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Abstract: Crosswalks play a fundamental role in road safety. However, over time, many suffer wear
and tear that makes them difficult to see. This project presents a solution based on the use of computer
vision techniques for identifying and classifying the level of wear on crosswalks. The proposed
system uses a convolutional neural network (CNN) to analyze images of crosswalks, determining
their wear status. The design includes a prototype system mounted on a vehicle, equipped with
cameras and processing units to collect and analyze data in real time as the vehicle traverses traffic
routes. The collected data are then transmitted to a web application for further analysis and reporting.
The prototype was validated through extensive tests in a real urban environment, comparing its
assessments with manual inspections conducted by experts. Results from these tests showed that the
system could accurately classify crosswalk wear with a high degree of accuracy, demonstrating its
potential for aiding maintenance authorities in efficiently prioritizing interventions.

Keywords: pedestrian crossings; smart cities; computer vision; convolutional neural networks;
performance evaluation

1. Introduction

Crosswalks play a crucial role in urban safety and mobility, providing a safe envi-
ronment for pedestrians to cross public roads and contributing to the reduction in traffic
accidents. In Portugal, between January and November of 2023, 33,721 road accidents were
recorded, of which 13.01% resulted in pedestrians being run over [1]. Even more alarming
is the fact that 11.1% of the victims of these accidents were fatalities. These 2023 statistics
serve to highlight the vulnerability of pedestrians on urban roads and underline the urgent
need for measures to ensure their safety.

As with other urban infrastructures, crosswalks are subject to several factors that
can lead to their degradation over time. These include continuous exposure to natural
elements and wear and tear caused by constant traffic. These crossings face challenges
that compromise their functionality and safety. Given this scenario, it is crucial to explore
technological solutions that help detect and classify the state of degradation of crosswalks.
The utilization of computer vision techniques enables the development of systems that are
capable of not only identifying the presence of crosswalks but also assessing their level of
conservation. These systems facilitate the collection and provision of crucial information to
the authorities responsible for maintaining this equipment. The continuous analysis of the
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state of these crossings, through these systems, can play a crucial role in improving urban
infrastructure, contributing to safety and quality of life in cities.

The principal objective of this project is to develop a prototype capable of detecting
and classifying the deterioration of crosswalks. This prototype will generate data that can
be accessed via a web platform designed for relevant authorities, thereby enabling them to
ascertain the condition of various crosswalks and their respective states of disrepair.

This paper is organized into five sections. Section 1 presents the context of this work
and its objectives. Section 2 presents the computer vision techniques used to classify the
state of degradation of pedestrian crossings. Two different approaches are considered,
and the results obtained by each are evaluated. Section 3 presents the construction details
of a functional prototype to detect and classify the state of degradation of pedestrian
crossings. Section 4 presents the validation tests of the proposed prototype. Finally,
Section 5 concludes this work and identifies potential future research developments.

2. Classification of the State of Degradation of Pedestrian Crossings with Computer
Vision Techniques

To achieve the main objective of the proposed work, the system developed should be
able to detect and classify the state of degradation of crosswalks based on computer vision
techniques. Computer vision is a field of study that focuses on the ability of computing
machines to interpret images, videos, and other visual data. This information is used for a
variety of purposes, including object detection and classification. Detection is related to
identifying the location of the object, while classification is related to assigning a class to
this object [2]. These concepts are illustrated in Figure 1.
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Figure 1. Illustration of the concepts of detection and classification.

Cameras are typically the primary source of data for this purpose. It is therefore crucial
to have a large data set to ensure accurate detection of the desired object. In addition,
the implementation of algorithms is essential to allow the model to learn autonomously,
without human intervention. This technology has applications in various fields, including
machine learning [3] and deep learning [4]. These areas instruct computers to think like
the human brain, enabling them to recognize complex patterns in images, texts, sounds,
and other forms of data [5]. These patterns can be identified using convolutional neural
networks (CNNs), which are a set of interconnected layers. The main purpose of these
layers is to simulate the neurons of a human being. Figure 2 depicts the architectural
framework of a convolutional neural network (CNN), which receives an image containing
an object as input and returns one or more classes to classify the object’s category.

This section will present, discuss, and analyze the computer vision techniques used
to achieve the proposed objective of detecting and classifying the state of degradation of
crosswalks. Firstly, the Adaptive Threshold technique and its application for classifying the
state of degradation of crosswalks will be presented. The limitations of this technique and
the configurations required for its application will be discussed. This approach, although
initially showing promising results, has revealed some limitations under certain conditions.
To improve these limitations, the following section presents a second approach utilizing
the YOLOv4-tiny model, with an enhanced and modified dataset, for a more effective
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classification of crosswalk wear levels. Finally, a comparative performance analysis of the
two approaches is conducted, describing the benchmark scenario and the metrics used to
evaluate the results obtained.
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2.1. Adaptive Threshold Classification

Adaptive Thresholding [6] is a technique employed in image processing to distinguish
between the foreground and background of an image. To achieve this, a threshold value is
selected, whereby all pixels with an intensity above this threshold are considered to belong
to one class, which is represented by the color white. In contrast, pixels with an intensity
below the threshold are categorized in another class, which is often represented by the
color black.

In contrast to the application of a single threshold value to the entire image in global
thresholding, adaptive thresholding employs the calculation of specific threshold values
for different regions of the image. In this method, the threshold value for each pixel is
determined based on the characteristics of its neighborhood.

Several different types of thresholding are employed in image processing, as illustrated
in Figure 3.

• Global Thresholding: This applies a single threshold value to the entire image.
• Otsu’s Thresholding: This automatically determines the optimal threshold value based

on the image histogram.
• Adaptive Mean Thresholding: This calculates a threshold value for each region of the

image based on the average of the intensity values of the pixels in that region.
• Adaptive Gaussian Thresholding: This is like Adaptive Mean Thresholding but calcu-

lates the threshold value using a weighted average based on the Gaussian distribution.
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The potential for combining different thresholding methods can assist in the detection
of wear and tear on crosswalks. This approach is particularly beneficial in environments
where lighting conditions are variable. By leveraging the strengths of each technique,
it is possible to obtain more reliable and accurate results in identifying worn areas of
crosswalks, which is a crucial objective of this project. Figure 4 illustrates some examples
of the application of Adaptive Thresholding in identifying wear and tear on crosswalks.
Figure 4a illustrates the outcome of applying the method to a crosswalk exhibiting signs
of wear. Figure 4b depicts the result obtained for a crosswalk devoid of such indications,
while Figure 4c displays the outcome for a crosswalk exhibiting a considerable degree of
wear. As can be observed, this technique yields highly satisfactory results in fulfilling the
intended purpose.
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Threshold Values

As previously stated, it is crucial to determine appropriate threshold values to achieve
the desired outcomes. In this way, 15 images were randomly selected from the dataset and
included in a questionnaire. The objective of this task was to have several participants rate
the condition of each of the crosswalks according to their sensitivity. This step was essential
in overcoming a difficulty encountered in identifying a pattern that would allow the
condition of a crosswalk to be classified. The data collected were instrumental in defining a
pattern that was subsequently applied to the other images in the dataset. Figure 5 illustrates
an example of one of the questions included in the questionnaire. To date, the questionnaire
has been answered by 48 participants, and some of the results are shown in Figure 6.



Appl. Sci. 2024, 14, 6462 5 of 28

Appl. Sci. 2024, 14, 6462 6 of 42 
 

Threshold Values 
As previously stated, it is crucial to determine appropriate threshold values to 

achieve the desired outcomes. In this way, 15 images were randomly selected from the 
dataset and included in a questionnaire. The objective of this task was to have several 
participants rate the condition of each of the crosswalks according to their sensitivity. This 
step was essential in overcoming a difficulty encountered in identifying a pattern that 
would allow the condition of a crosswalk to be classified. The data collected were 
instrumental in defining a pattern that was subsequently applied to the other images in 
the dataset. Figure 5 illustrates an example of one of the questions included in the 
questionnaire. To date, the questionnaire has been answered by 48 participants, and some 
of the results are shown in Figure 6. 

 
Figure 5. Example of a question asked on the form. 

  

Figure 5. Example of a question asked on the form.

Appl. Sci. 2024, 14, 6462 7 of 42 
 

 

 
Figure 6. Example of the results obtained in the questionnaire. 

As previously stated, the process of classifying the state of degradation of crosswalks 
involved identifying patterns in images containing exclusively crosswalks. The use of 
Adaptive Threshold methods [7] enabled the calculation of the white area corresponding 
to the crosswalk stripes, which is essential for extracting the patterns needed to determine 
the state of degradation of crosswalks in other images. These patterns are detailed in Table 
1 and can be used to determine the state of degradation of crosswalks. 

Table 1. Wear interval calculated using Adaptive Threshold. 

Intervals State of Degradation 
<30 No wear 

[30, 50] Moderate wear 
>50 Severe wear 

The initial approach to detecting and classifying the wear and tear of crosswalks was 
to utilize a YOLOv4-tiny model to identify crosswalks. Subsequently, adaptive 
thresholding methods were employed to ascertain the state of degradation of the 
crosswalks identified. During the implementation of this approach, certain issues were 
identified, particularly when the crosswalk exhibited a high degree of wear. This made it 
challenging to discern the boundaries of the stripes. One potential solution to this issue is 
to enhance the intensity of the white pixels in the image, thereby rendering them more 
conspicuous and facilitating their utilization in the area calculation. This approach is 
illustrated in Figure 7. 

  

Figure 6. Example of the results obtained in the questionnaire.

As previously stated, the process of classifying the state of degradation of crosswalks
involved identifying patterns in images containing exclusively crosswalks. The use of
Adaptive Threshold methods [7] enabled the calculation of the white area corresponding to
the crosswalk stripes, which is essential for extracting the patterns needed to determine the
state of degradation of crosswalks in other images. These patterns are detailed in Table 1
and can be used to determine the state of degradation of crosswalks.

Table 1. Wear interval calculated using Adaptive Threshold.

Intervals State of Degradation

<30 No wear
[30, 50] Moderate wear

>50 Severe wear

The initial approach to detecting and classifying the wear and tear of crosswalks was to
utilize a YOLOv4-tiny model to identify crosswalks. Subsequently, adaptive thresholding
methods were employed to ascertain the state of degradation of the crosswalks identified.
During the implementation of this approach, certain issues were identified, particularly
when the crosswalk exhibited a high degree of wear. This made it challenging to discern
the boundaries of the stripes. One potential solution to this issue is to enhance the intensity
of the white pixels in the image, thereby rendering them more conspicuous and facilitating
their utilization in the area calculation. This approach is illustrated in Figure 7.
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Although this solution marginally enhanced the outcome, it did not attain the desired
level of satisfaction. Conversely, as will be demonstrated in the performance evaluation in
Section 2.3, the impact of shadows cast on the crosswalks impeded the ability to accurately
identify and categorize them. Given these constraints and the distinctive application of the
Adaptive Threshold technique in classifying the state of deterioration of crosswalks, a second
approach was implemented, utilizing the YOLOv4-tiny model. The following section will
describe the techniques used in this second approach, as well as the approach itself.

2.2. Classification with YOLOv4-Tiny

A previous study by the same authors [8] showed that among the different CNN
models tested, the one best suited to the objective was the YOLOv4-tiny model. Therefore,
this model was chosen for the detection of crosswalks, since its architecture allowed it to
perform well on devices with limited computational resources.

The YOLO (You Only Look Once) model divides the image into a grid and determines
the object’s bounding box, confidence levels, and class. The result is a combination of bound-
ing boxes of a given class with an associated confidence level. The tiny version of this model
is based on the CSPDarknet53-tiny CNN [9], which consists of three convolutional layers and
three CSPBlock modules. CSPDarknet53-tiny is a simplified version of CSPDarknet53 that
uses the CSPBlock module instead of the ResBlock module. The CSPBlock module improves
the learning capability of the CNN compared to the ResBlock module.

The CSPDarknet53-tiny CNN contains three convolutional layers and three CSPBlock
modules. The first two convolutional layers include a convolutional layer and a LeakyReLU
layer with a kernel size of 3 and a stride of 2, respectively. The last convolutional layer
has a kernel size of 3 and a stride of 1, as shown in Figure 8. CSPDarknet53-tiny also uses
the LeakyReLU function as the activation function instead of the Mish activation function,
which simplifies the computational process [10]. This architecture is illustrated in Figure 9.

YOLOv4-tiny uses two feature maps, each with dimensions of 13 × 13 and 26 × 26, to
predict the detection results. At the same time, each feature map uses three anchor boxes of
different sizes to predict three bounding boxes.
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Figure 9. Architecture of the YOLOv4-tiny model. Adapted from [11].

As mentioned in the previous section, the first approach used to classify the degradation
state of crosswalks had some limitations under certain conditions. To improve the results,
a second approach was used. This consisted of constructing a new dataset that included
the three classes of crosswalk degradation mentioned above. These degradation states were
defined using adaptive thresholding methods. To implement this new approach, it was
necessary to modify the dataset previously created by the same authors [12], resulting in a
new dataset. The following section describes all the actions performed on this new dataset.

Dataset

To improve the existing dataset [12], new images of pedestrian crossings have been
added, increasing the total number of images from 642 to 1182. This new dataset is available
at [13]. The images were taken with a camera with a 160◦ field of view, as shown in Figure 10.
They were taken during the day, but during a period of cloudy skies, which made it possible
to diversify the set of images and obtain more information about the crosswalks.
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An Arducam 1080 P Low Light WDR USB Camera Module was used to capture these
images. It has a metal mount that allows it to be easily attached to a cell phone holder. This
camera has a 160◦ super ultra-wide viewing angle. This makes it easier to capture details
that might be hidden in cameras with normal angles, such as 90◦, as shown in Figure 11.
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Figure 11 shows a comparison of the angular aperture of a conventional 90◦ camera
(in yellow) and the 160◦ camera used in this project (in red). As can be seen, the crosswalks
to the left and right of the image would not be captured by the 90◦ cameras.

To determine the degradation state of the crosswalks and subsequently classify the
images in the dataset [14], all images in the dataset were labeled using the method presented
in Section 2.1. In other words, the Adaptive Threshold method was applied to each image to
determine which degradation state it would best fit into. After that, the labels in the dataset
were changed from a dataset containing only one class to three classes. Thus, the dataset
now consists of 413 labels referring to crosswalks classified as Moderate Wear, 471 as Severe
Wear, and 555 as No Wear, for a total of 1440 images without the use of data augmentation.
Table 2 summarizes the current composition of the generated dataset. The next section
presents a comparative performance evaluation of the use of the two approaches described
in the detection and classification of the state of degradation of crosswalks.
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Table 2. Total number of labels per class.

Class State of Degradation

No wear 555
Moderate wear 413

Severe wear 471

2.3. Performance Evaluation

This section describes the comparative performance evaluation using the two previ-
ously discussed methods for detecting and classifying crosswalk wear. The benchmark
scenario, performance metrics, and results of the tests performed are discussed.

2.3.1. Benchmark Scenario

The presented YOLOv4-tiny model was trained and tested on the Google Colab
platform [15]. An Intel(R) Xeon(R) CPU @ 2.00 GHz, 12 GB RAM, and a Tesla T4 GPU were
used to perform the training on the Google Colab platform. This model was then tested on
a Raspberry PI 5 with a Broadcom BCM2712 2.4 GHz quad-core CPU with a VideoCore VII
GPU and 8 GB of RAM.

2.3.2. Performance Metrics

As mentioned in [16], the recommended number of iterations for the YOLOv4-tiny
model is 12,000, which is especially advisable for data sets with 3 classes. The number of
epochs can be determined using Equation (1).

Epochs =
number o f iteractions
number o f training images

batch

(1)

Equation (2), which allows the calculation of the Mean Average Precision commonly used
in the evaluation of CNN models for object detection, calculates the Mean Average Precision
(mAP), which represents the overall effectiveness. This sums the Average Precision (AP) of all
classes, providing a comprehensive indicator of the model’s ability to identify objects.

mAP =
1
n

k=n

∑
k=1

APk (2)

2.3.3. Results and Discussion

As mentioned above, the use of the Adaptive Threshold method made it possible to
determine the degradation state of crosswalks in images. However, to use this technique
more effectively to classify wear, an image with an identified and isolated crosswalk should
be used. To obtain these images, the YOLOv4-tiny model presented in the previous phase
of this project was used but, in this case, retrained with the improved dataset containing
more images. Table 3 shows the results obtained previously and using the new dataset.

Table 3. Comparison of the results obtained between the model presented in [8] and the one trained
for this project (*).

Model Images Input Size mAP (%)

YOLOv4-tiny [8] 642 608 × 608 87
YOLOv4-tiny * 1182 608 × 608 90

Based on the results given in Table 3, the model used in this project improved the mAP
by approximately three percentage points. The use of this model ensures that only cross-
walks are fed to the thresholding method, which then determines their state of degradation.
This process is shown in Figure 12, which illustrates this mechanism.
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Figure 12. Diagram of how the first approach works.

Although the results obtained so far with this approach show that it can be an effective
solution when applied in a real-life scenario, there were some difficulties in identifying
the state of disrepair of some crosswalks. Although this difficulty may be partly related to
the quality of the camera used, the excessive brightness of the environment and even the
interference of shadows from different elements projected onto the crosswalks proved to be
the main problem with this approach. Figure 13 shows some situations that illustrate the
problems encountered. Figure 13a(1–3) show the bounding boxes of different crosswalks
detected by the YOLOv4-tiny model. Figure 13b(1–3) show the result of using the Adaptive
Threshold method to determine the degradation state of each of them.
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Figure 13. Examples of Adaptive Threshold detection: (a) Bounding boxes of three crosswalks (1)–(3)
detected by the YOLOv4-tiny model; (b) Result of using the Adaptive Threshold method to determine
the degradation state of the three crosswalks (1)–(3).

Note that in Figure 13b(1), contour detection produced the expected output, indicating
the locations of the degraded areas. In the case of Figure 13b(2,3), the result was not as
expected. In these figures, it is possible to see places where the technique fails to delineate
the crosswalk in a way that makes it possible to calculate its degree of degradation. For
example, in Figure 13b(2), the shadow cast on the pavement has influenced the definition of
the boundaries of its elements, thus affecting the result obtained. In the case of Figure 13b(3),
the application of the technique failed to detect some of the pedestrian crossings. To study
the influence of shadows on the previous results, this approach was tested during the day
when the shadows of possible trees, buildings, or other urban elements were not directly
on the crosswalks. Some of the results are shown in Figure 14.
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(2), and classification (3) process.

For the YOLOv4 tiny model approach presented in Section 2.2, training has been
performed on the data set containing three classes of intersections. The results are given in
Table 4. Although the overall mAP value is not close to that of the YOLOv4-tiny model,
which was trained only to detect crosswalks and not to classify them, as shown above,
there is potential for improvement with the acquisition of more images. The number of
images in the “Moderate Wear” class, which totals 413, negatively affected the mAP result,
highlighting the need to acquire more images of crosswalks for this class.

Table 4. Results of the YOLOv4-tiny model for the 3-class dataset.

Class mAP (%) Overall (%)

No wear 82.13
71.21Moderate wear 54.72

Severe wear 76.96

Comparing the two approaches, the use of an already classified dataset with the appro-
priate degradation states gives better results. These results are evidenced by the fact that this
approach does not have difficulties in determining the degradation state of the crosswalks,
even when the images submitted for classification have regions with shadows or excessive
brightness. Figure 15 shows some comparisons between the two approaches. It is important
to note that both were applied in the same context and on the same crosswalks to ensure
the same evaluation conditions. Figure 15a(1,2) shows the detection using the first approach
considered—YOLOv4-tiny and Adaptive Threshold. In this case, the crosswalk is classified
with moderate wear due to the presence of shadows. Figure 15a(3) shows the result obtained
under the same conditions but using the second approach—YOLOv4-tiny with three classes.
In this case, the classification obtained corresponds to the true state of wear of this walkway,
i.e., no wear. In Figure 15b, both techniques show the same classification.
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trucks or council cars, which regularly drive through the city’s streets. These IoT modules 
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Figure 15. Comparison between the two approaches in two different examples: Example (a): (1) and
(2) shows the detection using the first approach considered—YOLOv4-tiny and Adaptive Threshold.
(3) shows the result obtained under the same conditions but using the second approach—YOLOv4-
tiny with three classes. Example (b): (1) and (2) shows the detection using the first approach
considered—YOLOv4-tiny and Adaptive Threshold. (3) shows the result obtained under the same
conditions but using the second approach—YOLOv4-tiny with three classes.

Upon examination of the outcomes, it is proposed that the second approach, as
detailed in the subsequent section, be employed for the development of the prototype. This
approach entails the classification of a dataset into three distinct wear classes. As evidence,
this approach demonstrates efficacy in a multitude of conditions, including those with
varying lighting and the presence of shadow projections on crosswalks.

3. Prototype

This section discusses developing the prototype for identifying and classifying wear
and tear on crosswalks. From the outset, it is important to stress that this project represents
a proof of concept and not a final product. The main aim of this section is to detail the
steps involved in designing and implementing the prototype, offering a comprehensive
understanding of its architecture, hardware, and software components used. Over the next
few sections, the main components of the prototype and the methods used to collect and
visualize the data will be discussed.

3.1. Architecture

The prototype architecture has been developed to offer an intelligent and effective
solution for controlling the status of crosswalks in real time, thereby contributing to pedes-
trian safety and efficient urban traffic management. The core concept involves integrating
Internet of Things (IoT) modules into municipal vehicles, such as garbage trucks or council
cars, which regularly drive through the city’s streets. These IoT modules are equipped with
cameras and Global Positioning System (GPS) devices. The data collected are transmitted
to servers, where they are processed and stored in a NoSQL database, in this case, Fire-
base [17]. In addition, an Application Programming Interface (API) hosted on the Render
platform [18] is used to facilitate communication between the IoT devices and the web
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application. This architecture allows for continuous, real-time collection of information on
the state of the crosswalks, providing a comprehensive view of the situation throughout
the city where this prototype is applied.

Figure 16 illustrates the architecture of the prototype developed, with its various
components and the interconnection between them. It shows the presence of Internet of
Things (IoT) devices in the vehicles, which are responsible for capturing and transmitting
data on the status of crosswalks. This data transmission is carried out using data in
JSON format [19]. The use of an Application Programming Interface (API) facilitates
communication between the IoT device and the web application. It is also important to
note that the IoT device requires an API key [20] to communicate with it, ensuring that
only authorized devices can send information. The web application developed provides an
accessible and interactive interface for viewing and analyzing the data collected, which is
useful in a smart city context [21]. The following sections will detail the development of
the various components present in the architecture presented.
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3.2. Hardware Components

A Raspberry PI was utilized to construct the IoT device for integration into the vehicles.
A Raspberry PI 5 with 8 GB RAM was employed to assess the performance of the final
device [22]. Additionally, it was essential to equip the system with a GPS device, with the
NEO-6M GPS model [23] being utilized in this instance. Finally, for image acquisition, it
was necessary to integrate a camera, in this case, a Wide-Angle 1080 p UVC-Compliant USB
Camera Module with a Metal Case [24]. To interconnect all these components, an electrical
circuit was designed using the EasyEDA online tool [25]. Figure 17 shows the schematic of
this electrical circuit, which includes all the components described.

• Raspberry PI (U1)
• GPS NEO-6M (U2)
• Wide-angle 1080 p UVC-Compliant USB Camera Module with Metal Case (U3)

As previously stated, the Raspberry Pi serves as the processing core, executing the
YOLOv4-tiny model to detect wear and tear on crosswalks. The GPS device is tasked
with providing the precise geographical coordinates of the location of the crosswalks. The
camera is responsible for capturing high-quality images of the crosswalks. The camera’s
wide viewing angle allows the YOLOv4-tiny model to obtain detailed images of the surface
of crosswalks, which facilitates the identification of signs of wear.
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Figure 17. Schematic of the electrical circuit of the various hardware components.

A detailed examination of Figure 17 reveals that the connection between the Raspberry
Pi and the camera is established via a Universal Serial Bus (USB) port. Regarding the link
between this device and the GPS module, a serial connection is employed via the Raspberry
Pi’s RX and TX pins. This connection is powered by the 3.3 V and ground connections
on the Raspberry Pi. Figure 18 illustrates the various hardware components developed
based on the electrical circuit shown in Figure 17. This circuit employs a cell phone holder,
designated as the “Phone Mount”(Figure 18 (1)), which is adapted to support the camera.
Additionally, it utilizes the Arducam 1080 P Low Light (Figure 18 (2)). This is connected
via a USB 2.0 port to the Raspberry PI 5 (Figure 18 (3)); the GPS module is also used, GPS
Neo-6m (Figure 18 (4)), via the Raspberry PI’s RX serial port, which is connected to the GPS
module’s TX port. Finally, the power supply employs a Bluetooth adapter (Figure 18 (5)),
which, in addition to containing Bluetooth technology, also contains two USB ports. This is
plugged into the cigarette lighter socket in the car and then connected to the Raspberry Pi
via a USB-C cable. The subsequent section will describe the software solutions developed
to operate this hardware.
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3.3. Software Components

This section will examine the evolution of the integrated platform, encompassing
the web application, the API responsible for receiving data from the Raspberry Pi, and
the database. The primary objective of this platform is to create a digital space where
authorities can monitor the location of crosswalks and assess their condition.

The initial section of this section delineates the necessities of the forthcoming solution.
The necessities sought by the end-user on occasion delineate the characteristics and cycles
present in an application [26]. These necessities can be separated into two categories: functional
and non-functional. Functional necessities pertain to product characteristics that developers
must implement to enable users to achieve their objectives. It is, however, of the utmost
importance that they are implemented in a well-designed and clear manner so that users and
even developers can comprehend the system [27]. Regarding non-functional requirements,
these are related to the foundations of the system, in other words, related to the speed of the
system, security, and even data integrity [28]. To understand the requirements needed to
develop this application, a use case diagram was drawn, as shown in Figure 19, which was
built using the Unified Modeling Language (UML) [29]. The fundamental objective of a use
case is to illustrate the way a user or system can interact with another system [30].
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The subsequent step is to identify the functional requirements that must be fulfilled
by the platform for it to be developed. For each of these requirements, the name of the
interaction, its description, the preconditions, and its output must be identified.

• Register New Crosswalk Detection, which has as a precondition the current GPS
location, the execution of the YOLOv4-tiny model, and an internet connection. As an
output, this detection will be saved by the API, if there is internet access, otherwise it
will be saved locally.

• Send Data to API, initially requires a crosswalk to be detected, and then verification of
the existence of locally stored data to be sent. As an output, the information is stored
in the database via the endpoint provided by the API.

• Receive Data from Prototype, for this requirement to work, a Hypertext Transfer
Protocol (HTTP) request of the POST type must be made by the Raspberry PI. The
output will be the information stored in the database.

• Send Stored Data requires an HTTP GET request. All the detections stored in the
database will be returned.

• View Detections requires the user to be on the web application’s dashboard page. The
output will show all the crosswalks registered to date and their state of disrepair.

The non-functional requirements included specifications related to the performance
of the application, the construction of user-friendly and intuitive interfaces for users,
and feedback on actions/errors that occurred while using the application. In terms of
performance, the objective was to create a responsive, fast application capable of dealing
with high loads of HTTP requests, thus preventing it from becoming unavailable for new
crosswalk detections that needed to be saved.

Another requisite inherent in the solution to be developed is related to the necessity of
storing the data collected. In this case, a non-relational database was utilized to store said
data, yet simultaneously, its documents were required to adhere to a specific structure. This
requirement ensured that the data collected could be presented correctly in the application’s
user interface (UI), which was of the essence for its maintenance and efficiency. Finally,
it was necessary to ensure that certain actions in the CrosSafe application could generate
error messages or useful information for the user, thus facilitating their understanding of
the reasons for any errors or the inability to complete a particular action.

The following sections present the implementation of the various software components
of the solution, considering all the requirements described.

3.3.1. Internet of Things Device

Regarding the IoT device (Raspberry Pi), all software utilized in its operation was
developed using the Python language. This is because it already offers a plethora of user-
friendly libraries for incorporating object detection algorithms, such as OpenCV [31] and
CVLib [32]. The entirety of this device’s operation is depicted in the flowchart in Figure 20.
The sequence of actions is as follows: The YOLOv4-tiny model is loaded, followed by the
GPS and camera modules, which are fundamental to the system’s operation. The device
then enters a waiting loop, waiting for the model to detect a crosswalk and its wear and tear.
As soon as this process takes place, the current coordinates are read via the /dev/ttyAMA0
serial port connected to the GPS module. Once the coordinates have been read, they are
converted to UTF-8 encoding using the pynmea2 library [33]. The data are formatted in
JSON, as expected by the API (detailed in the next section), and finally sent. It is important
to note that an internet connection is essential for sending the data relating to crosswalk
wear signs. In this sense, if the device loses connectivity during use and data needs to be
sent, it will be stored locally.
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After each crosswalk detection, the system will ascertain the availability of local data,
which will be transmitted in conjunction with the newly identified crosswalks.

3.3.2. Application Programming Interface and Database (Back-End)

The API was meticulously developed using the NodeJS language [34] in conjunction
with the Fastify framework [35]. The selection of NodeJS offers considerable advantages,
including its capacity to process a substantial volume of requests in an efficient manner
and its scalability.

For information storage, we opted to utilize Firestore, a NoSQL database provided by
Firebase [36]. This database offers a flexible and scalable structure for storing and querying
data in real time. Initially, a Structured Query Language (SQL) database was employed,
specifically PostgreSQL via PrismaDB [37]. This offered Object Relational Mapping (ORM),
facilitating the creation of tables using Typescript for various types of databases. However, as
the project progressed, it was replaced by Firebase due to its straightforward integration and
the fact that this solution is relatively simple and does not necessitate complex configurations.
All the endpoints were implemented based on [38,39]. The Postman platform [40] was used
to test all the endpoints locally. Figure 21 illustrates the document structure required to
register a new crosswalk detection. These documents contain a state field, which indicates
the level of degradation of the crosswalk, along with the location field, which includes the
longitude and latitude of the captured GPS coordinates.
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The endpoints configured in this API are shown in Figure 22, which illustrates that only
three HTTP methods are utilized: GET, POST, and DELETE. The /crosswalks endpoint
is employed to both retrieve all crosswalk detections and to register a new one. The
/crosswalks/:id endpoint enables the removal of specific detection.
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During the development of the API, it was discovered that the location field, which
contains the coordinates of the location where a crosswalk was detected, could be utilized
to obtain the name of the city. This information facilitated the user’s ability to identify the
location of the crosswalk. To achieve this, the Geoapify API [41] was employed through
its reverse geocode endpoint, which returned the name of the city using the coordinates.
Figure 23 illustrates an exemplary response from this API.
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Figure 24 illustrates the sequence diagram between the various components of this
application, from detection by the IoT device to registration in the Firebase non-relational
database. An IoT device, such as a Raspberry PI, detects and classifies a crosswalk, collect-
ing the GPS coordinates. These data are then sent to the API via the /crosswalks endpoint.
The API then processes the received data and uses a reverse geocode API to transform the
GPS coordinates into location information, such as the name of the city, the name of the
street, and so forth.
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Subsequently, the API determines whether this detection is new or whether there is
already a similar one in the database. To do this, it compares the new detection with the
existing ones, calculating the distance between the coordinates. If the distance between
the new detection and one already registered is less than a specified threshold value, the
existing database entry is updated with the new information. Conversely, if the distance is
greater than this threshold, the new detection is added as a separate entry in the database.
This mechanism is illustrated in Figure 25, in which the threshold value set was 5 m.
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The prototype thus serves to guarantee the accuracy and up-to-date status of informa-
tion regarding crosswalks, thereby precluding the necessity for unnecessary repetition and
maintaining the database in a state of optimal organization.
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Once the API had been developed, it was necessary to deploy it. The Render plat-
form [18] was employed for this purpose. It offers a range of services for deploying different
applications. In this instance, we selected the Web Service option [42] for NodeJS.

3.3.3. Web Application (Front-End)

The “CrosSafe” web application was developed using the ReactJS framework [43] with
the TypeScript variant [44] to ensure a solid basis for the development and maintenance
of the code. This offers the advantage of allowing static types to be defined for variables,
properties, and functions, which makes error detection easier and helps to improve the
quality of the code developed. Furthermore, to optimize the development flow and ensure
efficient construction of the application, it was decided to integrate Vite [45] as the build tool.
This tool is distinguished by its ability to provide an extremely fast development server
and an optimized build pipeline. It also takes full advantage of the capabilities of modern
browsers, importing ES modules directly, which results in a more agile development time
and a more fluid creation experience.

About the styling of pages and components, a modern and efficient approach was
adopted, combining Tailwind CSS [46] with the Shadcn UI component library [47]. Tailwind
CSS provides a methodology based on utility classes, making it easier to style elements
quickly and consistently. In turn, the Shadcn UI component library offers a wide variety of
pre-designed and styled-components, speeding up the development process and ensuring
a visually cohesive experience throughout the application.

The communication between the API and the CrosSafe application can be observed in
the sequence diagram in Figure 26. This communication employs two API endpoints: the
/crosswalks endpoint, which retrieves all the documents recorded in the database to date,
and the /crosswalks:id endpoint, which allows a crosswalk to be marked as repaired and
subsequently removed from the database.
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The stored data can then be viewed in the CrosSafe web application. This application
contains two pages: the home page and the dashboard page. The mockups of these two
pages are shown in Figures 27 and 28, respectively.
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Figure 28. Mockup Dashboard page.

The dashboard page shows all the detections in the database to date. This page consists
of three components:

• Count of crosswalks by state of degradation (Figure 29);
• Map showing the location of the detections (Figure 30);
• Table with additional information on the crosswalks detected (Figure 31).
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Figure 29 illustrates the initial component of this page, which presents a comprehensive
overview of the crosswalks, categorized according to their respective states of disrepair. This
component serves to consolidate the information presented in the subsequent components.

Regarding the map component, the Leaflet library [48] was employed. This library
provides a robust framework for developing interactive maps in JavaScript, facilitating the
seamless integration of an interactive map and the precise display of the underlying data.
Figure 30 illustrates this component in greater detail. The map displays the location of the
crosswalks and their state of disrepair. The states are indicated by three different colors:
green for crossings with no wear, yellow for moderate wear, and red for severe wear.

In the context of ReactJS applications, there are various approaches to rendering large
numbers of data lists [49]. One such approach is the use of pagination, which allows for the
control of the number of items displayed within the application. This method divides the
items into several “pages” if the number of elements in the list exceeds a defined threshold.

Figure 31 depicts the implementation of the table component of the dashboard page
using the pagination method. This table presents a variety of data, including the status,
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which reflects the state of degradation of the crosswalk, the city where it was detected, and
the day and time it was detected. Additionally, the table contains an action column, which
enables users to mark the record of the crosswalk detection as repaired. Clicking on this
button will display a confirmation pop-up, allowing the user to verify their intention to
proceed with the action. It is important to note that marking a crosswalk as repaired will
result in the removal of this entry from the database. Figure 32 illustrates this procedure.
Once the user has confirmed, a success message will be displayed in the bottom right-hand
corner, as shown in Figure 33.
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4. Testing and Validation

This section outlines validating the prototype developed for identifying and classifying
wear and tear on crosswalks. The main focus of this section is the description of the steps
involved in validating the prototype, from the initial detection of a crosswalk and its
classification to the visualization of the data in the web application.

During the tests carried out, an additional amount of current was consumed when
using a Powerbank as a power supply for the Raspberry PI. This additional current was
due to the necessity of supporting the use of the cooling apparatus utilized to cool the
Raspberry Pi. Otherwise, the device would cease functioning without warning. Table 5
illustrates the consumption identified with all the components assembled.

Table 5. Raspberry Pi consumption.

Hardware Watts Volts Amps

Raspberry PI 5 8 GB with cooler 27 5 6
Raspberry PI 5 8 GB without cooler 27 5 5

The process of detecting wear and tear on crosswalks begins with the identification of
a crosswalk and the classification of its state of degradation by the IoT device. Figure 34
illustrates the result of this stage. The IoT device then transmits the data from this detection
to the integrated platform via the developed API. These data, once received, are stored in
Firebase’s Firestore database. Figure 35 presents a graph illustrating the quantity of data
received by the database over a specified period.
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Figure 35. Example of the number of documents received by Firestore.

To ascertain the efficacy of the prototype, a route was traversed through the city of
Castelo Branco. This route is depicted in Figure 36. A route was selected with crosswalks
exhibiting varying degrees of deterioration, during the day when the sun was relatively low.
This time of day posed a challenge for the YOLOv4-tiny model in detecting and classifying
the state of degradation of crosswalks due to the presence of shadows and excess light. A
total of 17 crosswalks were identified along the route. Of these, nine were in good condition,
three exhibited moderate wear, and five displayed severe wear.
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Figure 36. Illustration of the route taken.

The Raspberry PI 5, in conjunction with the YOLOv4-tiny model, was able to identify
the state of degradation of the crosswalks in an average time of 130 ms, as illustrated in
Figure 37. About the detections made, the device was able to identify 15 of the 17 crosswalks
on the route. This information is summarized in Table 6.
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Table 6. Comparison of real classifications with those made by the YOLOv4-tiny model. 

Class Real Classification YOLOv4-Tiny 
No wear 9 9 

Moderate wear 3 2 
Severe wear 5 4 

Total 17 15 

 
Figure 37. Detection and classification time required. 

  

Figure 37. Detection and classification time required.

Table 6. Comparison of real classifications with those made by the YOLOv4-tiny model.

Class Real Classification YOLOv4-Tiny

No wear 9 9
Moderate wear 3 2

Severe wear 5 4
Total 17 15
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One of the issues identified was the challenge of discerning diagonal crosswalks.
An illustrative example of this issue can be observed in Figure 38. Consequently, it is
imperative to gather a greater number of images to enhance the precision of this solution.
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Figure 38. An image containing a crosswalk slightly diagonally.

The data transmitted by the Raspberry PI can be viewed on the web platform, as illus-
trated in Figure 39. This allows for the precise location of the crosswalks and their condition
to be observed. This detailed visualization facilitates the monitoring and maintenance of
pedestrian infrastructures, thereby contributing to pedestrian safety and convenience.
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The results of the conducted tests indicated the necessity to augment the number
of images in the dataset. This enhancement is crucial for enhancing the accuracy of the
classification of the deterioration of crosswalks. The expansion of this dataset will permit
more robust training of the classification models, resulting in more precise and dependable
assessments of the condition of crosswalks, which will contribute to more effective and
secure crosswalk maintenance.

5. Conclusions

The significance of preserving and maintaining crosswalks cannot be overstated. They
not only guarantee pedestrian safety but also play a pivotal role in regulating urban traffic.
Maintained crosswalks are essential for preventing accidents and ensuring that individuals
of all ages can cross streets safely. However, this urban heritage is at risk due to natural wear
and tear and the continuous impact of human activity and climatic conditions. Therefore,
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effective intervention is necessary to ensure its conservation. The work conducted as part
of this project contributes to the maintenance effort. It presents the development of a
prototype that employs computer vision techniques and an integrated platform to monitor
the deterioration of crosswalks. This platform could be utilized by any entity responsible
for maintaining road infrastructures, enabling them to oversee and validate the repairs they
require, thereby protecting their citizens from potential accidents and thus contributing to
a reduction in the mortality rate due to road accidents.

Several future work research topics remain open, including (1) the creation of a dataset
with the capacity to accommodate a significant number of crosswalks in a variety of weather
conditions, accompanied by a substantial number of images for each type of deterioration;
(2) the continuation of the process of validating the web application with a diverse range
of users; (3) utilizing feedback from actual users to incorporate enhancements to the user
interface that enhance its usability and functionality; (4) conducting tests and evaluations
of alternative CNN models; (5) conducting tests and evaluations of hardware with greater
computing resources than those tested in this project.
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