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Abstract

:

Hiking and cycling have become popular activities for promoting well-being and physical activity. Portugal has been investing in hiking and cycling trail infrastructures to boost sustainable tourism. However, the lack of reliable data on the use of these trails means that the times of greatest affluence or the type of user who makes the most use of them are not recorded. These data are of the utmost importance to the managing bodies, with which they can adjust their actions to improve the management, maintenance, promotion, and use of the infrastructures for which they are responsible. The aim of this work is to present a review study on projects, techniques, and methods that can be used to identify and count the different types of users on these trails. The most promising computer vision techniques are identified and described: YOLOv3-Tiny, MobileNet-SSD V2, and FasterRCNN with ResNet-50. Their performance is evaluated and compared. The results observed can be very useful for proposing future prototypes. The challenges, future directions, and research opportunities are also discussed.
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1. Introduction


In recent years, walking, hiking, and cycling have become one of the most popular activities for promoting physical activity and well-being. These are carried out through trails or routes of varying lengths, classified into three categories depending on the distances involved: Long Routes (GR), routes over 30 km long; Short Routes (PR), less than 30 km long; and Local Routes (PL), where all or more than half of the route is in an urban environment [1]. Each of these trails is duly marked with the signs displayed in Figure 1 along the way. These markings can appear in a wide variety of places, such as rocks, walls, stakes, and electricity pylons, among others [2]. Figure 2 shows some examples of the location of these marks.



Walking, hiking, and cycling trails and routes are created and maintained by various entities, such as federations related to sports, mountaineering, camping, national, regional, or local public administration entities, and even entities linked to the tourism sector [3]. According to the Federation of Camping and Mountaineering of Portugal (FCM) [4], the body responsible for registering and homologating hiking trails, there are 76 small routes and 46 large routes homologated in Portugal, following the Regulation for the Homologation of Walking Routes (RHPP) [1]. This regulation serves to establish specific standards and criteria for a hiking trail to be officially recognized [5]. However, there are many routes that have not been homologated in the National Register of Footpaths (RNPP), managed by the FCM.



In Portugal, the number of approved walking, hiking, and cycling trails and routes has been growing over the years, helping to add value to areas by attracting a growing number of domestic and foreign tourists to practice nature sports and boosting sustainable tourism. However, since these spaces are freely accessible, there is no reliable information available on how often they are used and the types of users that use them most often. Given that, in most cases, municipalities are the driving force behind these infrastructures, it is important to assess, for example, the real tourist impact that these routes bring to the regions. Accurate and reliable data are therefore needed to show how they are used. In this way, identifying the different types of users, counting them, and knowing the times of greatest influx are crucial data for the managers and promoters of these infrastructures. These data can also help gauge the strategic importance of these facilities in tourism development, especially in low-density areas. Another dimension that can be considered when analyzing the data collected is the management of the capacity to use these infrastructures. Given that, along these trails, there are often sensitive areas that have specific preservation regulations (such as natural parks, protected areas, and special protection zones, among others), the collection of data on usage rates is extremely important for managing access to these areas.



Considering the importance of these data in better managing these infrastructures, there is a need to implement solutions that allow these data to be collected, processed, and analyzed. The work presented in this paper represents a first step in an ongoing effort to propose, develop, and evaluate a solution that allows for identifying and quantifying different types of users on walking, hiking, and cycling trails or routes. To achieve this goal, and after a preliminary analysis, it was decided to study solutions that use computer vision techniques, since, as demonstrated in [6,7], these stand out as the main technique for detecting moving objects. Moreover, computer vision demonstrates greater versatility and adaptability to various conditions compared to other technologies like LiDAR [8]. Opting for its use not only contributes to the evolution of this field but also ensures the availability of more data for future utilization [9]. The cost effectiveness of essential hardware, such as cameras and single-board computers, together with the widespread availability of open-source software in this field, further encourages the option of using these technologies. This paper surveys related work on the topic. It analyzes computer vision techniques suitable for solving this problem and evaluates the most promising ones using a new dataset that has been created in the context of this work. The dataset was composed of several images collected by the authors, among others, from two platforms available on the web. All the images were then manually annotated using the Roboflow platform [10].



The rest of the paper is organized as follows. Section 2 presents related work that provides the context for the current research. Section 3 discusses computer vision techniques and convolutional neural network (CNN) architectures, including one-stage detection and two-stage detection, and analyzes YOLOv3-Tiny, MobileNet-SSD V2, and Faster-RCNN with ResNet-50. Section 4 presents a performance evaluation of these models. Finally, Section 5 presents the conclusions and suggests possible future works.




2. Related Work


This section provides context and a comprehensive review of previous work and research related to the topic of this work. The Preferred Reporting Items for Systematic Reviews and Meta-analyses (PRISMA) methodology [11] was used to conduct this research. This methodology consists of a framework for reporting on systematic reviews and meta-analyses. The main objective of PRISMA is to guarantee transparency, quality, and consistency in the conduct and presentation of systematic reviews and meta-analyses, and it can be adapted to carry out a broad search for works related to this project [11]. Thus, the methodology implements the following procedures: (a) research questions, (b) information sources and research strategy, (c) selection process, (d) analysis of studies, and (e) results obtained.



2.1. Research Questions


This procedure encourages questions to be drawn from the purpose of this work. These will help to conduct clear research.



	
Question No. 1—How can different types of users (cyclists and pedestrians) on cycling and hiking trails and routes be distinguished?



	
Question No. 2—How can different types of users (cyclists and pedestrians) on cycling and hiking trails and routes be counted?



	
Question No. 3—What frameworks exist for solutions to detect different types of users on cycling and hiking trails and routes?







2.2. Information Sources and Research Strategy


The articles studied were identified manually and through a search using the b-on platform (Online Knowledge Library) [12]. b-on is a virtual library that provides titles of international scientific periodicals and e-books from the most important content providers. Through the platform, it is possible to access document databases, including Science Direct, IEEE Xplore, and SpringerLink, among others, enabling access to the full text of a wide range of publications [13].



In the advanced search, carried out between November and December 2023, a query was prepared using terms suitable for the search, as follows:


(“object detection” OR “people detection “) AND “counting” AND “computer vision”.












2.3. Selection Process


To select the studies resulting from the research, it was necessary to apply inclusion filters. Firstly, the search was filtered by documents published between 2019 and 2023 and duplicate studies were eliminated from the search. Once the search was narrowed down, the titles of the remaining articles were analyzed to identify which of them could potentially meet the inclusion criteria. Some titles were promptly excluded due to their clear lack of relevance to the theme of the work, while others, which initially presented a less obvious connection, were kept for a more detailed evaluation in the subsequent stage. Of those selected by title, their abstracts were then analyzed to conclude whether they should be included or excluded. At this stage, those using expensive technologies such as unmanned aerial vehicles (UAV) were also excluded. Articles that lacked clarity in their descriptions, omitting information on the models used and the results obtained, were also excluded. The resulting articles were then selected as part of the systematic review and the full text of all of them was read. Figure 3 summarizes this whole process.




2.4. Analysis of Studies


This section presents an analysis of the projects and works related to the topic covered in this article, which resulted from the previous selection process. Table 1 summarizes the main characteristics considered in this analysis (title of the study, year of publication, model used, dataset used, methodologies used, and results).



In [14], researchers in Vietnam studied a system for tracking vehicles on roads using a custom dataset and the YOLOv8s model. The custom dataset, containing images of Vietnamese traffic under various conditions, significantly outperformed a generic dataset (COCO) in terms of accuracy (82.9% vs. 15.6%). This suggests that YOLOv8 performs well on data similar to its training data but might be affected by factors like weather and camera angles.



In [15], the paper describes an offline people-counting system using video files. It employs Mask R-CNN for detection, is trained on a large dataset (MS-COCO), and uses background subtraction, blob analysis, and centroid setting for counting. Additionally, it integrates a notification system through ThingSpeak and an old social network (potentially Twitter) to display the count. The system achieved high accuracy (100% and 97.62%) in simple test scenarios and a lower, but still reasonable, accuracy (85.73%) in a more complex scenario.



In [16], this study proposes a real-time object detection system for vehicles, aiming to enhance road safety by identifying pedestrians and other objects and notifying drivers of potential hazards. Utilizing the COCO dataset, the system compares the performance of YOLOv2 and YOLOv3 algorithms. The findings reveal that YOLOv3 achieves superior accuracy (approximately 58% mAP) and operates at a faster refresh rate, rendering it more suitable for real-time applications. Conversely, YOLOv2 exhibits limitations in both object detection and precision, hindering its effectiveness in this context.



In [17], this study presents a method for vehicle detection, classification, and counting using a Virtual Detection Zone (VDZ) aimed at simplifying traffic management applications. The UA-DETRAC dataset was used for evaluation. The system leverages OpenCV, the YOLOv3 model (with Darknet-53 as the feature extractor), and the SORT algorithm for tracking. While minor challenges with duplicate counting were observed in specific scenarios, the system demonstrated a high overall accuracy of approximately 85.45%.



In [18], a people counting system for monitoring entry and exit points is presented in this study. The system leverages a Raspberry Pi for image capture, model execution, and data transmission to a web server. Trained on the ImageNet dataset, the model employs Support Vector Machines alongside HOG and VGG-16 models to classify objects as “person” or “non-person”. Both models exhibit comparable accuracy, although HOG extracts a substantially higher number of features compared to VGG-16.



In [19], a multimodal pedestrian detection and classification system, IPDC-HMODL, is introduced in this work. This deep learning-based model, employing techniques like hybrid metaheuristic optimization and kernel extreme learning machines, demonstrates superior performance on the UCSD Ped-1 and Ped-2 datasets compared to existing methods. IPDC-HMODL achieves exceptional Area Under the Curve (AUC) scores (98.86% and 97.58%) and low error rates (3.12% and 4.35%) on both datasets, surpassing established models like AMDN, MDT, and Social Force. Receiver Operating Characteristic (ROC) analysis further emphasizes IPDC-HMODL’s efficacy, highlighting its potential for real-world applications in pedestrian detection and classification tasks.



In [20], a method was described for the real-time counting of vehicles through the application of computer vision in conjunction with a Single-board Computer (SBC). The main objective was to present an efficient system capable of identifying and counting vehicles entering and leaving certain entrances. The dataset used for evaluation was not explicitly detailed. The hardware used consisted of a Raspberry Pi equipped with a camera module. The software used was the Haar Cascade Classifier algorithm, implemented in the Python programming language. The test results showed that the proposed system achieved an average accuracy of 91.2% in detecting and accurately counting moving vehicles.



In [7], a solution was proposed for train carriage counting and number recognition using deep learning computer vision models. The system processes a video stream into frames and uses three datasets: “Scene Classifier” with 7000 backgrounds, 12,000 intervals, and 11,000 wagon images to train the classifier; “Number detection model” with 3400 wagon images for detecting number edges; and “digit recognition model” with 3400 images for recognizing digits. The first phase validated wagon counting with 99.5% accuracy using ResNet models, while the second phase achieved 98.5% accuracy in recognizing wagon numbers. This approach relies solely on computer vision without additional devices or sensors.



In [21], an approach to people counting in image detection and tracking was introduced. This research introduced an approach to counting people at a bus stop using image detection and tracking. They used NVIDIA Jetson AGX Xavier hardware and NVIDIA DeepStream SDK 5.0 with Python. The method implemented a Kalman filter for counting people, resulting in a notable reduction in counting errors compared to a basic detection approach. Specific details about the dataset were not provided.



In [22], the study analyzed the performance of deep learning models for real-time traffic localization and detection using edge equipment. The dataset, created by the authors, included images of Vietnamese vehicles and license plates. They used Nvidia Jetson Nano as the hardware platform and compared MobileNet-SSD and YOLOv4 models for vehicle counting and license plate detection. Both models showed high accuracy in real-time tasks, with MobileNet-SSD processing at 40 frames per second (FPS) and YOLOv4 demonstrating superior detection of smaller objects with around 91% mean Average Precision (mAP).



In [23], researchers developed an automatic camera-based method to count pigs in a specific area of a large-scale pig farm. They used three datasets, two created manually and one reused from a previous article. The hardware included cameras for video capture, and a deep learning algorithm, specifically a convolutional neural network (CNN), was used for pig identification and localization. The DeepSORT (Deep Simple Online and Real-time Tracking) algorithm tracked the detected pigs in real time, allowing for precise and individualized counting with around 94.95% mean Average Precision (mAP). This system provided an automated solution for accurate and real-time pig counting in agricultural settings, ensuring continuous monitoring and tracking of pig trajectories.



In [24], a system was developed for real-time counting of people and bicycles using a private dataset of 339 videos. The dataset consisted of 4 s videos showing people and bicycles in motion, from which 630 frames were extracted and annotated on the Roboflow platform. The system was implemented on a Nvidia Jetson Nano 2 GB. The study compared various detection models including Faster R-CNN, SSD300, SSD512, YOLOv4, YOLOv4-tiny, YOLOv5n, YOLOv5m, YOLOv5x, YOLOv5n6, YOLOv5m6, and YOLOv5x6, with an average mean Average Precision (mAP) of 44.4%. YOLOv5 showed a higher refresh rate than Faster R-CNN and SSD models and was supported by PyTorch and TensorRT. Object tracking used IOU, V-IOU, and DeepSORT methods, with V-IOU proving superior to IOU for tracking. Tests on YOLOv5 versions with TensorRT showed better results than those with PyTorch. Overall, the system demonstrated efficient detection and tracking, with the V-IOU tracking method outperforming IOU.




2.5. Results Obtained


As described above, a filter was applied by year of publication, from 2019 to 2023, during the search for studies. It should be noted that no studies were found in years 2019 and 2020. Figure 4 shows the percentage of studies per year.



When analyzing the articles selected for this study, there is a diversity in the implementation of detection models. Each article adopts its own approach, with some also implementing tracking methods. In addition, the datasets are used for different purposes. All in all, the results differ in terms of accuracy. All the articles used convolutional neural networks. The results obtained stand out for their remarkable effectiveness in detecting people, bicycles, and motorcycles. This evidence reinforces the prominent position of these architectures as the most efficient and effective option to identify and count users of cycling and hiking trails.



Regarding the datasets used, there is a wide range of choices for training, validating, and testing the models, as shown in Figure 5. Most of the authors created their own dataset, although the use of MS-COCO was a common practice.



Various detection models were reported in the work surveyed, as shown in Figure 6. The most frequently cited was YOLOv3, which was mentioned in three studies. YOLOv5 and ResNet-50 also stood out, each having been used in two studies.



In addition to detection models, methods have also been used to track objects throughout the sequence of frames in which they are present. Figure 7 shows the various methods used by the authors.




2.6. Critical Analysis


Throughout this study, several limitations were noted in the works analyzed, such as the absence of methodologies and datasets used to implement the solutions. In addition, some results are not explicitly presented. However, it was concluded that there are similarities in implementation between studies.



After analyzing all the articles obtained, only 12 of them fall within the scope of this work. It should be noted that the choice of the CNN model to be used for detecting users of cycling and hiking trails and routes is very important. Not all detection models are equally efficient in terms of resource consumption, making it important to select based on the implementation environment. In the scenario of this work, where the system will be implemented in a remote location, it is anticipated that the hardware used may present computational limitations. It is therefore necessary to strike a balance between the accuracy of the model and the hardware’s ability to respond to that model.



Based on the analysis of the related studies, three models were identified that could potentially have the best results in the development of the solution to be proposed, for the reasons described below. YOLOv3 was the most widely used model in the studies analyzed and is therefore included in this selection. In the future, its Tiny version will be used, which is recognized for being lighter, more efficient, and less computationally demanding. The choice of the MobileNet-SSD model was based on its use in embedded boards with few computing resources. This selection was based on the model’s ability to offer satisfactory performance (87.5% mAP [19]). Finally, the ResNet-50 model was also selected due to its remarkable accuracy performance in [7,15], oscillating between 85% and 100% in various test conditions. It is also highlighted as the second most used model in the related works studied, demonstrating the relevance and efficiency of this model in different contexts. Considering that the system will be placed in remote locations (such as pedestrian routes), access to operational resources will probably be limited. Therefore, the option for a system with low power consumption should be considered.



The adaptation of the dataset to the context is also a point of analysis. In the existing studies, no dataset has been identified that is perfectly aligned with the requirements of the work described in this paper. It is therefore essential to build one that encompasses people and bicycles and considers the possibility of including motorcycles. It is also important that the images that make up the dataset are captured on footpaths or in similar scenarios, such as dirt tracks. In this way, the development of the dataset plays a key role in training and testing the model to achieve more accurate detection.



Finally, based on the analysis of the previous studies, it is now possible to answer the research questions.



	
Question No. 1—How can different types of users (cyclists and pedestrians) on cycling and hiking trails and routes be distinguished?






The classification of different types of users on cycling and pedestrian routes can be carried out using computer vision and machine learning (ML) techniques. A computer vision system can be trained to recognize distinctive features between cyclists and pedestrians, using convolutional neural networks to learn patterns in the data received from real-time video frames, thus distinguishing pedestrians from cyclists. All the articles studied present a detection model based on CNNs.



	
Question No. 2—How can different types of users (cyclists and pedestrians) on cycling and hiking trails and routes be counted?






Quantifying different types of users on cycling and pedestrian routes involves counting the number of cyclists and pedestrians present in a scene, which must first be detected. Object detection techniques can therefore be used to identify and locate cyclists and pedestrians in a video frame in real time. Counting is then carried out based on the detections. This can be completed using the inputs and outputs of an ROI, as in [14,21].



	
Question No. 3—What frameworks exist for solutions to detect different types of users on cycling and hiking trails and routes?






Tensorflow, TensorRT, Keras, and PyTorch are examples of ML and deep learning frameworks. In the article [23], TensorRT was used and in [24], a comparison of accuracy between TensorRT and PyTorch was carried out. Tensorflow was the framework chosen in [18,20].



The next section presents the definition of computer vision, as well as CNN architectures, highlighting the one-stage detection and two-stage detection approaches. As expected, the characteristics of the following CNN models will be presented: YOLOv3-Tiny, MobileNet-SSD V2, and ResNet-50.





3. Computer Vision Techniques


Computer vision is a technology that makes it possible to develop systems capable of understanding and interpreting visual information and thus describing it accurately and efficiently, automatically. Computer vision applications use artificial intelligence and machine learning. They use a vast number of images and videos captured by different devices, such as smartphones, surveillance cameras, and traffic systems, among others. These data are processed for object identification and facial recognition, as well as classification, recommendation, monitoring, and detection. In the future, various computational performance tests will be carried out to determine the best hardware solution for developing the proposed solution.



Deep learning is a machine learning technique that teaches computers to do what comes naturally to humans (i.e., learn by example), by creating and training convolutional neural networks. Training is carried out based on datasets, such as a dataset of images [25,26]. This field has evolved considerably in recent decades thanks to advances in image processing capacity and the increased availability of more data [27]. In this way, computer vision plays an important role in the context of the work presented in this paper, since the aim is to study the use of cameras to capture visual information from pedestrians, cyclists, or other users on walking, hiking, and cycling trails and routes. Figure 8 represents the concept described.



Throughout this section, convolutional neural networks and their layered architecture will be explored. In addition, one-stage and two-stage detection strategies will be discussed, providing examples of models that implement these approaches. Finally, provides details regarding the most promising models to be considered for implementation in the future prototype.



3.1. CNN Architectures


Most computer vision algorithms that detect objects in real time use CNNs, as they are generally the ideal choice [28], since they are especially effective at extracting features from images, identifying relevant patterns, and locating objects within a scene [29], efficiently and quickly. Convolutional neural networks are deep learning networks, influenced by the functions and organization of the visual cortex. They are designed to resemble the behavior of neurons in a human brain [30].



Figure 9 shows the structure of convolutional neural networks. They are made up of convolutional, pooling, and fully connected layers, each of which has a specific function in propagating the input image. The convolutional layers are responsible for extracting features from the previous layers or from the input image if it is the first layer of the network. The main function of the pooling layers is to simplify the information at the output of the convolutional layer [31], reducing the size of the data, as well as helping to make the representation constant in small translations of the input. The deep learning used with convolutional neural networks is characterized by the repetition of the convolutional and pooling layers [32]. Finally, the fully connected layer is responsible for propagating the signal through point-to-point multiplication and the use of an activation function. The last layer outputs the probability of an input image belonging to one of the classes for which the network was trained, depending on the activation function used [33].



Object detection consists of two operations: object localization, which detects where an object is present, and object classification, which determines the class to which the object belongs. However, finding the location of objects using CNNs is challenging due to differences in image views, sizes, postures, and lighting conditions [34]. Thus, the models that can be used for these tasks fall into two approaches: one-stage detection and two-stage detection. To summarize, two-stage detection models tend to achieve greater precision in object detection [35], while one-stage detection focuses more on speed [36]. Each of these approaches will be presented below. Figure 10 shows three examples of models for each of them.



	
One-Stage Detection






One-stage detection models simultaneously localize and classify objects, as illustrated in Figure 11. Initially, the images are analyzed by a feature extractor using CNN. The extracted features are then used directly for classification and regression of the bounding box coordinates [37].



Compared to two-stage detection, these models are much faster and strike a balance between speed and detection accuracy [36]. Because of their speed, they can be used for real-time object detection.



	
Two-Stage Detection






Two-stage detection solves the problem of detection in two phases, as illustrated in Figure 12. The first stage involves creating an ROI and extracting features using CNNs. The second phase consists of putting the results identified in the ROI into the SVM or CNN-based classifier to classify the objects and then correcting the object positions using bounding box regression [36].




3.2. CNN Model Analysis


In this subsection, the possible models to be used for the future implementation of the prototype for detecting and counting different users of cycling and hiking trails and routes will be analyzed.



3.2.1. YOLOv3-Tiny


YOLOv3 [38] is a real-time object detection model. It performs one-stage detection, so it processes the entire image only once to try to find objects. It divides the image into a grid of 3 × 3 cells, and each cell is responsible for predicting whether or not there is an object in its area, as shown in Figure 13. For each cell, the model makes a prediction consisting of a bounding box representing the area of the object in the image, a probability indicating the presence of an object within that box, and the class of the object, where applicable. This process offers high precision and efficiency in object detection [39].



YOLOv3-tiny [40] is a reduced version, designed to be more efficient in terms of computational resources. It uses 13 convolutional layers, a much smaller number than the 106 layers present in the standard version (53 convolutional layers added to the 53 layers of the Darknet-53 feature extractor used by YOLOv3) [41]. As this architecture has fewer filters, it reduces the size of the model and the training time. Figure 14 shows the architecture of the YOLOv3-Tiny model. It is an excellent option for applications that require high computational efficiency, such as mobile devices or embedded systems [38].




3.2.2. MobileNet-SSD V2


MobileNet-SSD V2 (MobileNet Single Shot Detector) is a model specially designed for mobile devices such as smartphones, tablets, and embedded systems with low computing power. This Single Shot Detector (SSD) object detection model uses MobileNet as a backbone and can perform fast object detection [42,43]. Compared to the previous version (V1), there was a significant reduction in the complexity, cost, and size of the model to make it possible to use it on devices with low computing power. The MobileNet-SSD V2 model has an architecture divided into two distinct parts. In the first phase, the MobileNetV2 base network plays the role of extracting characteristics. Two types of block are incorporated, a residual block with a stride of one (processing the image information pixel by pixel) and others with a stride of two (every two pixels). The purpose of these blocks is to reduce the number of parameters and improve the network’s performance, contributing to efficient visual feature extraction. In the second phase, the SSD layer uses the features extracted by MobileNetV2 to detect and classify objects in the image.



MobileNet-SSD V2 was thus designed to achieve competitive accuracy with few parameters and minimal computational complexity, with the advantage of having a faster inference time compared to the V1 version. It thus proves to be effective in image classification, object detection, and image segmentation [44]. Figure 15 shows the architecture of this model.




3.2.3. FasterRCNN and ResNet-50


Faster R-CNN with ResNet-50 is an object detection implementation technique that integrates these two technologies [45]. The term Faster R-CNN refers to an approach that divides the image into regions and then uses a CNN to process these regions and identify objects. ResNet-50 is a deep neural network architecture known as a “residual network”, which aims to overcome training challenges in these networks [46]. As can be seen in Figure 16, by joining these two technologies, one benefits from ResNet-50’s ability to extract complex features from images, while Faster R-CNN handles the task of object detection [47].






4. Performance Evaluation


This section presents a performance comparison between the most promising models identified above. Thus, YOLOv3-Tiny, MobileNet-SSD V2, and FasterRCNN with ResNet-50 models will be evaluated for detecting pedestrians, cyclists, or other users on walking, hiking, and cycling trails and routes. Firstly, the dataset created for this work is presented. Secondly, the benchmark scenario and the performance metrics are described. And thirdly, the results are presented, analyzed, and discussed.



4.1. Dataset Description


After extensive research, it was decided that we create a new dataset of images that allowed joint and individual detection of people, motorcycles, and bicycles. This dataset will be used to train and validate the models under analysis. Various images were selected from [48,49]. For both websites, there is no need for special licenses to use their images. In addition to these images, some proprietary images were also captured in an environment that resembles the real context of this work. These images were captured with an iPhone 13 in a vertical orientation. They were taken in two different positions, some at ground level and others about 1 m above the ground. The final dataset is available in [50]. It is categorized into three different classes: persons, bicycles, and motorcycles. It consists of 440 images, organized into three subsets: 70% for training, consisting of 309 images; 20% for validation, comprising 89 images; and 10% for testing, with 42 images. The discrepancy in the number of images between the person class and the other two classes is due to the variety of accessories that people can carry with them, such as backpacks, hiking poles, overcoats, and raincoats. For the object detection model to be able to recognize these accessories, a greater number of images of this class were required. Table 2 shows the number of images per set and per class in the dataset.



The Roboflow tool [10] was used for the labeling process [51], where annotations are created for each image. The goal of this phase is to indicate to the model the location of the objects in the images, as well as identify their class. Figure 17 illustrates the process of creating image annotations with Roboflow, while Figure 18 shows the images already annotated.



Images captured in adverse weather and lighting conditions were annotated and incorporated into the dataset, as shown in Figure 19. These images enrich the diversity of the dataset, giving the detection model the ability to deal effectively with different real-world scenarios.




4.2. Benchmark Scenario


The Google Colab platform [52], which provides computing resources, was used to train the models. To train the three models, a machine with the following characteristics was allocated: an NVIDIA T4 graphics card with 16 GB of VRAM and 13 GB of RAM. With the use of a free Google Colab subscription, this platform is limited in the amount of time it can be used. As the graphics card is the most important piece of hardware in the model training process [53], this subscription only allows for approximately 6 h of use. This number of hours is not exact, nor is it disclosed by Google, as these usage limitations are dynamic and vary according to how the platform is used [54]. Therefore, the model was saved in Google Drive [55] at the end of each training epoch. It was also necessary to use another Google account to split up the YOLOv3-Tiny model training process.



To implement the training of the YOLOv3-Tiny model, an existing notebook on Google Colab created by Roboflow was used, which was adapted from YOLOv4 to YOLOv3-Tiny [56]. On the machine provided, the NVIDIA Cuda Compiler Driver [57] was installed to associate the graphics processing unit (GPU) hardware with the execution. It also installed the Darknet framework, which is an open-source neural network architecture implemented in C and CUDA, recognized for its speed, ease of installation, and support for computing on the central processing unit (CPU) and GPU [58]. Next, the YOLOv3-Tiny base weights [59] were downloaded in YOLO Darknet format. With the help of the Roboflow library for Python [60], it was easy to download and prepare the dataset for the framework, as shown in Figure 20.



After this stage, the images and labels were prepared in the correct directories. A training configuration file adjusted to the dataset used was also built. The changes made to this code were the number of epochs (max_batches), where the value was changed to 6000. The value recommended by the notebook follows the instructions in the darknet repository, which states that max_batches should be defined as the number of classes multiplied by 2000 while ensuring that it is not less than the number of training images and not less than 6000 [61].



In the next phase, the training was carried out using the command shown in Figure 21, where Darknet took control of the process.



Once the training was complete, it was possible to analyze the first 1000 epochs, followed by analysis at each increment of 100 subsequent epochs. These analyses were extracted to a results.log file where information was displayed, highlighting the current training epoch number, the average loss in training (loss), average detection accuracy (mAP), the best average accuracy achieved so far (best), time remaining to complete training based on current progress, details of the average loss (avg loss), and the total number of images processed so far (images). Figure 22 illustrates this analysis in the file, at iterations 1299 and 1300 of the training.



The MobileNet-SSD V2 model was implemented using the TensorFlow framework in a Google Colab notebook [62]. It was later copied and adapted to our case [63]. Initially, the dependencies for TensorFlow object detection were installed, guaranteeing the availability of the libraries needed for the process. Next, to prepare the training data, the dataset was downloaded in Pascal VOC format and TFRecords format from the Roboflow platform. The purpose of this notebook is to convert the images and their XML files, in Pascal VOC format, into TFRecords format, to be used by TensorFlow during training. In addition, tests were carried out to evaluate the performance of the trained model, also using test images extracted from the dataset in Pascal VOC format. The use of the Roboflow platform considerably simplified this task.



In the training configuration, the MobileNet-SSD V2 model to be used was selected from the TensorFlow 2 Object Detection Model Zoo [64]. At this stage, hyperparameters were also specified for training the model, such as the number of epochs (num_steps) and batch_size, which represent the number of images to be used per training step. In this case, 6000 epochs and 16 images were selected, respectively. Every 100 epochs, the time taken and metrics such as classification_loss, localization_loss, regularization_loss, total_loss, and learning_rate were displayed. Figure 23 provides a detailed view of the outputs, focusing particularly on the 5900th iteration epoch.



Subsequently, the model resulting from the training was converted into the TensorFlow Lite format, a version optimized for devices with low computing power. Still in the notebook, the model was tested on 10 test images, before the mAP was calculated to assess the model’s effectiveness in terms of average detection accuracy.



ResNet-50 was implemented in a notebook based on [65]. The framework used to train this model was PyTorch [66]. A clone was made of a repository created in [65]. After this step, the Roboflow library [60] was used to download and format the dataset in Pascal VOC format. Next, the training configuration file was prepared to assign the paths of the training and test images and labels. This file, shown in Figure 24, also defines the classes present in the dataset and their ID.



Next, the “train.py” file needs to be executed to start training the model. As can be seen in Figure 25, input parameters need to be set: the location of the training configuration file, the number of epochs to be trained, the model to be used, the name of the output of the trained model, and the batch size.



The model selected was “fasterrcnn_resnet_50_fpn_v2”, the output name was “custom_training”, and the batch size value was 8. For each training epoch, the metrics loss, loss_classifier, loss_box_reg, loss_objectness, loss_rpn_box_reg, and execution time are displayed, as shown in Figure 26.



At the end of each epoch, tests were also carried out on the model, shown in Figure 27, resulting in a summary of validation metrics, such as Average Precision and Average Recall. The mAP is also displayed if these results are better than those obtained previously.



The test environment was then carried out on a device with an Intel-Core I7-11370H CPU, 16 GB of RAM, and an NVIDIA RTX 3050 GPU. All the models were tested on it, allowing an equal comparison between models in terms of accuracy, processing speed, and model efficiency.




4.3. Performance Metrics


In order to assess the effectiveness of models in detecting and classifying objects, it is essential to understand the metrics associated with these methods. AP (average precision) is a commonly used metric in binary classification and information retrieval. It serves to summarize the precision–recall curve and provides a single numerical value that characterizes the quality of retrieval results for a given class or category. This is particularly relevant in tasks like object detection [67]. It is calculated according to Equation (1).
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One of the most important and widely used metrics is the mAP. It is calculated as the average of the accuracies at different recall levels (evaluation of the model’s effectiveness in detection). The mAP is an important metric because it is insensitive to the size of the objects, allowing effective comparison of models. It is calculated using Equation (2), using the average of the APs of all the classes considered.
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The F1-Score is a metric commonly employed to evaluate a model’s precision. It combines both precision and recall into a unique measure. Consequently, it offers an assessment of a model’s performance across varying levels of precision and recall. It is mainly calculated using true positives, false positives, and false negatives, as delineated in Equation (3).
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Intersection over union (IoU) is also used to assess the accuracy of a model. It is calculated as the ratio of the area of intersection of the detection and the area of union of the detection and the reference rectangle. It is also a metric that is independent of the size of the objects, which makes it useful for comparing models of different sizes. The loss metric represents the collective error in the model’s predictions, calculated as the difference between the model’s output and the desired value. The loss_classifier measures the discrepancy between the model’s predictions and the actual classes of the objects in the image, quantifying how far off the model’s predictions are from the actual classes. This encourages the model to adjust the parameters to minimize this discrepancy. The loss_box refers to the loss associated with the location or bounding box, assessing the discrepancy between the coordinates of the bounding box predicted by the model and the actual coordinates of the object’s bounding box in the image. The loss_rpn_box specifies the loss associated with adjusting the bounding boxes generated by the RPN (Region Proposal Network). The loss_object metric is used to assess the overall accuracy of a model, looking at the accuracy of the location of objects in the image and the correct assignment of categories to objects. It is a weighted combination of these two components, reflecting the overall accuracy of the model in detecting and classifying objects.



Overfitting [68] represents a significant challenge when training CNNs. It is manifested when a model is overtrained, going so far as to memorize specific details of that data. As a result, the model demonstrates outstanding performance on the training data, but fails when dealing with new data. To mitigate this problem, a balance must be struck in accurately capturing meaningful patterns, while avoiding building an overly complex model that adapts too much to the training data. Figure 28 provides an illustration of the concept of overfitting.



For overfitting prevention Early Stopping [69], Figure 29 illustrates the concept, showing the training error in blue and the validation error in red as a function of the training epochs. If the model continues learning after a certain point, the validation error will increase while the training error will continue to decrease. The aim is to find the right moment to stop training, avoiding both underfitting and overfitting.




4.4. Results and Discussion


To evaluate the results obtained with each of the models, initially, each of the models was trained and the respective training results were obtained. Then, various tests were carried out using real videos to assess the ability of each model to detect the various classes (persons, bicycles, and motorcycles).



4.4.1. Train


YOLOv3-Tiny training lasted a total of 2 h and 30 min. For each iteration, a graph was generated, as shown in Figure 30, in which the mAP values are shown in red, while the training loss values are shown in blue. The graph shows the upward trend of the mAP over the epochs, indicating a continuous improvement in detection accuracy. The model ended with a mAP of 68.7%, which is an acceptable performance. In addition, the graph showed the exponential decrease in training loss, initially sharp and stabilizing at values close to 0.1.



Figure 31 shows the AP of each class, where bicycles obtained 65.27%, motorcycles 78.71%, and persons 62.02%. In addition to this information, a precision of 71%, a recall of 57%, and an F1-score of 63% were obtained.



Training the MobileNet-SSD V2 model was faster than YOLOv3-Tiny, taking approximately 31 min. The mAP calculated for this model shown in Figure 32 was 44.52%, which is considered a relatively low value. This lower value may be a consequence of training speed that may impact accuracy.



A TensorBoard session was started to monitor the training progress of the MobileNet-SSD V2 model [70]. Figure 33 shows the results of the loss metrics, where there is a variation in values over the epochs in the classification loss, localization loss, regularization loss, and total loss metrics. Figure 34, on the other hand, shows the learning rate metric, where it can be concluded that, close to 1500 epochs, the model no longer learns.



The ResNet-50 model took 3 h and 50 min to train, making it the longest. A mAP of 61.5% was obtained in epoch 43. Figure 35 shows the evolution of the mAP over the epoch. The model’s evolution in terms of accuracy does not improve significantly from epoch 30 onwards. So, there is no need for exhaustive training of the model.



Figure 36 shows the metrics associated with ResNet-50 training, focusing on the various losses. Analysis of this figure reveals an evolution over the seasons, manifested by the constant decrease in all the values represented in it. In the last season considered, the results obtained were as follows: loss 0.0261, loss_classifier 0.0166, loss_box 0.0313, loss_rpn_box 0.0058, and loss_object 0.0016. These values demonstrate a remarkable ability to recognize and identify objects. The consistent reduction in losses over the epochs suggests that the training is evolving towards an optimal solution.



The ResNet-50 model was validated in order to check its accuracy. The images used for this scenario were the validation images in the dataset described above. Figure 37 shows the results obtained at this stage, with an AP of 56.2% in the bicycle class, an AP of 67.6% in the motorcycle class, and an AP of 51.1% in the person class. These results gave a mAP of 58.3%, suggesting that the model performed reasonably well.




4.4.2. Tests


To validate the results obtained, several comparative tests were carried out on the three trained models, using various videos recorded in real context. For these tests, the error/accuracy of the different models was taken into account as well as the consumption of computational resources using the FPS comparison. According to [71], video input is more demanding in terms of computing power than direct input from a webcam or similar device. The confidence parameter was set to 93%, i.e., only bounding boxes appear for the object classes that the model has identified with a confidence equal to or greater than this threshold.



In a future prototype, it is intended to place the camera in strategic locations, such as on a pole about a meter off the ground (a topic that will be studied in the second part of this work). In addition, cameras with a high field of view (FOV) will be used, allowing objects to appear in the scene for longer. The initial option of carrying out tests with the camera positioned on the ground aims to provide an effective preliminary evaluation of the algorithms under controlled conditions, allowing for initial optimizations before transitioning to the final configuration.



For the first test, a video containing a bicycle moving toward the camera was used to see how each of the models identified this element. In Figure 38, we can see that all the models correctly identify the bicycle class. Interestingly, ResNet-50 also classifies a dog in the scenario as a person, which is an error.



Figure 39 shows that both YOLOv3-Tiny and ResNet-50 models correctly identify a bicycle even when it moves in the opposite direction to the camera. In contrast, MobileNet-SSD V2 identifies a bicycle as a person. It can also be seen that ResNet-50 wrongly identifies a dog as a person. For this test, it can be concluded that YOLOv3-Tiny performs better than the other models.



For the second test, videos containing people were used to see how each of the models identified this element. Figure 40 shows that all the models correctly identified the people present, classifying them as a person. It is worth noting that ResNet-50 again identified wrongly a dog as a person. So, YOLOv3-Tiny and MobileNet-SSD V2 models perform better in this test.



For the last test, videos containing motorcycles were used to assess their identification by each of the models. Figure 41 shows motorcycles moving in the opposite direction to the camera. YOLOv3-Tiny and ResNet-50 models correctly detect and classify motorcycles, whereas MobileNet-SSD V2 incorrectly mistakes the motorcycle with a person. Therefore, for this test, it can be concluded that YOLOv3-Tiny and ResNet-50 perform better.



Figure 42 shows a motorcycle moving towards the camera. Both the YOLOv3-Tiny and MobileNet-SSD V2 models fail to classify the motorcycle, wrongly classifying it as a person. ResNet-50 correctly identifies the motorcycle. Therefore, it performs better in this case. Figure 43 shows that all the models were able to correctly classify the motorcycle when it was near the camera.



As far as computing resources are concerned, after the video test was completed, it was observed that the most demanding model was the ResNet-50, reaching only 4.15 FPS. On the other hand, the model that proved to be the least demanding was the MobileNet-SSD V2, reaching 27.85 FPS. Finally, the YOLOv3-Tiny achieved a rate of 16.58 FPS. From these results, it was concluded that ResNet-50 could be too demanding for the scenario considered in the context of this work. Table 3 summarizes the results of the performance metrics of the models under evaluation.



It was concluded that YOLOv3-Tiny achieved a mAP of 68.7%, while MobileNet-SSD V2 only achieved 44.52%. These results corroborate the results obtained in the validation of the models, indicating that YOLOv3-Tiny has superior accuracy. Although MobileNet-SSD V2 offers a higher FPS rate, its lower accuracy suggests a limitation in the reliability of the data obtained. Based on this analysis, YOLOv3-Tiny is considered the most promising model for the solution to be developed in future work.






5. Conclusions


This work aims to present a response to the identified challenge of the lack of accurate and reliable data on the actual use of walking, hiking, and cycling trails and routes. The absence of detailed information on the frequency of use and the types of users of these infrastructures hinders the assessment of the tourist impact on the regions, as well as management, maintenance, and access control itself.



Initially, a comprehensive study was carried out of various projects, techniques, and methods applied to the identification and quantification of different types of users. For this study, an analysis of various articles was conducted using the PRISMA methodology. As a result of this analysis, 12 articles were selected that fit the theme of this work. Considering these articles, a critical analysis was carried out of the most prevalent and most promising computer vision techniques. YOLOv3-Tiny, MobileNet-SSD V2, and ResNet-50 were identified for further study. Next, fundamental concepts of computer vision, CNN architectures, as well as one-stage and two-stage detection approaches were covered, followed by an analysis of the specific features of YOLOv3-Tiny, MobileNet-SSD V2, and ResNet-50.



Then, a performance assessment was carried out of these models. A new dataset was developed for this purpose. The benchmark scenario and the training environment for each model were detailed. The performance metrics used to evaluate the results obtained for each of the models were also explained. The training and validation results for each model were then analyzed. In addition, to validate the training results, a set of tests were carried out using videos captured in real context. Due to the hardware limitations of the prototype to be built in future work, the results analysis also considered the computing power required for each model, measuring their performance in terms of frames per second. In conclusion, it should be noted that, although YOLOv3-Tiny did not register the best FPS rate, it did achieve the best mAP. Thus, the choice between real-time performance and accuracy leads to the conclusion that YOLOv3-Tiny is the most promising model to be used in the development of the future prototype.



It should be noted that the work presented in this paper represents the first step in an ongoing effort to develop a prototype to be applied, tested, and demonstrated in real-world scenarios. Therefore, as for future work, it is necessary to consider technological challenges, as well as opportunities to improve it. In this way, challenges are faced in remote environments, subject to adverse conditions such as rain, fog, extreme temperatures, and the risk of malicious activities such as theft. To guarantee the system’s operability in the face of these challenges, it is essential to implement suitable protections. In addition, the issue of energy is crucial, considering that setting up a network infrastructure for the site can be unfeasible. In this context, the implementation of alternative energy sources, such as solar panels [72], is a viable solution. Mobile network integration is also indispensable for the efficient transmission of collected data to a centralized database. Although it is possible to schedule the periodic transmission of data, optimizing resource consumption, the absence of mobile network infrastructure can be circumvented by involving route users. An effective strategy in this regard involves the use of a dedicated mobile application installed on users’ devices, turning them into “bridges” for data transfer. In addition to these challenges, it is necessary to substantially enrich the dataset, and carry out additional tests to optimize the mAP in the models evaluated.
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Figure 1. Signage used on the routes. 
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Figure 2. Examples of signposted sites. 
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Figure 3. Flowchart of the research phases. 
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Figure 4. Publication years of the articles. 
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Figure 5. Datasets used. 






Figure 5. Datasets used.



[image: Futureinternet 16 00104 g005]







[image: Futureinternet 16 00104 g006] 





Figure 6. Detection models used. 
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Figure 7. Tracking methods used. 
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Figure 8. Example of cyclist classification and detection. 
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Figure 9. Simplified architecture of CNNs. 
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Figure 10. Classification of models in one-stage detection and two-stage detection. 
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Figure 11. One-stage detection model architecture. 
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Figure 12. Two-stage detection model architecture. 
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Figure 13. 3 × 3 frame division. 
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Figure 14. YOLOv3-Tiny architecture. 
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Figure 15. MobileNet-SSD V2 architecture. 
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Figure 16. FasterRCNN and ResNet-50 architecture. 
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Figure 17. Image annotation on the Roboflow platform. 
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Figure 18. Annotation of three images from the dataset with their respective classes. 
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Figure 19. Images affected by atmospheric and lighting conditions. 
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Figure 20. Use of the Roboflow library. 
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Figure 21. Command to perform the training. 
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Figure 22. Log file with analysis of iterations 1299 and 1300. 
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Figure 23. Runtime output and loss metrics at the iteration epoch 5900. 
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Figure 24. ResNet-50 training configuration file. 
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Figure 25. Command to run ResNet-50 training. 
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Figure 26. Epoch 42 training metrics. 
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Figure 27. Epoch 42 validation metrics. 
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Figure 28. Illustration of the concept of overfitting. 
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Figure 29. Validation error versus training error. 
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Figure 30. Training loss and mAP in YOLOv3-Tiny. 
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Figure 31. YOLOv3-Tiny training results. 
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Figure 32. MobileNet-SSD V2 training results. 
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Figure 33. MobileNet-SSD V2 loss metrics. 
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Figure 34. MobileNet-SSD V2 learning rate metric. 






Figure 34. MobileNet-SSD V2 learning rate metric.



[image: Futureinternet 16 00104 g034]







[image: Futureinternet 16 00104 g035] 





Figure 35. ResNet-50 mAP. 
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Figure 36. ResNet-50 training metrics. 
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Figure 37. ResNet-50 validation results. 
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Figure 38. Examples of bicycle detection results for the three models (moving towards the camera). 
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Figure 39. Examples of bicycle detection results for the three models (moving in the opposite direction to the camera). 
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Figure 40. Examples of person detection results for the three models. 
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Figure 41. Examples of motorcycle detection results for the three models (moving in the opposite direction to the camera). 
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Figure 42. Examples of motorcycle detection results for the three models (moving towards the camera). 
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Figure 43. Examples of motorcycle detection results for the three models. 
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	References
	Study
	Year
	Dataset
	Methodologies
	Results





	[14]
	Vehicle Counting on Vietnamese Street
	2023
	Dataset created by the author
	YOLOv8, StrongSORT
	mAP of 82.9%



	[15]
	Development of Automated People Counting System using Object Detection and Tracking
	2023
	MS-COCO
	Mask R-CNN, ResNet-50
	mAP of 100% and 97.62% in plans with simple funds and 85.73% in complex funds



	[16]
	Pedestrian and Object Detection using Image Processing by YOLOv3 and YOLOv2
	2023
	MS-COCO
	YOLOv3
	mAP of 57.9%



	[17]
	Vehicle Counting based on Convolution NeuralNetwork
	2023
	UA-DETRAC
	YOLOv3, SORT
	Counting accuracy of 85.45%



	[18]
	People Detecting and Counting System
	2021
	ImageNet
	ImageNet
	N/A



	[19]
	Intelligent multimodal pedestrian detection using hybrid metaheuristic optimization with deep learning model
	2023
	UCSD (Ped-1 e Ped-2)
	YOLO-v5, RetinaNet
	AUC score of 98.86% (Ped-1) and 97.58% (Ped-2)



	[20]
	Realtime Vehicle Counting Method Using Haar Cascade Classifier Model
	2021
	3 min video (origin not described)
	Haar Cascade Classifier algorithm
	mAP of 91.2%



	[7]
	Real-time Train Wagon Counting and Number Recognition Algorithm
	2022
	Dataset created by the authors
	ResNet-18, ResNet-34, ResNet-50
	Accuracy of 99.2% at 36 FPS (ResNet-18), 99.4% at 22 FPS (ResNet-34), and 99.7% at 10 FPS (ResNet-50)



	[21]
	Improved Person Counting Performance Using Kalman Filter Based on Image Detection and Tracking
	2021
	N/A
	YOLOv3 e Kalman Filter
	N/A



	[22]
	Performance Evaluation of Deep Learning Models on Embedded Platform
	2021
	Dataset created by the authors
	YOLOv4, MobileNet-SSD
	mAP of 91% with 7.2 FPS (YOLOv4) and 87.5% with 40 FPS (MobileNet-SSD)



	[23]
	EmbeddedPigCount: Pig Counting with Video Object Detection and Tracking on an Embedded Board
	2022
	Hallway, pig pen, people in top view
	LightYOLOv4, DeepSORT
	mAP of 94.95%



	[24]
	Counting People and Bicycles in Real Time Using YOLO on Jetson Nano
	2022
	Dataset created by the authors
	Yolov5, V-IOU
	mAP of 44.4%










 





Table 2. Number of images per set and class in the dataset.






Table 2. Number of images per set and class in the dataset.











	
	No. of Training Images
	No. of Validation Images
	No. of Test Images





	Persons
	180
	53
	25



	Bicycles
	63
	17
	9



	Motorcycles
	68
	19
	8



	Total
	311
	89
	42










 





Table 3. Comparative table of performance metrics of the models tested.






Table 3. Comparative table of performance metrics of the models tested.











	
	AP
	mAP
	FPS





	YOLOv3-Tiny
	Bicycle: 65.27%

Motorcycle: 78.71%

Person: 62.02%
	68.7%
	16.58



	MobileNet-SSD V2
	Bicycle: 46.88%

Motorcycle: 50.51%

Person: 36.16%
	44.52%
	27.85



	FasterRCNN and

ResNet-50
	Bicycle: 56.2%

Motorcycle: 67.6%

Person: 51.1%
	58.3%
	4.15
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