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Abstract 

Traffic detection is critical in ensuring road safety and efficient traffic management, demanding 

deploying accurate and practical algorithms. This research explores the fusion of Convolutional 

Neural Networks (CNNs) and the Waterwheel Plant Algorithm to augment global traffic detection 

capabilities, utilizing a diverse dataset primarily collected from Turkey. A comprehensive evaluation 

of prominent CNN architectures, such as VGG19Net, AlexNet, ResNet-50, GoogLeNet, and a generic 

CNN, underscores substantial efficacy, with the CNN achieving an accuracy of 92.14%. Introducing 

the Waterwheel Plant Algorithm (WWPA) further enhances performance, as exemplified by the 

hybrid WWPA-CNN model, exhibiting an impressive accuracy of 97.28%. These findings highlight 

the promising synergies between traditional optimization algorithms and advanced neural networks, 

showcasing the potential for innovative developments in traffic monitoring systems and broader 

applications within computer vision. The statistical analyses, encompassing ANOVA and the 

Wilcoxon Signed Rank Test, robustly underscore the significance of this integrated approach. As the 

research contributes to the evolution of traffic monitoring systems, these insights provide a solid 

foundation for advancements in the field, fostering innovation and shaping the future landscape of 

computer vision applications. 

 

Keywords: Traffic detection; Convolutional Neural Networks (CNNs); Waterwheel Plant Algorithm; 
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1. Introduction 

In the intricate tapestry of contemporary urban life, tackling the multifaceted challenges of traffic 

management is a formidable task, significantly impacting transportation efficiency and commuter 

safety. The escalating urban populations and increasing vehicular densities necessitate reevaluating 

conventional traffic management approaches. This research, a comprehensive exploration of traffic 

detection, responds to the evolving complexities of modern urban landscapes by emphasizing 

innovative solutions that adapt to the intricacies of ever-expanding cityscapes. At the core of our 

investigative journey lies the deliberate integration of Convolutional Neural Networks (CNNs) and 

the groundbreaking Waterwheel Plant Algorithm [1,2]. These technologies are not chosen arbitrarily 

but based on a thorough analysis of their potential synergies and complementary attributes. CNNs, 

renowned for discerning complex patterns within images, provide a robust foundation for object 

detection—an essential requirement in traffic monitoring. The Waterwheel Plant Algorithm, inspired 

by the efficiency of waterwheel plants in nature, introduces a novel ecological perspective into our 
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approach, optimizing the allocation of computational resources and enhancing the overall efficiency 

of the integrated system. 
 

This strategic fusion aims to redefine and elevate traffic detection systems, steering them toward 

adaptability and scalability. As we traverse the web of challenges inherent in modern traffic 

management, our research seeks to reorient these systems for adaptability and scalability, not merely 

as technological interventions but as dynamic solutions capable of navigating the flux of urban 

growth. Navigating the intricacies of this research, our paramount objective crystallizes in the critical 

reassessment and augmentation of traffic detection mechanisms. Recognizing prevailing 

methodologies' inherent limitations and challenges forms the impetus for our inquiry, extending 

beyond the theoretical to incorporate empirical evidence and practical applications. We aim to unravel 

the intricacies often elude conventional studies through rigorous experimentation and data-driven 

analyses. In response to these challenges, three meticulously framed research questions guide our 

inquiry, solving specific facets of our investigation. Foremost among these inquiries is the exploration 

of how the synergistic integration of CNNs and the Waterwheel Plant Algorithm shapes and reshapes 

the intricate landscape of traffic detection, with an unwavering focus on the dual pillars of accuracy 

and efficiency. The intricate dance between precision and computational speed becomes a central 

theme, where the pursuit of accuracy does not compromise the real-time responsiveness crucial for 

effective traffic management. Subsequently, we delve into the specific advantages these integrated 

models bestow, casting a discerning eye on practical applications, particularly within traffic analysis 

and the implementation of safety measures. The real-world implications of our research become 

apparent as we consider scenarios such as congestion prediction, dynamic traffic analysis, and the 

proactive prevention of potential accidents. The integrated system, fortified by the Waterwheel Plant 

Algorithm's resource optimization capabilities, emerges as a comprehensive tool for urban planners 

and traffic management authorities. Our scrutiny extends to the intricate intersections of real-world 

scenarios, where the proposed methodology appears as a beacon of innovation, offering solutions to 

current challenges while laying the groundwork for future advancements in the dynamic realm of 

traffic management systems. The adaptability of our model to diverse environmental conditions, 

varying traffic scenarios, and the challenges posed by inclement weather underscores its practical 

relevance. This adaptability is fortified by the high-quality annotations accompanying our dataset, 

meticulously crafted to identify vehicles, pedestrians, and traffic signs. This holistic approach expands 

the utility of our research beyond traditional traffic monitoring.  
 

A visual representation in Figure 1 illustrates a comprehensive smart city ecosystem. This figure 

showcases interconnected infrastructure, data flow, and collaborative systems contributing to the 

seamless functioning of urban spaces. Providing a contextual backdrop, it illustrates how our proposed 

traffic detection system fits into the broader framework of a smart city. 
 

 
 

Figure 1: Smart City Ecosystem. 
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Figure 2 is a dynamic heatmap that illustrates the intricate patterns of urban traffic flow within a smart 

city environment. This figure underscores the challenges of managing diverse traffic scenarios and 

highlights the critical need for advanced traffic detection systems. The heatmap visually articulates 

the real-world complexities that our integrated model seeks to address, providing a compelling visual 

narrative for the significance of our research within the broader urban landscape. 
 

 
 

Figure 2: Urban Traffic Heatmap. 
 

To encapsulate the essence of our research journey, we conclude with the proposed research sequence: 

Literature Review, Proposed Methodology, Results, and concluding remarks. Each section contributes 

to the comprehensive understanding and implementation of our integrated approach to traffic 

detection, offering a nuanced perspective on the challenges and opportunities that shape the future of 

urban traffic management. 

2. Literature Review 

Recent advances in street surveillance vehicle detection and classification are explored in this 

literature review. This research aims to provide a complete picture of the breakthroughs driving real-

time object detection and traffic management in dynamic settings. Methods examined range from 

multimodal optical flow features to sophisticated models like YOLO networks and Faster R-CNN. 

Vehicle detection and classification are the main components of the three-pronged street surveillance 

technique [3]. This strategy is effective. The system's first component, a classifier capable of 

leveraging multimodal optical flow features, is built on the foundation of convolutional feature maps. 

It is the classifier that is the first component of the program. To deal with saddle points, the second 

one uses an adaptive learning rate technique and a pre-conditioning strategy based on average 

covariance matrices. This guarantees that the surgery will be successful. Every one of these 

approaches makes use of this tactic. The management of real-time blur effects for the system is the 

responsibility of the third component, which is a separate training of a multimodal model that utilizes 

blur data. This component controls blurring. A different component manages the blur effects. In 

experiments employing the Network on Convolutional (NoC) feature map classifier, a 10% increase 

in classification accuracy was seen. This was shown by the 10% boost delivered by the NoC classifier. 

When the blur model is applied to blurred data, it increases accuracy by 15%; when standard 

classifiers are used, it improves accuracy by 12%; and when multimodal features are used, it improves 

accuracy by 2% using NoC classifiers. This shows the fact that the blur model increases accuracy. It 

is the application of the blur model to blurred data that causes this to occur. 
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This model's amount of sophistication for object detection is the maximum possible [4]. In order to 

get the desired results, this model uses the Faster R-CNN algorithm, NAS optimization, and feature 

enrichment. A high focus is placed on the identification of vehicles inside the model. Within the scope 

of this work is the presentation of a Neural Architecture Search (NAS) technique to optimize feature 

extraction. To increase model robustness, a Retinex-based image adaptive correction method (RIAC) 

and object feature enrichment are described. This research covers every one of them. Each approach 

strives to achieve a certain level of model robustness. The challenges of size and partial obscuration 

are solved successfully by it. The technique that is being recommended exhibits detection 

performance that is at the forefront of the field while it is being trained and tested on the UN-DETRAC 

dataset. In this manner, it is shown that the approach is successful in situations that occur in the actual 

world. By enabling real-time object detection for videos via the use of the YOLO network, [5] can 

address the computational challenges that deep learning brings in the field of object detection. 

Therefore, they use this to discover answers to crucial learning challenges. By using deep learning, 

we aim to find answers to problems. Careful picture preprocessing and the installation of Google 

Inception Net (GoogLeNet) demonstrate the efficacy of the Fast YOLO algorithm in real-time object 

detection. The strategic alteration of the YOLO network, which provides a clear and rapid answer to 

the processing needs of deep learning, is responsible for a considerable acceleration of the object 

detection process. A direct response is attained because of this alteration. 
 

The RPN and the Detection Network [6] provide a cutting-edge vehicle detection and tracking 

approach for traffic videos. This approach makes use of the Feature Leveraging Feature Network. 

Within the methodology framework, bounding boxes are generated utilizing an RPN network. For 

class assignments and box determination, a Detection Network is also used. In conclusion, a 

specialized convolutional neural network is used for feature extraction. Each of these networks is used 

to achieve the objectives that have been set. The system's accuracy has been shown to have increased, 

as demonstrated by these experimental results. The technology can provide dependable solutions for 

vehicle detection and tracking within dynamic traffic scenarios. According to [7], the primary focus 

is on an R-CNN, a Region-Based Convolutional Neural Network. In both day and night modes, this 

inquiry aims to locate autos that are not stationary. Intelligent Transportation Systems (ITS) are facing 

challenges in vehicle detection and classification, and the objective is to overcome these challenges. 

The purpose is to have success in overcoming these challenges. The method operates quite well in a 

wide variety of situations, such as when there is a lot of dense traffic, long shadows, or cloudy weather. 

The system's efficiency may be shown by using several different assessment criteria to validate its 

validity. This list includes vehicle detection, which has a high recall, accuracy, and precision in both 

day and night modes and has an average computation time of 0.59 seconds. 
 

While concurrently addressing the challenges brought about by static traffic regulations and 

transportation congestion, the primary focus of [8] is on estimating traffic density, a crucial 

component of intelligent transportation systems. The research uses data obtained from open-source 

libraries to facilitate the development of a hybrid model with a detection accuracy of 98%. When 

developing this model, faster R-CNN and YOLO models were used in the creation process. As shown 

by comparison with base estimators, the model now being presented has the potential to improve road 

traffic management and achieve superior performance. Comparative evidence will provide credence 

to these claims. A configuration that is adaptable and has a greater degree of domain understanding. 

A faster R-CNN technique has been shown in [9] to overcome the challenges present in traditional 

target detection models for highway scenes. This was done to address the challenges. It was necessary 

to establish the methodology to handle these challenges. To mitigate domain discrepancies, the 

suggested method uses domain classifiers at both the instance and picture levels. A significant 

enhancement has been seen in the performance of small-scale target recognition because of this. The 

experimental findings validate the efficacy of the domain adaptive component in terms of accuracy, 

robustness, and generality. Another research [10] demonstrates a real-time method for automatic 

vehicle detection and counting in video streams by leveraging YOLOv2 and feature point motion 

analysis. Within the methodology, the two phases that assure accuracy are detecting cars and counting 

those vehicles. According to experiments conducted on various brutal videos, the procedure is more 

successful than alternative methods. Compared to existing strategies, these findings show a substantial 

improvement in average time performance. 
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3. Proposed Methodology 

In this pivotal section, we articulate the nuanced details of our strategic methodology, a blueprint 

meticulously designed to integrate Convolutional Neural Networks (CNNs) and the innovative 

Waterwheel Plant Algorithm for an advanced approach to traffic detection in urban environments. 

3.1 Dataset Description 

Our comprehensive research leans on a meticulously curated dataset, a treasure trove of diverse 

traffic images primarily sourced from various locations in Turkey [11]. This dataset represents a 

deliberate effort to capture the intricacies of traffic scenarios across different countries, providing a 

panoramic global perspective on traffic monitoring and management. The images within the dataset 

are not arbitrary selections but a deliberate collection that spans diverse geographic locations, 

weather conditions, and traffic scenarios, ensuring a holistic representation of real-world 

complexities. Each image undergoes a meticulous annotation process using bounding boxes, a 

crucial step in enhancing the dataset's utility for object detection tasks. The annotations are not 

confined to merely identifying vehicles but extend to encompass pedestrians and traffic signs, 

contributing to a holistic understanding of the traffic landscape. This level of detail ensures the 

dataset's efficacy in training our models, making it an asset for the successful implementation of our 

traffic detection system. 
 

3.2 Model Selection 

Central to the success of our methodology is the judicious selection of models, drawing upon the 

strengths of established architectures such as VGG19Net, AlexNet, ResNet-50, GoogLeNet, and a 

custom-designed CNN [12-16]. Each model brings a unique set of capabilities, having demonstrated 

exceptional performance in image recognition and object detection tasks. VGG19Net, with its deep 

architecture, excels in capturing intricate features, while AlexNet, a pioneer in deep learning, 

provides robust image classification. ResNet-50 introduces residual learning, mitigating the 

vanishing gradient problem, and GoogLeNet, with its inception modules, excels in capturing 

hierarchical features. Our custom-designed CNN offers adaptability tailored to the specific 

requirements of traffic detection. This strategic selection ensures that our integrated approach 

leverages the collective strengths of these models, providing a comprehensive and versatile toolkit 

for traffic analysis. The synergy between these models is further enhanced by the inclusion of the 

Waterwheel Plant Algorithm, a novel addition inspired by nature's efficiency in resource allocation. 

This algorithm optimizes computational resources, contributing to the overall efficiency of our 

integrated system. The models and the algorithm are not disparate entities, but components 

thoughtfully chosen to work in tandem, forming a cohesive unit that addresses the dynamic 

challenges of urban traffic management. 
 

3.3 Evaluation Metrics 

The efficacy of our methodology necessitates a robust evaluation framework judiciously selected to 

provide a nuanced understanding of our models' performance. Our chosen metrics go beyond mere 

accuracy, encompassing key aspects of detection capabilities. Accuracy, a fundamental metric, is 

complemented by Sensitivity (True Positive Rate), Specificity (True Negative Rate), Positive 

Predictive Value (Precision), Negative Predictive Value, and F-score [17,18]. Sensitivity ensures 

that the models effectively detect true positives, minimizing false negatives, while Specificity 

emphasizes the accurate identification of true negatives. Precision measures the models' ability to 

classify positive instances correctly, and the F-score provides a balanced assessment of precision and 

recall. These metrics collectively contribute to a holistic evaluation, providing insights into the 

models' strengths and potential areas for refinement. This intricate methodology, comprising a 

meticulously annotated dataset, strategic model selection, and a comprehensive evaluation 

framework, establishes the foundation for our research. The subsequent sections delve into the results 

derived from this methodology, offering a nuanced exploration of the efficacy and real-world 

applicability of our integrated approach to traffic detection in urban landscapes. 

4. Results 

In this section, we present and thoroughly analyze the outcomes derived from our proposed 

methodology. The emphasis is not solely on showcasing the accuracy of the integrated models but 

also on offering a comprehensive understanding of their performance through various statistical 
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analyses.  Table 1 and Table 2 provide a detailed comparison of the accuracy achieved by each model 

within the integrated approach. This tabular representation allows for a quick and informative 

assessment of how each model performed concerning accuracy. The values offer a quantitative basis 

for comparing the efficacy of VGG19Net, AlexNet, ResNet-50, GoogLeNet, and the custom-designed 

CNN, shedding light on their relative strengths in the context of traffic detection. 
 

Table 1: Model Accuracy Comparison. 
 

  Accuracy 
Sensitivity 

(TPR) 

Specificity 

(TNR) 

P-value 

(PPV) 

Nvalue 

(NPV) 
F-score 

VGG19Net 0.8887 0.9015 0.8680 0.9173 0.8444 0.9093 

AlexNet 0.8920 0.9104 0.8608 0.9173 0.8500 0.9139 

ResNet-50 0.8991 0.9104 0.8793 0.9289 0.8500 0.9196 

GoogLeNet 0.9097 0.8980 0.9303 0.9577 0.8386 0.9269 

CNN 0.9214 0.9162 0.9303 0.9577 0.8657 0.9365 
 

Table 2: Custom-designed CNN Comparison. 
 

  Accuracy Sensitivity 

(TPR) 

Specificity 

(TNR) 

P-value 

(PPV) 

Nvalue 

(NPV) 

F-score 

WWPA-CNN 0.9728 0.9825 0.9607 0.9689 0.9778 0.9756 

PSO-CNN 0.9524 0.9524 0.9524 0.9622 0.9402 0.9573 

WOA-CNN 0.9452 0.9428 0.9483 0.9589 0.9283 0.9508 

GA-CNN 0.9335 0.9396 0.9235 0.9524 0.9037 0.9459 

 

Figure 3 enhances the visual representation of accuracy by illustrating a comparative analysis. This 

figure enables a side-by-side assessment of the performance of each model, emphasizing trends and 

variations. The visual impact of this comparison aids in quickly identifying standout performers and 

areas where improvements may be considered. 

 

 
             Figure 3: Accuracy Comparison. 

Table 3: Statistical Analysis. 
 

 

WWPA-

CNN 
PSO-CNN WOA-CNN GA-CNN 

Number of values 10 10 10 10 

Minimum 0.9713 0.9472 0.9315 0.9293 

Maximum 0.9743 0.9605 0.9452 0.9373 

Actual confidence level 97.85% 97.85% 97.85% 97.85% 

Lower confidence limit 0.9728 0.9524 0.9452 0.9335 
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Upper confidence limit 0.9728 0.9524 0.9452 0.9353 

Mean 0.9728 0.9527 0.9438 0.9338 

Std. Deviation 0.000707 0.003195 0.00432 0.00205 

Std. Error of Mean 0.000224 0.00101 0.001366 0.000648 

 

Beyond accuracy, a comprehensive statistical analysis is crucial for a deeper understanding of the 

models' performance. Table 3 delves into key statistical measures that go beyond the surface-level 

comparison, providing insights into the models' overall robustness and reliability in various traffic 

scenarios. 

 

To discern the significance of differences among the models, an Analysis of ANOVA test is 

employed, as delineated in Table 4. Through this statistical test, an assessment is made to determine 

whether any statistically significant differences exist in the means of the accuracy scores obtained by 

different models. The outcomes of the ANOVA test enrich our understanding of the comparative 

performance of the models, adding a layer of sophistication to our analytical framework. 

 

 

Table 4: ANOVA Test Table. 
 

 SS DF MS F (DFn, DFd) P value 

Treatment (between 

columns) 0.008231 3 0.002744 

F (3, 36) = 

326.9 P<0.0001 

Residual (within columns) 0.000302 36 8.39E-06   
Total 0.008533 39    

 

Complementing the ANOVA test, Table 5 introduces the Wilcoxon Signed Rank Test. This non-

parametric test further validates the significance of differences between paired models, providing 

additional robustness to our comparative analysis. 

 

Table 5: Wilcoxon Signed Rank Test. 
 

  
WWPA-

CNN 
PSO-CNN WOA-CNN GA-CNN 

WWPA-

CNN 

Sum of signed ranks (W) 55 55 55 55 55 

Sum of positive ranks 55 55 55 55 55 

Sum of negative ranks 0 0 0 0 0 

P value (two-tailed) 0.002 0.002 0.002 0.002 0.002 

Exact or estimate? Exact Exact Exact Exact Exact 

P value summary ** ** ** ** ** 

Significant (alpha=0.05)? Yes Yes Yes Yes Yes 

Discrepancy 0.9728 0.9524 0.9452 0.9335 0.9728 

 

Incorporating a multifaceted approach to analysis, Figure 4 combines residual plots, homoscedasticity 

assessments, quantile-quantile (QQ) plots, and a heat map. These visualizations offer a holistic view 

of the models' performance, uncovering potential patterns, outliers, and areas of improvement. The 

heat map provides an intuitive representation of how our models respond to varying conditions, adding 

a dynamic layer to the overall analysis. 
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Figure 4: Residual, Homoscedasticity, QQ Plots, and Heat Map. 

 

This results section transcends a mere presentation of accuracy figures, offering a comprehensive and 

multidimensional exploration of the models' performances. The subsequent sections delve into the 

interpretation of these results, providing valuable insights into the practical implications of our 

integrated approach to traffic detection. 

5. Conclusion 

In this concluding section, we consolidate the findings from our study and draw overarching insights 

that contribute to the broader field of traffic detection and smart city development. Through a 

comprehensive synthesis of our methodology, results, and their implications, this section encapsulates 

the significance of our research endeavor. Our integrated approach, combining Convolutional Neural 

Networks (CNN) and the Waterwheel Plant Algorithm (WWPA), has demonstrated promising results 

in enhancing global traffic detection. The amalgamation of these two distinct techniques brings forth 

a synergistic effect, addressing the complexities of diverse traffic scenarios within a smart city 

ecosystem. By leveraging a meticulously curated dataset with various geographic coverage, high-

quality annotations, and varied environmental conditions, our study establishes a robust foundation 

for advancing the capabilities of traffic monitoring systems. The integration of CNNs and innovative 

algorithms like WWPA contributes to the efficacy of object detection and tracking in traffic camera 

feeds, traffic analysis, congestion prediction, road safety, accident prevention, and urban planning. 

 

The comparative analysis of models, including VGG19Net, AlexNet, ResNet-50, GoogLeNet, and 

the custom-designed CNN, not only showcases their accuracy but also employs statistical tests such 

as ANOVA and Wilcoxon Signed Rank to discern nuanced differences. These analyses provide a 

deeper understanding of the models' performance, facilitating informed decisions for real-world 

applications. In conclusion, our research propels the discourse on the intersection of artificial 

intelligence, sustainable algorithms, and smart city development. The integrated CNN and WWPA 

model, validated through rigorous statistical analyses, stands as a testament to the potential of 

collaborative approaches in addressing complex urban challenges. As we pave the way for future 

research and innovation, our findings offer valuable insights for researchers, developers, and 

policymakers engaged in advancing intelligent traffic management systems and contributing to the 

evolution of smart cities. 
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