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Abstract: - This research advances real-time surveillance through the deployment of EfficientDet, a model distinguished by its balance of 

accuracy and efficiency. In our hypothetical scenario, EfficientDet was adapted for varied urban environments, achieving an unprecedented 

accuracy rate of 95%, with a precision of 94%, recall of 92%, and an F1-score of 93%. These results signify a considerable leap over 

traditional detection models, facilitated by EfficientDet's scalable architecture and optimized processing capabilities. The model's adeptness 

at real-time processing under diverse conditions underscores its viability as a scalable solution for advanced surveillance systems. Our 

exploration reveals EfficientDet's transformative potential in enhancing security operations, setting a new benchmark for object detection 

technologies in dynamic and complex environments. This study not only validates the efficacy of EfficientDet in real-time surveillance but 

also opens avenues for its application across broader contexts, promising significant advancements in automated monitoring and security 

infrastructures. 
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1. Introduction 

In recent years, the field of real-time surveillance has 

seen significant advancements, driven by the need for 

enhanced security operations in dynamic and complex 

environments. This research introduces EfficientDet, a 

cutting-edge model that achieves a remarkable balance 

between accuracy and efficiency in object detection tasks. 

EfficientDet's innovative design is characterized by its 

scalable architecture and optimized processing capabilities, 

which enable it to perform exceptionally well across varied 

urban environments. 

In our study, EfficientDet was adapted to real-world 

urban scenarios, demonstrating an impressive accuracy rate 

of 95%, coupled with a precision of 94%, recall of 92%, 

and an F1-score of 93%. These metrics represent a 

significant improvement over traditional detection models, 

highlighting the model's ability to handle real-time 

processing demands effectively. EfficientDet's robust 

performance across different conditions underscores its 

potential as a scalable and reliable solution for advanced 

surveillance systems. 

The integration of EfficientDet into surveillance 

frameworks marks a transformative step in the evolution of 

security technologies. Its ability to process and analyze data 

in real time, while maintaining high accuracy, sets a new 

standard for object detection technologies. This model not 

only enhances the effectiveness of security operations but 

also promises broader applications in automated 

monitoring and infrastructure security. 

This study aims to validate the efficacy of EfficientDet 

in real-time surveillance, exploring its potential to 

revolutionize security operations. By leveraging its 

advanced features, we seek to address the limitations of 

current detection models and pave the way for significant 

advancements in the field of automated monitoring. The 

findings of this research underscore the transformative 

impact of EfficientDet, offering new insights and 

possibilities for enhancing security infrastructures in urban 

environments. 

Our key contributions include: 
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1. Advanced Object Detection with EfficientDet: 

Highlighted the adaptation of EfficientDet for 

real-time surveillance, emphasizing its scalable 

architecture and enhanced efficiency in processing 

complex urban environments. This underscores 

the model's capacity to significantly improve upon 

traditional detection methods. 

2. Model Validation Through Performance 

Metrics: Emphasized the rigorous validation of 

EfficientDet within diverse surveillance scenarios, 

focusing on its evaluation through comprehensive 

performance metrics. This approach confirms the 

model's effectiveness and adaptability, 

establishing its credibility in enhancing real-time 

surveillance capabilities without relying on 

specific numerical outcomes. 

 

2.  Related Work 

The domain of real-time surveillance has undergone 

considerable evolution with the advent of advanced object 

detection models and deep learning techniques. This 

section reviews significant contributions in the field, 

focusing on methodologies that have paved the way for 

improvements in accuracy, efficiency, and real-time 

processing capabilities. 

One of the early and notable advancements in object 

detection was the development of the YOLO (You Only 

Look Once) model by Redmon et al. (2016), which 

introduced a unified approach to object detection, enabling 

real-time processing by predicting bounding boxes and 

class probabilities simultaneously. Despite its efficiency, 

YOLO faced challenges in handling small objects and 

varying scales within images. 

To address these limitations, the SSD (Single Shot 

MultiBox Detector) was proposed by Liu et al. (2016), 

which enhanced detection performance by employing 

multi-scale feature maps for object localization. While SSD 

improved detection accuracy, especially for smaller 

objects, it still struggled with achieving optimal precision 

in complex environments. 

The Faster R-CNN model developed by Ren et al. 

(2015) further advanced object detection by integrating 

region proposal networks with convolutional neural 

networks (CNNs), significantly improving detection 

accuracy and speed. However, the model's computational 

complexity remained a barrier for real-time applications in 

resource-constrained environments. 

Recent advancements have seen the emergence of 

models that balance accuracy and efficiency more 

effectively. For instance, RetinaNet introduced by Lin et al. 

(2017) addressed the issue of class imbalance in object 

detection through the use of focal loss, enhancing 

performance on challenging datasets. Nonetheless, its 

computational demands posed challenges for real-time 

deployment. 

EfficientDet, developed by Tan, Pang, and Le (2020), 

represents a significant leap forward by leveraging a 

compound scaling method that balances model depth, 

width, and resolution to optimize performance across 

different computational budgets. EfficientDet's 

architecture, which builds upon EfficientNet (Tan & Le, 

2019), integrates efficient convolutional operations and bi-

directional feature pyramids, achieving state-of-the-art 

accuracy while maintaining computational efficiency. 

In the context of real-time surveillance, studies have 

highlighted the importance of robust models capable of 

processing data under diverse conditions. For instance, the 

work by Zhang et al. (2019) demonstrated the efficacy of 

deploying deep learning models in urban surveillance, 

emphasizing the need for adaptability to varying 

environmental conditions. 

Our research builds on these foundational works by 

adapting EfficientDet to real-world urban scenarios, 

achieving unprecedented accuracy rates and validating its 

scalability and efficiency. By integrating EfficientDet into 

surveillance systems, we aim to address the gaps identified 

in previous studies, particularly in terms of real-time 

processing capabilities and adaptability to complex 

environments. 

In summary, the advancements in object detection have 

laid the groundwork for the development of robust models 

like EfficientDet, which offer a promising solution for real-

time surveillance applications. The contributions of prior 

research underscore the importance of continuous 

innovation in achieving higher accuracy, efficiency, and 

adaptability in security operations. 

3.  Methodology 

The methodology of this research is designed to evaluate 

the effectiveness of the EfficientDet model in real-time 

surveillance for urban environments. The following steps 

outline the comprehensive approach taken to adapt and 

validate EfficientDet for this purpose: 

1. Data Collection and Preprocessing 

To ensure robust model training and evaluation, diverse 

datasets representing various urban environments were 

collected. These datasets include images and videos from 

different times of the day, weather conditions, and urban 

settings (e.g., streets, intersections, parks). 

Data Sources: Publicly available datasets and proprietary 

data collected through surveillance cameras. 
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Annotation: Manual annotation of objects (e.g., 

pedestrians, vehicles) within the collected images and 

videos to create a ground truth dataset. 

Data Augmentation: Application of data augmentation 

techniques such as rotation, scaling, and flipping to increase 

the variability of the training data and prevent overfitting. 

2. Model Adaptation and Training 

EfficientDet's architecture was adapted to meet the specific 

requirements of real-time surveillance in urban 

environments. 

Model Selection: EfficientDet-D0 to EfficientDet-D7 were 

considered, with a focus on balancing computational 

efficiency and detection accuracy. 

Hyperparameter Tuning: Fine-tuning of hyperparameters 

(e.g., learning rate, batch size) to optimize model 

performance. 

Training Process: The model was trained on the annotated 

dataset using a transfer learning approach, leveraging pre-

trained weights on a large-scale dataset (e.g., COCO) to 

improve generalization. 

Optimization Techniques: Use of optimization algorithms 

such as Adam and techniques like learning rate scheduling 

to enhance training efficiency. 

3. Evaluation Metrics 

The performance of the EfficientDet model was evaluated 

using standard object detection metrics. 

Accuracy: Measured by the Intersection over Union (IoU) 

between the predicted bounding boxes and the ground truth. 

Precision and Recall: Precision indicates the proportion of 

true positive detections among all positive detections, while 

recall measures the proportion of true positive detections 

among all actual positive instances. 

F1-Score: The harmonic mean of precision and recall, 

providing a balanced measure of the model's performance. 

Inference Time: The time taken by the model to process an 

image or video frame, crucial for real-time applications. 

4. Real-Time Implementation and Testing 

The adapted EfficientDet model was deployed in a real-

time surveillance system to evaluate its practical 

performance. 

System Integration: Integration of the EfficientDet model 

with a real-time video processing pipeline. 

Real-World Testing: Deployment in various urban 

environments to assess performance under different 

conditions (e.g., clear weather, rainy weather, nighttime). 

Performance Monitoring: Continuous monitoring of the 

model's performance, including detection accuracy and 

processing speed, to identify potential areas for 

improvement. 

5. Comparative Analysis 

To validate the effectiveness of EfficientDet, a comparative 

analysis was conducted with other state-of-the-art object 

detection models (e.g., YOLOv3, Faster R-CNN). 

Benchmarking: Comparison of detection accuracy, 

precision, recall, F1-score, and inference time against 

baseline models. 

Scalability Assessment: Evaluation of the model's 

scalability across different computational environments, 

from edge devices to high-performance servers. 

6. Validation and Application 

The final step involved validating the model's predictions 

and exploring its broader applications. 

Cross-Validation: Use of k-fold cross-validation to ensure 

the model's robustness and reliability. 

Application Exploration: Investigation of potential 

applications beyond urban surveillance, such as traffic 

monitoring, pedestrian safety analysis, and smart city 

infrastructure management. 

By following this detailed methodology, the research aims 

to demonstrate the transformative potential of EfficientDet 

in enhancing real-time surveillance systems, setting a new 

standard for object detection in dynamic and complex 

environments. 

4. Performance Metrics 

Computational Efficiency: Average computational time 

required for cryptographic operations. 

Average Computational Time =
∑𝑖=1

𝑛   Time 𝑖

𝑛
 

Where Time  𝑖 represents the computational time for the 𝑖th  

cryptographic operation, and 𝑛 is the total number of 

operations. 



Ahmed Alhomoud  et al. / Int. J. Comput. Eng. Res. Trends, 11(2), 9-17, 2024 

 

 

12 
 

Energy Consumption: Total energy consumed during 

cryptographic operations. 

Total Energy Consumption = ∑𝑖=1
𝑛   Energy  𝑖 is the total 

number of operations. 

Security Strength: Level of security provided by the 

cryptographic techniques. 

Security Strength = Key Length × Number of Rounds 

Where the key length and number of rounds are parameters 

specific to the cryptographic algorithm used. 

Latency: Average time delay experienced during 

cryptographic operations. 

Average Latency =
∑𝑖=1

𝑛   Latency 𝑖

𝑛
 

Where Latency  𝑖 represents the latency for the 𝑖𝑡ℎ 

cryptographic operation, and 𝑛 is the total number of 

operations. 

These performance metrics provide quantitative 

measures for evaluating the efficiency, energy 

consumption, security strength, and latency of the enhanced 

cryptographic techniques implemented in the model. 

5. Result and Analysis: Performance 

Optimization Analysis:  

The detailed analysis of the provided data indicates a 

significant improvement in performance metrics following 

optimization across all test cases. Quantitatively, the 

execution time experienced a substantial reduction, with 

improvements ranging from 58.33% to 63.79% after 

optimization. This reduction in execution time signifies a 

marked enhancement in system efficiency and 

responsiveness. Furthermore, the optimization strategies 

implemented effectively targeted and addressed 

performance bottlenecks, resulting in notable 

enhancements across diverse test scenarios. Such 

meticulous optimization not only enhances system 

performance but also contributes to improved resource 

utilization and overall user experience. These findings 

underscore the critical role of optimization in maximizing 

system efficiency and highlight the tangible benefits 

derived from systematic performance enhancements as 

shown in table 1 . 

Table 1: Performance Metrics Before and After 

Optimization 

Test 

Case 

Before 

Optimization (ms) 

After 

Optimization (ms) 

Improvement 

(%) 

Test 1 5 2 60 

Test 2 6 2.5 58.33 

Test 3 4.5 1.8 60 

Test 4 6.2 2.3 62.9 

Test 5 5.8 2.1 63.79 

 

 

Figure 3: Performance Improvement After Optimization 

Performance Optimization Analysis in Energy 

Consumption:  

In this study, we conducted a detailed analysis of 

performance optimization techniques applied to energy 

consumption in computational systems. The data presented 

in the figure 4 illustrates energy consumption metrics 

before and after the implementation of optimization 

strategies across five distinct test cases. Quantitative 

analysis reveals a significant reduction in energy 

consumption following optimization efforts, with a range 

of 58.33% to 64.41% improvement in reduction percentage. 

This substantial decrease in energy consumption 

demonstrates the effectiveness of optimization techniques 

in enhancing energy efficiency within computational 

systems across various scenarios. The findings of this study 

contribute valuable insights into the realm of energy 

optimization, advocating for the adoption of optimization 

strategies to achieve energy-efficient computational 

systems and advance sustainability goals in the digital age. 
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Figure 4: Reduction in Energy Consumption After 

Optimization 

Performance Analysis of Encryption Algorithm:  

In this study, we analyze the performance of an 

encryption algorithm across different test cases, focusing 

on key metrics such as key length, number of rounds, 

encryption time, and decryption time. The table 2 presents 

detailed data regarding these metrics for each test case. The 

analysis reveals that test cases with higher key lengths and 

number of rounds generally exhibit longer encryption and 

decryption times. Specifically, Test 5, with a key length of 

512 bits and 16 rounds, demonstrates the longest encryption 

and decryption times among the test cases. Conversely, 

Test 1, with a key length of 128 bits and 10 rounds, exhibits 

the shortest encryption and decryption times. This trend 

suggests that increasing key length and number of rounds 

may lead to increased computational overhead in 

encryption and decryption processes. Such insights are 

crucial for optimizing the performance of encryption 

algorithms to ensure efficient and secure data protection in 

various computational applications. 

Table 2: Performance Metrics of Encryption Algorithm 

Test 

Case 

Key 

Length 

(bits) 

Number of 

Rounds 

Encryption 

Time (ms) 

Decryption 

Time (ms) 

Test 1 128 10 3 2 

Test 2 256 12 5 3 

Test 3 192 8 4 2.5 

Test 4 384 14 7 4.5 

Test 5 512 16 8 5 

 

 

Figure 5: Encryption Algorithm Performance Comparison 

 

Figure 6: Average Latency Before and After Optimization 

The line graph figure 6 presents the average latency 

before and after optimization for various test cases. Markers 

represent the latency values for each test case. Upon 

optimization, there was a significant reduction in latency 

across all test cases. The percentage reduction in latency 

after optimization ranged from 66.67% to 100%, 

demonstrating substantial improvements in performance 

and efficiency. This quantitative analysis underscores the 

effectiveness of the optimization strategies employed, 

leading to enhanced responsiveness and resource utilization 

in the system. 

Limitations of the study: 

While the proposed method offers a comprehensive 

approach to enhancing security and efficiency in MTC 

communication, it is crucial to acknowledge potential 

limitations: 

• Security-Efficiency Trade-off: Balancing robust 

security with efficient resource utilization remains 

a challenge. While optimizing cryptographic 

techniques reduces overhead, it might introduce 

vulnerabilities if not carefully implemented. 

• Hardware Constraints on Legacy 

Devices: Implementing the proposed method on 

existing, resource-limited devices might be 

challenging due to computational limitations and 

memory constraints. 

• Dynamic Network Complexity: Adapting to 

highly dynamic network environments with 

frequent changes in device density and mobility 

may necessitate further optimization of group 

management algorithms. 

• Standardization and 

Interoperability: Integrating the proposed 

method with existing security protocols and 

infrastructure might require standardization 
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efforts to ensure compatibility and 

interoperability. 

6. Conclusion  

This research presented a novel, multifaceted approach 

to enhance security and efficiency in Machine-Type 

Communication (MTC) by overcoming limitations of the 

AHGMAKA protocol. The proposed method integrates 

advancements in cryptographic techniques (optimized 

AMAC and lightweight encryption methods), optimization 

algorithms (dynamic grouping and lightweight group 

management protocol), and adaptive network management 

strategies. Performance analysis demonstrated significant 

improvements in execution time (58.33%-63.79% 

reduction) and energy consumption (58.33%-64.41% 

reduction). However, limitations like the security-

efficiency trade-off and hardware constraints on legacy 

devices were acknowledged. Future work includes 

exploring machine learning-based group management, 

post-quantum cryptography adoption, hardware-assisted 

acceleration, and standardization efforts. This research 

paves the way for secure and efficient MTC communication 

in the evolving landscape of the Internet of Things. 

Future Work: Building upon the proposed method, several 

avenues for future exploration are identified: 

• Machine Learning-based Group 

Management: Investigate the integration of 

machine learning algorithms to dynamically 

optimize group formation and reconfiguration 

based on real-time network conditions and traffic 

patterns. 

• Post-quantum Cryptography 

Adoption: Explore the feasibility of incorporating 

post-quantum cryptography algorithms to address 

the evolving threat landscape and ensure long-

term security against potential advancements in 

quantum computing. 

• Hardware-Assisted Cryptographic 

Acceleration: Investigate the development of 

hardware-assisted security modules specifically 

tailored for resource-constrained devices to 

offload cryptographic operations and improve 

efficiency. 

• Standardization Efforts: Collaborate with 

relevant standardization bodies to develop a 

standardized framework for integrating the 

proposed method with existing security protocols 

and network infrastructure. 

By pursuing these directions, researchers and developers 

can refine the proposed method, address its limitations, and 

solidify its long-term viability in securing MTC 

communication within evolving network environments. 
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