Fenn,])

4: $; « Softmax(W.f; + b.)
5
6

end for

: For scene-level (optional attention readout):

exp( qT tanh(WpFGNNi))
Zj exp( qT tanh(WpFGNNi))
8: g < XiBi Fenn,
9:  Guir « Pool(Fyir) D> e.g., mean or [CLS]
10:  f « MLP( concat([g, gyie]))

11: 9§« Softmax(W,f + b,)
12: return predictions

7:

Algorithm 3, combines global ViT embeddings with GNN-augmented relational characteristics to enable dual-
level predictions. Lightweight MLP heads produce node-level classifications and scene-level interpretations,
while a multi-task loss concurrently optimizes both. The process ensures accurate and immediate object
recognition and detection in high-resolution surveillance environments.

Algorithm 3. Fusion & Classification
Input: V,v,, HY, H,g

Olltpllt: Ynode' Yscene

1:fori = 1to N do

20 fi=d(WLN(R) Il LN(W))] + by)

3: yrode = softmax(W,f; + b,)

4: end for

5. s=@(W[LN(g) | LN(vg5)] + bs)
6: yi“"® =softmax(W.s +b,.)

7 Lyoge = CrossEntropy(Y,ode GTrode)
8.

9:

Lscene - CTOSSEntropy(YscenerGTscene)

L= Anode node + Ascene scene + A{’ZHOHZ
10: Update 0 using AdamW: 0 < 0 —nV,L
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