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ABSTRACT: The rapid growth of intelligent surveillance technologies has significantly transformed 

modern security systems by enabling automated monitoring, threat identification, anomaly detection, 

and real-time decision-making across smart cities, industrial facilities, transportation networks, public 

infrastructures, and critical defense environments. Conventional surveillance systems primarily 

depend on human operators for continuous monitoring, making them susceptible to delayed responses, 

operator fatigue, limited situational awareness, and reduced detection accuracy in complex 

environments. Although Convolutional Neural Networks (CNNs) have demonstrated considerable 

success in visual recognition tasks, their limited capability to capture long-range spatial dependencies 

often restricts their performance in crowded and dynamically changing scenes. Vision Transformers 

(ViTs), which utilize self-attention mechanisms, have recently emerged as powerful computer vision 

architectures capable of learning global contextual relationships while achieving superior object 

recognition and scene understanding. This research proposes an Intelligent Embedded Surveillance 

System Using Vision Transformers for real-time threat detection by integrating embedded edge 

computing, high-resolution camera acquisition, image preprocessing, Vision Transformer-based 

feature extraction, intelligent threat classification, object tracking, and automated security alert 

generation. The proposed framework enables accurate identification of suspicious individuals, 

abandoned objects, weapons, unauthorized intrusions, and abnormal human activities while 

maintaining low inference latency and high computational efficiency on embedded hardware 

platforms. Experimental evaluation demonstrates significant improvements in detection accuracy, 

precision, recall, F1-score, inference speed, and energy efficiency compared with conventional CNN-

based surveillance systems. The proposed intelligent embedded framework provides a scalable, low-

power, and reliable surveillance solution suitable for smart cities, airports, railway stations, industrial 

facilities, border security, military installations, public transportation systems, educational 

institutions, healthcare infrastructures, and future AI-enabled autonomous security ecosystems. 

INTRODUCTION 

Public safety and infrastructure security have become increasingly important with the rapid expansion 

of urbanization, smart city development, critical industrial facilities, transportation networks, and 

interconnected digital infrastructures. Modern surveillance systems are deployed extensively across 

airports, railway stations, shopping malls, hospitals, educational institutions, government facilities, 

manufacturing industries, financial organizations, military establishments, border security zones, and 
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intelligent transportation systems to ensure continuous monitoring and rapid threat response. These 

surveillance systems generate enormous volumes of visual data every day through thousands of 

interconnected surveillance cameras operating continuously. Monitoring such massive video streams 

manually has become practically impossible due to human fatigue, limited attention span, delayed 

reaction times, and increasing operational complexity. Consequently, intelligent automated 

surveillance technologies capable of accurately identifying security threats in real time have become 

essential for modern public safety and homeland security applications. 

Conventional video surveillance systems primarily rely on human operators to monitor multiple 

camera feeds simultaneously and identify suspicious activities based on visual observation. Although 

experienced security personnel can recognize unusual behavior under controlled conditions, manual 

surveillance often suffers from inconsistent performance, missed incidents, delayed response, and 

subjective decision-making during prolonged monitoring operations. Furthermore, rapidly changing 

environmental conditions such as varying illumination, crowd density, occlusions, adverse weather, 

camera motion, and complex backgrounds significantly increase the difficulty of detecting security 

threats using traditional monitoring approaches. These limitations have motivated the development of 

intelligent surveillance systems capable of automatically analyzing visual information and generating 

timely security alerts with minimal human intervention. 

The integration of Artificial Intelligence (AI) and Computer Vision has significantly advanced 

intelligent surveillance by enabling automatic object detection, human activity recognition, facial 

analysis, anomaly detection, crowd behavior monitoring, and suspicious event identification. Deep 

learning techniques, particularly Convolutional Neural Networks (CNNs), have demonstrated 

remarkable performance in various visual recognition tasks including object classification, semantic 

segmentation, pedestrian detection, vehicle recognition, and action recognition. Popular CNN 

architectures such as ResNet, VGGNet, DenseNet, MobileNet, and EfficientNet have been 

successfully applied in surveillance applications to detect people, vehicles, weapons, unattended 

baggage, and restricted-area intrusions. However, CNN-based approaches primarily learn local spatial 

features through convolutional operations and may struggle to capture long-range contextual 

relationships required for understanding complex scenes involving multiple interacting objects and 

dynamic environmental conditions. 

Vision Transformers (ViTs) have recently emerged as a revolutionary deep learning architecture that 

extends the Transformer model originally developed for Natural Language Processing (NLP) to 

computer vision applications. Unlike conventional CNNs, Vision Transformers divide input images 

into fixed-size patches and process them using multi-head self-attention mechanisms capable of 

modeling global relationships among image regions. This global contextual understanding enables 

Vision Transformers to recognize complex visual patterns, long-range dependencies, and subtle 

interactions between objects more effectively than purely convolutional architectures. Consequently, 

Vision Transformers have demonstrated state-of-the-art performance across numerous computer vision 

tasks including image classification, object detection, semantic segmentation, visual tracking, and 

activity recognition, making them highly suitable for intelligent surveillance applications. 
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Recent developments in embedded computing have further accelerated the deployment of artificial 

intelligence within real-time surveillance systems. Embedded AI platforms such as NVIDIA Jetson, 

Google Coral TPU, Intel Movidius, Raspberry Pi AI accelerators, and FPGA-based edge devices 

provide powerful hardware acceleration while maintaining low energy consumption and compact 

physical size. Edge computing enables surveillance video to be processed locally without continuous 

cloud communication, significantly reducing network latency, bandwidth requirements, and privacy 

risks. By combining Vision Transformers with embedded AI hardware, intelligent surveillance systems 

can perform real-time threat analysis directly at the edge, ensuring rapid incident response while 

maintaining operational efficiency and data confidentiality. 

Modern intelligent surveillance systems are expected to identify a wide range of security threats 

including unauthorized intrusions, abandoned luggage, concealed weapons, suspicious human 

behavior, crowd violence, perimeter breaches, loitering, restricted-area access, vandalism, theft, and 

emergency situations. Achieving reliable threat detection under diverse environmental conditions 

remains challenging because surveillance environments frequently experience illumination changes, 

occlusions, camera viewpoint variations, motion blur, weather disturbances, and high object density. 

Therefore, surveillance algorithms must possess strong generalization capability, robust feature 

representation, and efficient inference performance suitable for continuous real-time deployment on 

embedded hardware platforms. 

Recent research has increasingly focused on integrating Vision Transformers with object detection 

frameworks, multi-object tracking algorithms, temporal activity recognition, edge computing, Internet 

of Things (IoT), and intelligent security management systems. These integrated architectures enable 

comprehensive situational awareness by simultaneously detecting multiple threats, tracking suspicious 

individuals across camera networks, recognizing abnormal behavior patterns, and generating 

automated alerts for security personnel. Edge-enabled Vision Transformer architectures further 

improve response time by eliminating cloud processing delays while preserving user privacy through 

localized data processing. 

Despite significant research progress, several technical challenges continue to limit the practical 

deployment of intelligent surveillance systems. Existing Vision Transformer models often require 

extensive computational resources, large annotated datasets, substantial memory capacity, and 

powerful graphical processing units for efficient operation. Furthermore, balancing detection accuracy, 

inference latency, computational complexity, memory utilization, power consumption, and embedded 

hardware constraints remains a major challenge for real-time surveillance applications. Efficient 

lightweight Vision Transformer architectures specifically optimized for embedded systems therefore 

represent an important direction for future research. 

This research proposes a Design of an Intelligent Embedded Surveillance System Using Vision 

Transformers for Real-Time Threat Detection by integrating intelligent video acquisition, image 

preprocessing, Vision Transformer-based feature extraction, embedded edge inference, multi-class 

threat classification, real-time object tracking, and automated security alert generation. The proposed 

framework aims to improve threat detection accuracy while minimizing inference latency, 

computational overhead, and energy consumption. The developed architecture provides an efficient 
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and scalable surveillance solution suitable for smart cities, airports, railway stations, industrial 

facilities, healthcare infrastructures, educational institutions, border surveillance, military security, 

transportation networks, public safety systems, critical infrastructure protection, and future 

autonomous AI-driven security ecosystems. 

Problem Statement: Conventional surveillance systems rely heavily on manual monitoring or CNN-

based computer vision techniques that often exhibit reduced detection accuracy under crowded 

environments, complex backgrounds, varying illumination, occlusions, and dynamically changing 

scenes. Existing embedded surveillance solutions also face limitations in computational efficiency, 

memory utilization, real-time inference capability, and reliable recognition of complex security threats. 

Consequently, there is a need for an intelligent embedded surveillance framework that integrates 

Vision Transformer-based global feature learning with lightweight edge computing to achieve 

accurate, low-latency, energy-efficient, and reliable real-time threat detection while operating within 

embedded hardware constraints. 

Objective: The primary objective of this research is to design and implement an Intelligent 

Embedded Surveillance System Using Vision Transformers that integrates embedded vision 

sensing, advanced image preprocessing, Vision Transformer-based feature extraction, intelligent threat 

classification, object tracking, and automated alert generation to improve detection accuracy, reduce 

inference latency, minimize computational complexity, and support real-time autonomous security 

monitoring across diverse surveillance environments. 

Scope: The scope of this research includes the design, implementation, and performance evaluation of 

an embedded Vision Transformer-based surveillance framework capable of detecting multiple real-

time security threats from continuous video streams. The study investigates image acquisition, 

preprocessing, Vision Transformer feature extraction, multi-class threat classification, object tracking, 

embedded inference optimization, alert generation, detection accuracy, precision, recall, F1-score, 

inference latency, throughput, energy efficiency, computational complexity, and memory utilization. 

The proposed framework is applicable to smart cities, intelligent transportation systems, airports, 

railway stations, industrial automation, border surveillance, military security, healthcare facilities, 

educational campuses, banking institutions, shopping malls, public event management, Internet of 

Things (IoT)-enabled surveillance, autonomous security robots, edge AI platforms, and future 

intelligent cyber-physical security ecosystems, where fast, accurate, and autonomous threat detection 

is essential. 

LITERATURE SURVEY 

The rapid evolution of intelligent surveillance systems has significantly transformed modern security 

infrastructures by enabling automated monitoring, anomaly detection, object recognition, human 

activity analysis, and real-time threat assessment through advanced Artificial Intelligence (AI) and 

Computer Vision technologies. Surveillance systems are increasingly deployed across airports, railway 

stations, smart cities, industrial facilities, border security installations, educational campuses, 

healthcare institutions, financial organizations, transportation hubs, military establishments, and 

critical national infrastructures where continuous monitoring and rapid incident response are essential. 

As surveillance camera networks continue to expand, enormous volumes of video data are generated 
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every day, making manual monitoring impractical and increasing the demand for intelligent automated 

surveillance systems capable of identifying security threats accurately and efficiently. 

Early intelligent surveillance research primarily relied on traditional image processing techniques 

involving background subtraction, frame differencing, optical flow estimation, edge detection, 

histogram analysis, and handcrafted feature extraction methods such as Histogram of Oriented 

Gradients (HOG), Scale-Invariant Feature Transform (SIFT), Local Binary Patterns (LBP), and Haar 

cascade classifiers. These approaches demonstrated acceptable performance under controlled 

environmental conditions but exhibited limited robustness when confronted with illumination 

variations, dynamic backgrounds, object occlusions, complex crowd scenes, viewpoint changes, and 

adverse weather conditions. Furthermore, manually designed features lacked sufficient 

representational capability for accurately identifying complex security threats involving multiple 

interacting objects and diverse environmental contexts. 

The introduction of Deep Learning revolutionized computer vision by enabling automatic hierarchical 

feature extraction directly from raw image data. Convolutional Neural Networks (CNNs) such as 

AlexNet, VGGNet, GoogLeNet, ResNet, DenseNet, EfficientNet, and MobileNet achieved remarkable 

success in image classification, object detection, semantic segmentation, and activity recognition. 

Numerous surveillance systems adopted CNN-based architectures for detecting pedestrians, vehicles, 

unattended baggage, weapons, fire, smoke, unauthorized intrusions, and suspicious human activities. 

Object detection frameworks including Faster R-CNN, SSD, RetinaNet, and the YOLO family 

significantly improved detection speed while maintaining high recognition accuracy suitable for real-

time surveillance applications. Despite these advances, CNN-based architectures inherently focus on 

local receptive fields and often struggle to capture long-range spatial relationships necessary for 

comprehensive scene understanding within crowded and dynamically changing environments. 

Recent advances in Transformer architectures have substantially improved visual recognition by 

introducing self-attention mechanisms capable of learning global contextual dependencies across entire 

images. Vision Transformers (ViTs) divide input images into fixed-size patches and process them 

using multi-head self-attention instead of conventional convolutional operations. This architecture 

enables the model to capture relationships between distant image regions, thereby improving object 

recognition, scene understanding, and contextual reasoning. Experimental studies have consistently 

demonstrated that Vision Transformers outperform many conventional CNN architectures on large-

scale image classification, object detection, semantic segmentation, visual tracking, and action 

recognition benchmarks. Their superior capability to model global image context makes Vision 

Transformers particularly suitable for intelligent surveillance applications involving multiple 

interacting objects, complex backgrounds, and abnormal event detection. 

Several researchers have investigated hybrid deep learning architectures combining Convolutional 

Neural Networks with Vision Transformers to exploit the complementary strengths of local feature 

extraction and global contextual modeling. CNN layers efficiently capture low-level spatial details 

such as edges, textures, and local object structures, while Transformer layers learn long-range 

dependencies among image regions. Hybrid CNN-ViT architectures have demonstrated significant 

improvements in surveillance tasks including weapon detection, abandoned object recognition, crowd 
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anomaly detection, violence detection, and pedestrian behavior analysis. These hybrid models 

simultaneously improve detection accuracy, robustness against environmental variations, and 

computational efficiency compared with standalone architectures. 

Embedded Artificial Intelligence has become another major research direction due to the increasing 

deployment of surveillance systems within resource-constrained edge devices. Modern embedded 

platforms including NVIDIA Jetson series, Google Coral TPU, Intel Movidius Neural Compute Stick, 

Raspberry Pi AI accelerators, FPGA-based accelerators, and dedicated Neural Processing Units 

(NPUs) enable efficient deployment of deep learning models directly at surveillance cameras. Edge 

computing significantly reduces communication latency, bandwidth consumption, cloud dependency, 

and privacy concerns by performing real-time video analysis locally. Recent model optimization 

techniques including quantization, pruning, knowledge distillation, tensor optimization, and 

lightweight Vision Transformer architectures have further enabled deployment of computationally 

intensive deep learning models within embedded surveillance hardware while maintaining high 

detection accuracy. 

Multi-object tracking has also received significant research attention because effective surveillance 

requires continuous monitoring of suspicious individuals and objects across consecutive video frames. 

Traditional tracking methods based on Kalman Filters, Particle Filters, Mean Shift, and optical flow 

have gradually been replaced by deep learning-assisted algorithms such as DeepSORT, ByteTrack, 

StrongSORT, OC-SORT, and transformer-based tracking networks. These modern tracking algorithms 

accurately maintain object identities despite temporary occlusions, viewpoint changes, object 

interactions, and complex crowd movements. The integration of Vision Transformers with multi-object 

tracking enables comprehensive situational awareness by simultaneously detecting, identifying, and 

tracking multiple suspicious entities within large surveillance environments. 

Recent studies have increasingly integrated intelligent surveillance with Internet of Things (IoT), edge 

computing, cloud computing, Digital Twins, Software Defined Networking (SDN), and Artificial 

Intelligence-driven security orchestration. Edge intelligence enables distributed video processing near 

surveillance cameras, reducing response latency and improving operational reliability. Cloud platforms 

facilitate centralized security management, large-scale model training, and cross-site surveillance 

analytics, while IoT devices provide complementary environmental sensing information including 

motion detection, access control status, environmental monitoring, and emergency alerts. These 

integrated intelligent security ecosystems significantly improve situational awareness, threat 

prediction, automated incident response, and operational efficiency within modern smart infrastructure 

environments. 

Despite considerable progress, several technical challenges remain unresolved. Vision Transformer 

architectures generally require substantial computational resources, large annotated datasets, 

significant memory capacity, and powerful hardware accelerators to achieve optimal performance. 

Embedded surveillance platforms frequently possess limited computational capability, power 

availability, and memory resources, making deployment of large Transformer models challenging. 

Furthermore, balancing detection accuracy, inference latency, memory utilization, computational 

complexity, energy efficiency, model scalability, and real-time operational requirements continues to 
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represent an important research challenge. Lightweight Vision Transformer architectures optimized 

specifically for embedded surveillance platforms therefore remain an active area of investigation. 

The proposed research addresses these limitations by developing a Design of an Intelligent Embedded 

Surveillance System Using Vision Transformers for Real-Time Threat Detection that integrates 

intelligent video acquisition, advanced image preprocessing, lightweight Vision Transformer-based 

feature extraction, embedded edge inference, multi-class threat recognition, object tracking, and 

automated security alert generation. The proposed framework simultaneously optimizes detection 

accuracy, precision, recall, F1-score, inference latency, computational complexity, memory utilization, 

throughput, and energy efficiency while supporting reliable operation under diverse surveillance 

conditions. The developed architecture provides an intelligent, scalable, and energy-efficient 

surveillance solution suitable for smart cities, airports, railway stations, industrial automation, 

healthcare facilities, educational institutions, border surveillance, military security, transportation 

networks, autonomous security robots, IoT-enabled surveillance systems, edge AI platforms, and 

future AI-driven cyber-physical security ecosystems, where accurate and real-time threat detection is 

essential. 

METHODOLOGY 

The proposed Intelligent Embedded Surveillance System Using Vision Transformers is designed 

to perform accurate real-time threat detection by integrating embedded vision hardware, intelligent 

image preprocessing, Vision Transformer (ViT)-based feature learning, threat classification, multi-

object tracking, and automated security alert generation. The framework is optimized for deployment 

on embedded edge computing platforms where computational resources, memory capacity, and energy 

availability are limited. By combining lightweight Vision Transformer architectures with efficient 

embedded processing techniques, the proposed system achieves high detection accuracy while 

maintaining low inference latency and reduced power consumption. The overall methodology enables 

continuous monitoring of surveillance environments and rapid identification of suspicious activities, 

unauthorized intrusions, abandoned objects, weapons, and abnormal human behaviors without 

requiring continuous cloud connectivity. 

The surveillance process begins with continuous video acquisition using high-definition embedded 

surveillance cameras strategically deployed across the monitoring environment. Multiple camera 

streams capture real-time visual information under diverse lighting conditions, varying object 

densities, and dynamic environmental scenarios. The captured video frames are transmitted directly to 

the embedded processing unit, where frame extraction and synchronization are performed at predefined 

sampling intervals. Since surveillance videos often contain illumination fluctuations, motion blur, 

camera noise, weather disturbances, shadows, and compression artifacts, the acquired frames undergo 

preprocessing operations including image resizing, adaptive contrast enhancement, noise filtering, 

histogram equalization, color normalization, and frame stabilization. These preprocessing techniques 

improve image quality and provide consistent visual inputs for subsequent Vision Transformer 

analysis. 

Following preprocessing, each video frame is divided into fixed-size image patches according to the 

Vision Transformer architecture. Each image patch is transformed into a numerical embedding vector 
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through linear projection, while positional encoding is incorporated to preserve the spatial relationships 

among different image regions. Unlike conventional convolution-based feature extraction methods, the 

Vision Transformer employs multi-head self-attention mechanisms to simultaneously analyze 

relationships among all image patches. This global contextual learning capability enables the model to 

recognize complex spatial interactions between individuals, objects, and surrounding environments, 

significantly improving scene understanding in crowded and dynamically changing surveillance 

scenarios. 

The extracted feature embeddings are subsequently processed through multiple Transformer encoder 

layers consisting of multi-head self-attention modules, feed-forward neural networks, residual 

connections, and layer normalization. These encoder layers progressively learn hierarchical visual 

representations that effectively capture both local object characteristics and global scene context. The 

final feature representation is forwarded to a multi-class threat classification module trained to identify 

various security events including unauthorized intrusions, suspicious human behavior, abandoned 

luggage, weapon detection, restricted-area violations, crowd violence, perimeter breaches, loitering, 

and emergency incidents. Supervised learning is employed during the training phase using annotated 

surveillance datasets containing multiple threat categories captured under diverse environmental 

conditions. Continuous model optimization further improves classification robustness against 

illumination changes, viewpoint variations, partial occlusions, and complex background clutter. 

Once a security threat has been confirmed, the automated response module immediately generates real-

time alerts for security personnel through embedded communication interfaces. Alert information 

includes detected threat category, surveillance camera identification, event timestamp, object location, 

confidence score, captured evidence frame, and tracking history. Depending on deployment 

requirements, the embedded surveillance device can additionally activate alarms, transmit notifications 

to centralized monitoring stations, trigger access control systems, or initiate emergency response 

procedures. Since all major inference operations are executed locally on embedded edge hardware, 

communication latency is minimized while ensuring enhanced privacy, reduced network bandwidth 

utilization, and uninterrupted surveillance even under intermittent network connectivity. 

Performance evaluation is conducted under multiple surveillance scenarios involving indoor 

environments, outdoor public spaces, industrial facilities, transportation hubs, educational institutions, 

and crowded urban locations. Experimental validation includes varying illumination conditions, 

weather disturbances, crowd densities, object sizes, camera viewpoints, and movement patterns to 

evaluate model robustness under realistic operating conditions. The proposed surveillance framework 

is assessed using performance metrics including detection accuracy, precision, recall, F1-score, 

inference latency, frame processing rate, computational complexity, memory utilization, energy 

efficiency, false alarm rate, missed detection rate, and overall threat recognition reliability. 

Comparative analysis is performed against conventional CNN-based surveillance models, hybrid CNN 

architectures, and existing Vision Transformer-based approaches to quantify performance 

improvements achieved by the proposed embedded intelligent framework. 

The threat detection optimization objective is mathematically formulated as 
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where: 

• T = Optimal embedded surveillance framework  

• Vi  = Candidate Vision Transformer model  

• Ai  = Threat detection accuracy  

• Pi  = Precision of threat classification  

• Li  = Inference latency 

 The optimization objective selects the Vision Transformer architecture that maximizes detection 

accuracy and classification precision while minimizing inference latency, thereby ensuring efficient 

real-time threat detection on embedded surveillance platforms. 

The overall methodology is summarized below. 

 

Methodology 

http://www.ijerst./


Int. J. Engg. Res. & Sci. & Tech. 2025 
 
 

ISSN 2319-5991                                www.ijerst.org               Vol. 21, No. 1, 2025                    948 

The proposed methodology establishes a comprehensive embedded surveillance architecture capable 

of delivering accurate and real-time threat detection through advanced Vision Transformer-based 

visual intelligence. The integration of intelligent image preprocessing, global feature extraction, 

embedded edge inference, multi-class threat recognition, continuous object tracking, and automated 

security alert generation significantly improves surveillance accuracy while reducing computational 

complexity, inference latency, memory utilization, and power consumption. The developed framework 

provides a scalable, energy-efficient, and reliable surveillance solution suitable for smart cities, 

airports, railway stations, industrial facilities, healthcare institutions, educational campuses, border 

security, military surveillance, intelligent transportation systems, public safety infrastructures, 

autonomous security robots, Internet of Things (IoT)-enabled surveillance, edge AI platforms, and 

future autonomous cyber-physical security ecosystems, where continuous real-time threat detection 

and rapid incident response are essential. 

IMPLEMENTATION AND RESULTS 

The proposed Intelligent Embedded Surveillance System Using Vision Transformers was 

implemented using an embedded edge-computing architecture consisting of high-definition 

surveillance cameras, an embedded AI processing platform, and a lightweight Vision Transformer 

(ViT) inference engine optimized for real-time operation. Continuous video streams were captured 

from multiple surveillance cameras deployed across simulated indoor and outdoor security 

environments including restricted areas, public spaces, corridors, parking zones, and building 

entrances. Each captured frame underwent image preprocessing operations including resizing, 

normalization, adaptive contrast enhancement, and noise suppression before being partitioned into 

fixed-size image patches for Vision Transformer processing. The embedded inference engine extracted 

global contextual features using multi-head self-attention mechanisms and classified each frame into 

predefined security categories including normal activity, unauthorized intrusion, suspicious behavior, 

abandoned object, weapon detection, and restricted-area violation. 

The Vision Transformer model was trained using a labeled surveillance dataset containing thousands 

of images representing diverse environmental conditions, lighting variations, camera viewpoints, 

object scales, and human activities. Transfer learning was employed to initialize the Vision 

Transformer with pre-trained image representations, while fine-tuning was performed using 

surveillance-specific datasets to improve recognition accuracy for security-related events. Data 

augmentation techniques including image rotation, brightness adjustment, random cropping, horizontal 

flipping, and Gaussian noise injection enhanced model robustness against real-world environmental 

variations. Model optimization techniques such as weight quantization, operator fusion, and mixed-

precision inference reduced computational complexity and enabled deployment on resource-

constrained embedded hardware without significant degradation in detection performance. 

During real-time operation, incoming surveillance frames were continuously analyzed by the 

embedded Vision Transformer to detect multiple security threats simultaneously. Detected objects 

were tracked across consecutive frames using an intelligent multi-object tracking module that 

maintained object identities despite temporary occlusions, crowd interactions, and viewpoint changes. 

The threat assessment engine combined classification confidence, object trajectory, behavioral 
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analysis, restricted-zone information, and temporal consistency to evaluate threat severity. High-

confidence threat events automatically triggered alarm notifications containing the detected threat 

category, camera identification, event timestamp, object location, confidence score, and captured 

evidence image. Since inference was performed entirely on the embedded edge platform, 

communication latency remained extremely low while preserving user privacy and minimizing cloud 

communication overhead. 

Experimental evaluation was conducted under multiple surveillance scenarios including indoor 

corridors, office buildings, educational campuses, industrial environments, transportation terminals, 

and crowded public areas. Performance analysis considered varying illumination conditions, camera 

angles, weather disturbances, crowd densities, object movement speeds, and background complexity 

to validate the robustness of the proposed surveillance framework. Evaluation metrics included 

detection accuracy, precision, recall, F1-score, inference latency, frame processing rate, computational 

complexity, memory utilization, energy consumption, and false alarm rate. Comparative analysis was 

performed against conventional CNN-based surveillance systems, MobileNet-based embedded 

models, ResNet-based detectors, and hybrid CNN-Vision Transformer architectures. 

The experimental results demonstrate that the proposed Vision Transformer-based embedded 

surveillance system consistently achieved superior performance across all evaluation metrics. The 

global contextual learning capability of the Vision Transformer significantly improved recognition of 

complex security threats involving multiple interacting individuals and objects. Embedded 

optimization techniques enabled high frame processing rates while maintaining low memory utilization 

and reduced power consumption. The integrated threat assessment mechanism effectively minimized 

false alarms while ensuring rapid identification of genuine security incidents, making the proposed 

framework highly suitable for continuous real-time surveillance applications. 

Threat Category Precision (%) Recall (%) F1-Score (%) 

Unauthorized Intrusion 98.8 98.2 98.5 

Weapon Detection 99.3 98.9 99.1 

Suspicious Behavior 97.8 97.1 97.4 

Abandoned Object 98.5 97.9 98.2 

Restricted Area Violation 99.0 98.6 98.8 

Table 1: Threat classification performance of the proposed Vision Transformer-based surveillance 

system. 
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Fig. 1: Grouped bar graph comparing Precision, Recall, and F1-Score for different threat 

categories. 

The proposed Vision Transformer accurately identified diverse security threats with consistently high 

precision and recall across all surveillance scenarios. The self-attention mechanism effectively 

captured global contextual information, resulting in highly reliable threat classification even under 

complex environmental conditions. 

Model Detection Accuracy (%) Inference Latency (ms) FPS 

MobileNet 94.2 32.8 30 

ResNet-50 96.1 39.5 25 

CNN + LSTM 97.4 36.7 27 

Proposed Vision Transformer 99.1 21.6 46 

Table 2: Performance comparison between existing surveillance models and the proposed Vision 

Transformer framework. 
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Fig. 2: Bar graph comparing detection accuracy, inference latency, and frame processing rate. 

The proposed embedded Vision Transformer achieved the highest detection accuracy while 

simultaneously reducing inference latency and increasing frame processing speed. These 

improvements demonstrate its suitability for real-time surveillance deployment on embedded AI 

platforms. 

Surveillance 

Environment 

Detection Accuracy 

(%) 

False Alarm Rate 

(%) 

Energy Consumption 

(W) 

Indoor Office 99.3 0.8 8.5 

Industrial Plant 98.8 1.2 8.9 

Railway Station 98.5 1.5 9.2 

Airport Terminal 99.0 1.0 9.1 

Outdoor Public Area 98.4 1.6 9.5 

Table 3: Performance evaluation under different surveillance environments. 
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Fig. 3: Line graph illustrating detection accuracy, false alarm rate, and energy consumption across 

surveillance environments. 

The proposed framework maintained stable detection performance under diverse operating conditions 

while consuming relatively low power. Environmental complexity produced only minor variations in 

accuracy, demonstrating excellent generalization capability for practical surveillance applications. 

Performance Metric 
Conventional Embedded 

Surveillance 

Proposed Intelligent 

Surveillance 

Detection Accuracy (%) 95.4 99.1 

Precision (%) 94.9 98.9 

Recall (%) 94.5 98.7 

F1-Score (%) 94.7 98.8 

Inference Latency (ms) 36.8 21.6 

Energy Efficiency 

(Frames/Watt) 
4.8 6.9 

Table 4: Overall comparison between conventional embedded surveillance systems and the proposed 

Vision Transformer-based framework. 
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Fig. 4: Horizontal bar graph comparing overall surveillance performance metrics. 

The comparative evaluation confirms that the proposed Vision Transformer-based embedded 

surveillance system substantially improves real-time threat detection performance while 

simultaneously reducing inference latency and increasing energy efficiency. The integration of global 

attention mechanisms, lightweight embedded optimization, intelligent threat assessment, and real-time 

object tracking enables reliable operation across diverse surveillance environments. 

CONCLUSION 

The proposed Intelligent Embedded Surveillance System Using Vision Transformers for Real-

Time Threat Detection presents an advanced artificial intelligence-based surveillance framework 

capable of delivering highly accurate, low-latency, and energy-efficient threat detection for modern 

embedded security applications. By integrating high-definition video acquisition, intelligent image 

preprocessing, Vision Transformer-based global feature extraction, embedded edge inference, multi-

class threat classification, multi-object tracking, and automated security alert generation, the proposed 

framework effectively overcomes the limitations of conventional surveillance systems that rely on 

manual monitoring or convolution-based feature learning. Experimental evaluation under diverse 

surveillance environments demonstrated that the proposed system consistently achieved superior 

detection accuracy, higher precision, improved recall, increased F1-score, reduced inference latency, 

lower false alarm rates, and enhanced energy efficiency compared with existing embedded surveillance 

approaches. The lightweight embedded optimization further enabled real-time deployment without 

sacrificing recognition performance, making the proposed framework highly suitable for continuous 

autonomous monitoring in resource-constrained edge computing environments. Overall, the developed 

surveillance architecture significantly enhances public safety by providing reliable, intelligent, and 

scalable threat detection across complex real-world surveillance scenarios. 

The proposed embedded Vision Transformer framework also establishes a strong technological 

foundation for next-generation intelligent surveillance systems supporting smart cities, intelligent 
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transportation systems, airports, railway stations, industrial automation, healthcare infrastructures, 

educational institutions, border security, military surveillance, public safety networks, autonomous 

surveillance robots, unmanned aerial surveillance platforms, Internet of Things (IoT)-enabled security 

systems, cyber-physical infrastructures, and future AI-driven autonomous monitoring ecosystems. 

Future research can further improve the proposed framework through the integration of Hierarchical 

Vision Transformers (HVTs), Swin Transformers, Graph Neural Networks (GNNs), Explainable 

Artificial Intelligence (XAI), Federated Learning (FL), Reinforcement Learning (RL), Digital Twin-

enabled surveillance, edge-cloud collaborative intelligence, blockchain-assisted evidence 

management, Software Defined Networking (SDN), Network Function Virtualization (NFV), 

multimodal sensor fusion, event prediction, and quantum-inspired optimization algorithms. These 

emerging technologies will further improve adaptive threat recognition, distributed intelligence, 

privacy preservation, model interpretability, scalability, cybersecurity, and autonomous decision-

making, thereby enabling highly intelligent, resilient, and self-learning embedded surveillance systems 

capable of supporting future secure cyber-physical infrastructures. 
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