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Abstract :  Addressing real-world challenges in various smart city applications, such as parking occupancy detection, necessitates 

fine-tuning deep Neural Networks. For expansive parking areas, utilizing a high-placed cenital plane camera facilitates 

comprehensive monitoring with a single device. Leading object detection models like YOLO offer commendable precision and 

real-time speed, yet leveraging proprietary data provides significant room for customization beyond general-purpose datasets like 

COCO and ImageNet. This study proposes a modified, lightweight deep object detection model based on the YOLO-v5 architecture, 

capable of detecting objects of all sizes. Specifically, a multi-scale mechanism is introduced to learn discriminative features across 

different scales and automatically select the optimal scales for object detection, particularly vehicles. This multi-scale module 

reduces the number of trainable parameters compared to the original YOLO-v5 architecture. Experimental results demonstrate a 

substantial improvement in precision, with only a minor reduction in parameters from the YOLO-v5-S profile to our model. 

Moreover, the detection speed is reduced by inferring 30 fps compared to YOLO-v5-L/X profiles, while the performance in 

detecting tiny vehicles sees a significant 33% enhancement compared to the YOLO-v5-X profile. 
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I. INTRODUCTION 

 

The burgeoning urban population has escalated the urgency of managing city resources, prompting the emergence of smart cities 

to exploit resource data effectively. Enhancing driving experiences, traffic control, surveillance, and parking guidance pose 

significant challenges in large urban areas, crucial for improving overall mobility. Addressing the issue of parking spot availability, 

which notably impacts drivers' time and contributes to environmental pollution due to extended search distances, is paramount. 

Traditional sensor-based methods face limitations such as battery life depletion and compatibility issues with modern vehicles, 

prompting exploration into computer vision and deep learning for cost-effective solutions using smart cameras. While previous 

studies have attempted parking spot detection based on visual data, challenges persist in generalization and adaptation across 

different parking lots. Most existing techniques focus on spot classification rather than vehicle localization, thereby missing out on 

potential information like road congestion and human interactions with vehicles. Vehicle detection methods offer a more 

comprehensive approach, enabling the extraction of crucial data that spot classification techniques cannot provide. 

 

 

II. LITERATURE SURVEY 

      S. C. K. Tekouabou, E. A. A. Alaoui, W. Cherif, and H. Silkan present "Impactful research in 'Improving parking availability 

prediction in smart cities with IoT and ensemble-based model (2022) addresses urban traffic congestion and parking challenges. 

They proposes an innovative system integrating IoT and ensemble modeling to predict parking space availability in smart cities.This 

underscores the potential of IoT integration and ensemble methods in optimizing parking prediction, promising improved urban 

mobility and quality of life." 

M. A. Merzoug, A. Mostefaoui, G. Gianini, and E. Damiani provide insights into  "Smart connected parking lots based on secured 

multimedia IoT devices" (2021) introduces an innovative IoT-based solution for automating parking spot counting and driver 

notification in major cities. Experimentation with classical and lightweight deep learning techniques validates the system's efficiency, 
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ease of deployment, and suitability for resource-constrained embedded systems, highlighting the effectiveness of lightweight 

solutions in terms of inference time, size, and accuracy. 

 

      M. dos Santos de Arruda, L. P. Osco, P. R. Acosta, D. N. Gonçalves, J. M. Junior, A. P. M. Ramos, E. T. Matsubara, Z. Luo, J. 

Li, J. de Andrade Silva, and W. N. Gonçalves propose "Counting and locating high-density objects using convolutional neural 

network". (2021) introduces a novel Convolutional Neural Network (CNN) approach for counting and locating objects in dense 

imagery. By leveraging feature map enhancement and Multi-Stage Refinement of the confidence map, the proposed method 

achieves superior performance in object counting and localization. This innovative method exhibits great potential for accurately 

counting and locating objects in high-density environments. 

 

M. Farag, M. Din, and H. Elshenbary focus on The paper "Deep learning versus traditional methods for parking lots occupancy 

classification" (2020) that compares Convolutional Neural Network (CNN) approaches with traditional methods for parking lot 

occupancy classification. By leveraging feature map enhancement and Multi-Stage Refinement of the confidence map, the CNN 

method demonstrates superior performance in object counting and locating.  

 

III. PROPOSED SYSTEM 

The YOLO-v5 model is designed for efficient detection with a focus on minimizing parameters and achieving high frames-per-

second (fps) inference suitable for low-end terminals. It's crucial to ensure that any modifications to the model do not significantly 

impact this aspect. The YOLO network consists of numerous interconnected layers, which can be categorized into three main sections. 

The first section, known as the backbone (referred to as cspdarknet in YOLO-v5), comprises typical CNN operations such as 

convolutions, concatenations, and max-pooling, along with a straightforward forwarding mechanism to extract multiple features for 

subsequent sections. The backbone concept is widely employed across various deep learning networks for object detection and serves 

as a fundamental base network. 

IV. SYSTEM ARCHITECTURE 

 
 

 

 

  

V. HARDWARE REQUIREMENTS 

The hardware requirements form the foundation for a contract outlining the system implementation and must thus provide a 

comprehensive and cohesive specification of the entire system. They serve as the initial reference point for software engineers in 

designing the system, focusing on defining what the system should accomplish rather than dictating its implementation details. 

 Processor:  Dual Core 2 Duos. 

 RAM: 4GB DD RAM 

 Hard Disk: 250 GB 

 

VI. SOFTWARE REQUIREMENTS 

The software requirements document serves as the system's specification, encompassing both the definition and specification of 

requirements. It outlines what the system should accomplish rather than how it should achieve it. These requirements form the 
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foundation for creating the software requirements specification. They play a vital role in estimating costs, planning team 

activities, executing tasks, and monitoring the team's progress throughout the development process. 

 Operating System  : Windows 7/8/10 

 Platform   : Spyder3  

 Programming Language     :           Python 

 Front End                            : Spyder3 

 

 

 

VII. FUTURE ENHANCEMENT 

In the realm of T-YOLO: Tiny Vehicle Detection based on YOLO and Multi-Scale Convolutional Neural Networks, future 

enhancements are poised to propel the system's capabilities to new heights. Foremost among these is the pursuit of improved 

accuracy, refining the model to excel in detecting vehicles even amidst challenging scenarios such as occlusions or low-light 

conditions. Moreover, optimization efforts will target real-time performance, ensuring swift and seamless vehicle detection for 

timely decision-making. Robustness to environmental changes will be prioritized, with enhancements aimed at fortifying the model 

against varying weather conditions, lighting fluctuations, and occlusions. Multi-object tracking capabilities will be integrated to 

enable the tracking of vehicles across consecutive frames, offering valuable insights for traffic flow analysis and surveillance. 

Adaptability to different domains will be emphasized, broadening the model's applicability across diverse environments and 

scenarios. Furthermore, efforts will be directed towards hardware efficiency, ensuring that the model can run efficiently on resource-

constrained devices without compromising performance. Integration with IoT and smart city systems will unlock new avenues for 

leveraging additional data sources and enhancing overall functionality for traffic management and urban planning. Semantic 

segmentation capabilities will be incorporated to precisely delineate vehicle boundaries and improve detection accuracy, particularly 

in crowded or complex scenes. Continuous learning mechanisms will enable the model to adapt to evolving traffic patterns and 

scenarios over time, ensuring sustained performance improvements. Finally, user-friendly interfaces and visualization tools will be 

developed to facilitate easy deployment, monitoring, and management of the T-YOLO system by end-users and administrators. 

 

VIII. SNAPSHOTS 

  

 

                 
 

 

 

 

IX. CONCLUSION 

In conclusion, T-YOLO: Tiny Vehicle Detection based on YOLO and Multi-Scale Convolutional Neural Networks represents a 

significant advancement in the field of vehicle detection systems. By leveraging the YOLO architecture and incorporating multi-

scale convolutional neural networks, T-YOLO achieves impressive accuracy and efficiency in detecting vehicles of varying sizes 

in diverse environmental conditions. Its ability to accurately identify vehicles in real-time, while consuming minimal computational 

resources, makes it a valuable tool for a wide range of applications, from traffic management to surveillance and urban planning. 

Continued research and development efforts aimed at enhancing T-YOLO's performance, adaptability, and usability hold promise 

for further revolutionizing the field of vehicle detection and contributing to the advancement of smart city technologies. 
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