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Abstract: The emergence of modern robotic technology and artificial intelligence (AI) enables a
transformation in the textile sector. Manual fabric defect inspection is time-consuming, error-prone,
and labor-intensive. This offers a great possibility for applying more AI-trained automated pro-
cesses with safe human–robot interaction (HRI) to reduce risks of work accidents and occupational
illnesses and enhance the environmental sustainability of the processes. In this experimental study,
we developed, implemented, and tested a novel algorithm that detects fabric defects by utilizing
enhanced deep convolutional neural networks (DCNNs). The proposed method integrates advanced
DCNN architectures to automatically classify and detect 13 different types of fabric defects, such as
double-ends, holes, broken ends, etc., ensuring high accuracy and efficiency in the inspection process.
The dataset is created through augmentation techniques and a model is fine-tuned on a large dataset
of annotated images using transfer learning approaches. The experiment was performed using an
anthropomorphic robot that was programmed to move above the fabric. The camera attached to the
robot detected defects in the fabric and triggered an alarm. A photoelectric sensor was installed on
the conveyor belt and linked to the robot to notify it about an impending fabric. The CNN model
architecture was enhanced to increase performance. Experimental findings show that the presented
system can detect fabric defects with a 97.49% mean Average Precision (mAP).

Keywords: human–robot interaction (HRI); fabric defect detection; computer vision; safe human–robot
collaboration; convolutional neural network; transfer learning; quality inspection; AI; DCNN; artificial
intelligence in textiles; computer vision for quality control; industrial robotics for fabric inspection

1. Introduction
1.1. Motivation and Objectives

The textile sector could tremendously benefit from the implementation of the com-
bination of robotic technologies and artificial intelligence. These could, among others,
improve quality control and the speed and flow of the production process through the
implementation of industry 4.0 and smart factory concepts [1–6]. The need for effective
and precise fabric defect identification is essential to maintain strict quality requirements.
To meet demand and boost profits, certain sectors of the textile industry have embraced
more digitally enabled production methods. Similarly, other sectors have started to include
digital and sustainable solutions in their final product portfolios in response to a growing
worldwide demand for sustainability and the principles that surround it [7]. Manual in-
spection procedures that are labor-intensive and prone to errors are proving ineffective [8].
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As a result, the introduction of deep learning approaches, especially deep convolutional
neural networks (DCNNs), appears to have potential for automating the detection of fabric
defects, thus providing a more accurate and efficient alternative. Fabric defects, such as
broken ends, holes, double-ends, and other defects, must be identified during inspection.
Manual inspection of fabric is time-consuming, prone to error, and requires relevant human
attention. Smart solutions are required to precisely classify and localize the fabric defects in
real time. Defective fabric exposes the producer to costs, which is why quality control is
a must. Our study shows how the application of modern technologies can make it faster,
cheaper, and better while following the principle of HRI, where the alarm sound prompts
the quality inspection operators to remove defective fabrics for further inspection in a
human–AI robot collaborative manner. The authors did not consider the cost as a major
constraint because the whole system is developed in a research laboratory, and it is not
intended to be a product currently.

1.2. State of the Art and Related Work

Numerous studies in a variety of areas, including healthcare imaging, object recog-
nition, and manufacturing quality control, have demonstrated the prowess of DCNN in
complex pattern recognition tasks [9–12]. However, the use of advanced technologies, such
as enhanced DCNNs, must be supported by a strategic assessment of the human–robot in-
teraction (HRI) dynamics in the production environment. The introduction of collaborative
robotics has tremendous potential for increasing production volumes and quality while,
in parallel, protecting human workers [13]. Integrating fabric defect detection with safe
HRI is a holistic approach to textile manufacturing that addresses both the technical and
human-centric components of the industry [14].

More recently, the development of transfer learning methodologies has allowed neural
network models that have already been trained to be applied to new applications and
tasks [15]. Such a technique alleviates the need for a suitably big pool of annotated data and
has been found to be useful [16–19], thus enabling precise defect detectors [20,21]. Zhen
et al. utilized transfer learning [22] for the identification of fabric defects. Their system is
based on the YOLOv8 (You Only Look Once) [23] object detector, which is well-known for
its high speed and accuracy.

Automatic fabric identification algorithms have been the subject of years of research
and development, with some promising techniques already published [24]. The speed and
accuracy of automatic fabric defect detection have always been limited by different back-
ground textures and variations in the production environments of businesses. Experts and
researchers have undertaken research in this sector in recent years, and various techniques
for the detection of fabric have been developed [25]. The three most common types of these
approaches are model analysis [26,27], spectrum analysis [28,29], and Dl techniques [30–32],
which are compared in Table 1. Dl-based algorithms have substantially outperformed them
in terms of recognition speed and precision, and they have started to be used on a broad
scale for industrial fabric defect identification.

Table 1. Merits and drawbacks of approaches used for fabric defect detection.

Approach Methods Merits Drawbacks

Model Analysis Gaussian Markov Random
Field (GMRF)

Mostly utilized for
classification/segmentation problems Hard to assess performance

Spectrum Analysis Wavelet transform Good for feature extraction of image Outdated

Deep Learning CNN-based High performance Huge training data and
manual annotation needed

The recognition of objects is one of the most essential jobs in computer vision, and it
is often employed for defect detection. The aim is to acquire precise details regarding the
location and classification of objects. Dl-based object detection techniques are currently
developing quite quickly. Dl-based defect detection networks can be broadly classified into
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two types. The first type is one-stage networks, known as an SSD (single-shot detector) [33].
The second-stage networks are known as Faster R-CNN (Region-CNN) [32].

Single-shot detectors may operate on low-power devices like tablets and phones, but
region-based detectors require significant computational power. Emerging techniques and
methods for identifying fabric problems have been created in the last few years due to the
extensive industrial use of visual analysis and computer vision technologies. Jamali and
colleagues proposed [34] to create a diagnostic process for identifying and categorizing
warp and weft problems using a technique of image processing. In [35], 276 images
connected to the textile materials were gathered, prepared, and labeled for publication.
Following this process, CNN was utilized to develop algorithms for fabric detection;
only three categories of defects—belt yarn, knot tying, and holes—were identified. The
authors in [36] discussed the difficulties associated with quality assurance in industrial
environments, concentrating on the examination and rectification of metallic surfaces to
detect manufacturing defects. The method uses a multi-agent robotic mechanism, which
consists of a handler agent to manipulate the object, an inspection agent to see potential
faults in the object’s 3D structure, and a grinder agent to fix surface abnormalities.

The identification technique is crucial for human–robot collaboration-based defect
identification, and visual assessment is a popular way to detect surface defects [37]. Tradi-
tionally, ML techniques like support vector machine (SVM) have been applied extensively.
A multimodal fusion technique for welding flaws with SVM was presented in [38]. Gen-
eralized finished local binary structures for metal surface flaws were introduced in the
study by Luo and colleagues [39]. For steel surface flaws, Xiao et al. [40] also suggested
an SVM with kernels. However, the models may not perform as intended in traditional
ML techniques, which heavily rely on explicit feature extraction. These days, employing
Dl for defect assessment has grown popular because of advancements in artificial intelli-
gence [41]. In contrast to conventional machine learning techniques, Dl approaches enable
the automatic extraction of fault features through a training process. It makes identification
more general and eliminates the need for explicit feature extraction. To extract the unique
characteristic of steel surface flaws, Gao et al. [42] suggested CNN, and this technique
was successfully created in a real-world scenario. A concurrent CNN with various image
sizes was proposed by Liu et al. [43]. A DL technique for steel surface flaws was presented
by Hao et al. [44]. A knowledge-augmented wide learning approach for wafer flaws was
presented by Wang et al. [45]. A triplet-graph logic system with a fault segmentation was
introduced by Bao et al. [46], which distinguishes between fault and non-fault regions.
To identify small defects, Zhang et al. [47] suggested a weakly supervised technique that
utilized a category-aware component. In this paper, a Dl-based technique is utilized for the
detection of defects in fabric, such as broken ends, coffee stains, holes, double-ends, ink
stains, double picks, stains, missing picks, oil stains, pin marks, tiny holes, slip knots, and
thread outs, through safe human–robot collaboration. The algorithm is written and enhanced
to alert the human regarding detected fabric defects in real time, with 97.49% mAP. The block
diagram of the implementation can be seen in Figure 1, and the flowchart of the robot program
is shown in Figure 2. The actual experimental setup is shown in Figure 3.
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1.3. Contribution of This Study

While these techniques work well for defect detection, it is unlikely that they will
be immediately applied to human–robot collaboration-based defect recognition. The role
of human verification is crucial for improving human–robot collaboration-based fabric
defect detection. A human–robot collaboration policy for reviewing is required so that
humans are able to verify the defective fabrics; otherwise, they would have to commit
to the cumbersome task of rechecking every sample. For this reason, an alarm-based
human–robot collaboration system is introduced in this paper for real-time fabric defect
detection. In this study, YOLOv8n architecture is enhanced and used as a foundation
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model from the single-shot detector group, where n means nano because it consists of
fewer layers compared to the large model of YOLOv8L. The reason for using the nano
version as a foundation model is its ability to run on low-power devices without any need
for powerful GPUs.

The paper is organized as follows. Section 2 offers the description of the experimental
setup, the robot control, and the developed and applied algorithm. Section 3 describes the
process of dataset generation, the software environment, the architecture enhancements,
training, and the results of the experiment. Finally, Section 4 concludes the paper and
proposes a future research outlook.

2. Materials and Methods
2.1. Experimental Setup and Robot Control

The developed platform for inspection of textiles consisted of an anthropomorphic
robot arm (Universal Robot UR5, Odense, Denmark) with an attached camera (Logitech
c310, Ecublens, Switzerland). The selected robot is a collaborative robot that enables safe
human–robot interaction during experimental activities. A conveyor belt (Rollco, Vejle,
Denmark) with a photoelectric sensor (CY-121B-P, Panasonic, Osaka, Japan) was connected
to a Universal Robot arm and a laptop running the CNN. The enhanced CNN was trained
on multiple classes for fabric defect detection, which is used in this experiment. A more
detailed description of the experimental setup is discussed in the following paragraph.

The anthropomorphic robot is a lightweight collaborative machine with a 850 mm
reach, 6 rotating joints, and a 5 kg payload. Using a proprietary communication protocol
and an open Ethernet connection, the robot was linked to a laptop executing the algorithm.
The controller was implemented on a machine with Intel i7 3.2 GHz processor and 3 GB
RAM running Linux 2.6.38 (Universal Robots, Odense, Denmark). The robot is capable of
functioning as a collaborative robot [48] because it satisfies EN ISO 10218-1:2006 standard
point 5.10.5, guaranteeing that a collision would not have severe consequences. Thus, the
robot can be used for inspection purposes because safety guards around persons and the
robot are not necessary. One of the built-in safety features is the ability to halt when the
torque at the robot joint varies from what is predicted using the factory settings reported
hereafter. A precautionary stop is created if the torque outpaces 42 Nm for the first three
(big) joints and 10 Nm for the final three (tiny) joints. The torque at every joint is estimated
in real time utilizing a model of the robot. A preventive stop is also created if the joint
velocity reaches 3.2 rad/s or the outside force exceeds 150 N. The anthropomorphic robot is
programmed to explore the fabric, which comes by means of the conveyor belt. The camera
was attached to the robot end effector and connected with the laptop (Intel i7, 32 GB RAM)
equipped with a GPU (ASUS RTX 3060, 6 GB). The robot was programmed so as to keep
a 32 mm nominal distance between the camera and the textile sample. The cylindrical
photoelectric sensor attached to the conveyor belt (Rollco.dk), with a 100 mm sensing range
and a 1 ms response time, was responsible for informing the robot about upcoming fabric
so as to trigger the robot to start the inspection task. If the algorithm detects fabric defects,
an alarm is raised to inform the operator to remove the fabric; otherwise, the next fabric
arrives. The vision algorithm and the robot controlling program are working separately. It
is a system based on human–robot interaction where the vision algorithm, which is running
on a laptop, is responsible for defect detection and alarm alert and the robot program is
responsible for moving a robot hand above the fabric to provide the best positions for the
camera for detection of defects and to raise the alarm. Once the alarm is raised, then it is the
responsibility of humans to verify the fabric. The current system is based on human–robot
interaction. Our deliberate choice was to involve humans to verify the detected fabric. This
makes the system semi-autonomous, as the robotic arm is not grasping the defective fabric.
If we add grasping, it would remove the human-verification element. As our priority is to
reduce human effort in checking all of the fabric defects, instead of replacing the human.
To move the robot for inspection, MoveJ and MoveP commands are used, as shown in
Algorithm 1. MoveJ is a motion command to move robot joints to predefined waypoints.
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This command can provide faster movements, but it may not always follow a straight path.
MoveP is a pose-based movement that is more precise, and it was used to move the robot
hand on each part of the fabric.

Algorithm 1 Robot program

//Initialization of the program
Initialize robot arm
Movej (Joint-based movement)
Begin Movej
Move to Waypoint_1
Set Digital Output DO [7] to ON (Received from sensor)
Wait for 3 s
Set Digital Output DO [7] to OFF
Move to Waypoint_2 (another joint position)
End Movej

MoveP (Pose-based movement)
Begin Movep
Move to Waypoint_4 (predefined position)
Move to Waypoint_5
Move to Waypoint_3
Move to Waypoint_2
End MoveP

2.2. AI Methods for Sensor Data Elaboration and Software Environment

The code to elaborate sensor data was edited in Python programming language, and
an implementation of a real-time object detection and alerting system is described in
Algorithm 2. The method detects objects using an enhanced deep CNN model. The main
goal is to detect fabric defects in real time using a camera and to generate a sound alarm
(implemented with Pygame library) when they are detected, including the design of a
cooldown technique to minimize continual alarms. The YOLO model is loaded, and the
camera is configured for object detection. Object classes, such as broken ends, coffee stains,
holes, double-ends, ink stains, double picks, stains, missing picks, oil stains, pin marks,
tiny holes, slip knots, and thread outs, are trained for real-time detection.

Algorithm 2 Pseudocode code of the alarm system

# Initialize alarm state
alarm_triggered = False
cooldown_duration = 10
cooldown_start_time = 0

# Main processing loop

while True:
frame, detection_result = capture_and_detect()
for obj in detection_result:

confidence, obj_class = process_detection(obj)
if confidence > 50:
Draw_and_display(frame,obj,classnames[obj,class],confidence)

if not alarm_triggered:
trigger_alarm()

cooldown_check_and_reset()
show_frame(frame)
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The primary processing loop is the core of the system. The system captures a frame
and uses the object detection model for each iteration. After processing, if the confidence
of the detected objects is higher than a predetermined threshold, relevant information is
shown on the frame. Controlling the system’s response to detections can be achieved by
setting a threshold. While a lower threshold might catch more identifications, it could
raise the risk of false positives, while a higher threshold could reduce false positives,
but it could also lead to many true detections being missed. Several confidence levels
have been tested during development, and a 50% level was found to be best. The 60%
confidence level is also good, but it was missing some defects, and it had an accuracy of
less than 50% but more than 45%. This could be explained by our training, which also
entailed tiny defects. The goal of our system is to alert the human about all defects to be
further human verified. The cooldown method assists in avoiding the overabundance of
alerts for repeated or same detections that the system could otherwise overload users with.
Introducing a predetermined delay between successive warnings enhances system usability
and reduces the possibility of disturbing users with frequent alerts. An alert is activated
upon detection, and a cooldown mechanism stops continual alarms for a set period of
time. The operations for object detection and warning are reported in the pseudocode.
The experimental environment was established using PyTorch 1.8 as the framework for
Dl and Ubuntu 20.04 as an operating system to evaluate the effectiveness of the proposed
approach. The latest version of the YOLO model (v8) served as the baseline model.

3. Experimental Protocol, Results, Architecture, and Enhancement

This section covers all aspects of creating and modifying the datasets as well as the
outcomes that the detection model produced with the enhancement in the architecture. All
studies used a consistent set of hyperparameters during the training phase (Table 2).

Table 2. Hypermeters used in training.

Hyperparameters Value

Image Size 640 by 640
Learning Rate 0.01

Optimizer SGD
Batch Size 32

Weight Decay 0.0005
Momentum 0.937

Epochs 100

3.1. Dataset Creation and Augmentation

In total, 13 classes of textile defects were identified, collected, and used for this
experiment. These consist of textiles, characterized by broken ends, coffee stains, medium
to large holes, double-ends, ink stains, double picks, stains, missing picks, oil stains,
pin marks, tiny holes, slip knots, and thread outs. These classes represent a selection
of the most common defects in fabrics, and they were selected as a proof of concept for
our experiments to evaluate whether the presented apparatus and AI methods allow for
successfully detecting the defects varying in shape, size, texture, and color.

Several videos were recorded, and frames were extracted. Each frame was inspected
for high quality and annotated. All selected images were annotated manually, and aug-
mentation techniques, such as brightness level (−15% to 15%), noise, blur (1%), rotation
(−10 to 10 degrees), saturation (15%), and flip (horizontal, vertical), were applied. Then,
100 images for each class were prepared before augmentation and then increased to 3× after
augmentation. Overall, 3900 RGB (red, green, blue) images were selected for the 13 defect
classes, of which 65% of the images were used in training, 15% for testing, and 20% for vali-
dation. To ensure the model learned classes correctly, we examined every annotated image
prior to training after completing the class annotation. The dataset generation process was
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tough and tedious because we methodically created the dataset and reviewed it numerous
times to prevent undesirable outcomes throughout the training phase. Moreover, the mAP
of the model would have been decreased if the class name had been labeled improperly,
necessitating careful attention to annotate thousands of images. A comparison of image
distribution before and after augmentation for defect classes is plotted in Figure 4.
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3.2. Defect Identification Training and Experimental Results

The CNN model was trained for 100 epochs, and the trained model was subsequently
evaluated utilizing samples that had not been utilized during training. Transfer learn-
ing approaches [49–52] were used to train all of the 13 classes. One of the most recent
YOLOv8n [53] architectures was enhanced and then chosen as the backbone architecture
because of its fast execution time and adequate mAP. After training with an enhanced
model on the self-created dataset, the achieved mAP was 97.49%, the recall was 98.45%,
the precision was 91.55%, and the inference time was 11.36ms. CNN performed excellently
in recognizing defects in the fabric. The trained model demonstrated excellent mAP in
differentiating between broken ends, coffee stains, holes, double-ends, ink stains, double
picks, stains, missing picks, oil stains, pin marks, tiny holes, slip knots, and thread outs.
By incorporating deep learning techniques, fabric images could be thoroughly analyzed,
which made it possible for the system to adjust to a variety of defective features. In [54],
the foundational model for detecting fabric defects is the RefineDet neural network, which
attained 82.6% mAP. The model trained in this paper achieved 97.49% mAP for fabric
defect detection, which is better than the model trained with a backbone of RefineDet. The
project’s ability to detect fabric defects in real time is one of its noteworthy accomplishments.
The confusion matrix of the enhanced model can be seen in Figure 5, which highlights the
accuracy of 13 types of fabric defects. The diagonal elements in the illustration represent
the detection rates, rows represent labels, and columns display classes.

The matrix is used to evaluate both the correct predictions (true positives) and the
errors (false positives/false negatives) in 13 defect classes and the background. The model
gives great results for most of the defect types, with defects, such as “broken-end”, “coffee-
stain”, etc., perfect at 1.00. There are certain categories, like ink stains, missing picks, and
tiny holes, which are correlated visually; this makes their accuracy slightly lower, but it
is acceptable for these categories. In the future, a large dataset can be created to increase
the accuracy of challenging defect categories. Figures 6 and 7 show the comparison of F1
confidence where the enhanced model achieved a better score. As shown in Figures 8 and 9,
our model attains excellent accuracy in detecting every defect and in the detection outcomes.
The accuracy evaluation metrics used in the present research were mAP, recall (R), and
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precision (P). To be more precise, P is the ratio of the predicted detection region to the true
detection space, and R is the percentage of correctly predicted classes to the entire number
of necessary classes. The accuracy of the entire sample for which the predicted box is greater
than 50% of the actual box is determined through mAP. A greater mAP score corresponds to
a higher prediction accuracy. Furthermore, the study employed network parameter volume
and inference time as performance metrics. Reduced model size denotes lower memory
consumption, whereas shorter inference times imply greater real-time performance. N
stands for all samples; Q stands for discovered defect classes in this study; TP stands for
true positive data; FP stands for false positive data; and N stands for the total quantity of
samples. The i-th class mean precision can be expressed as APi. The calculation formula is
shown in the equations below.

APi =

TP
TP + FP

N
(1)

mAP =
∑Q

i=1 APi

Q
× 100% (2)

P =
TP

TP + FP
(3)

R =
TP
P

(4)
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3.3. Network Architecture of CNN

The CNN model architecture has three main components: the backbone, the neck, and
the head. In this model, the backbone is responsible for extracting features from the input
image via a sequence of convolutional layers, C2f blocks, and a Spatial Pyramid Pooling
Fast (SPPF) block. The neck aims at enhancing multi-scale feature representation through
convolutional layers, concatenation, and upsampling, which aggregate features from dif-
ferent levels of the backbone. The detection layers in the head compute bounding box
regression and classification loss to make final predictions. The key constituents are Conv
layers with Conv2d, BatchNorm2d, and SiLU activation; C2f blocks with DarknetBottleneck
structures; and SPPF for multi-scale pooling. Accordingly, the model is modularly designed
such that it can detect objects efficiently and accurately in images, and it is therefore useful
in real-time object detection applications. The network architecture of the CNN model is
shown in Figure 10.
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3.4. Enhanced Network Architecture of CNN

To increase the model’s performance, several changes were implemented. The model
width and the depth multipliers both increased from 0.50 to 0.75. This modification allows
for more layers within each module and a higher number of convolutional filters that
enhance feature extraction and learning capabilities of the model. The backbone of the
model consists of a series of convolutional layers and cross stage partial with full connection
(C2F) modules; the number of repeats in the C2f modules increased for deeper feature
extraction. The head of the model is responsible for aggregating features and making
detections using the same technique; the repeats are increased in the C2f modules. The
SiLU activation is replaced with the mish [55] activation function for deep propagation.
These modifications enable the model to learn more abstract and detailed features, enhance
its ability to handle more complex and varied data, and enhance its robustness by reducing
overfitting. After enhancement, the model mAP increased from 97.26% to 97.49%, the
precision increased from 90.05% to 91.55%, the recall increased from 96.68% to 98.45%,
and the inference time increased from 4.2 ms to 11.36 ms, which is acceptable. This minor
increase in inference time does not prevent practical use of the CNN for textile defect
detection. These results confirm that enhancing the architecture further not only increases
its precision, recall, and mAP but also its inference time. The enhanced network architecture
of the CNN model is shown in Figure 11, and the results comparison of both models can be
seen in Table 3.

Table 3. Result comparison of both models.

Model mAP% Recall% Inference (ms) Precision% F1%

Default CNN 97.26 96.68 4.2 90.05 92.00
Enhanced CNN 97.49 98.45 11.36 91.55 94.00
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4. Discussion and Conclusions

In the context of safe human–robot collaboration, this study introduced an innovative
method to handle issues in fabric inspection by utilizing modern technology, specifically
robotic systems, cameras, and deep convolutional neural networks (DCNNs). The enhanced
method shows 97.49% mAP in performing the classification and detection of different types
of fabric defects. An orderly and effective inspection procedure is guaranteed by the
use of a Universal Robot (UR5) equipped with a camera and a photoelectric sensor on
a conveyor belt. The achieved mAP and inference time highlight the potential of the
system for useful applications in the textile sector. This minor increase in inference time
does not prevent practical use of CNN for textile defect detection. This research adds
to continuous endeavors within the textile sector to improve production efficiency and
quality control through the implementation of artificial intelligence and human–robot
interaction. The CNN’s minimal latency performance guarantees early defect detection
during the production process. Rapid defect detection and action are made possible by the
neural network’s effective image processing, which enables a seamless connection with
the Universal Robot. Potential for human–robot collaboration are made possible by the
system’s collaborative character, which combines the efforts of the Universal Robot and
the CNN. The purpose of this system is not to replace humans but to help the operator
who is performing fabric inspections. In the textile industry, it is not easy for humans
to accurately check each fabric’s quality when there are thousands of fabrics waiting for
inspection. This system can help the textile industry to avoid human errors and enable them
to increase their production time while reducing accidents at work, as well. Operators can
take advantage of the system’s real-time alert and take appropriate action as needed. Future
efforts can be targeted at creating a larger fabric dataset and further improving the system
through implementation in a real operational scenario within the textile industry. The
system can be modified for a number of uses, including quality assurance and surveillance,
which advance the fields of computer vision and intelligent systems. To improve the
collaboration, the inclusion of feedback in the algorithm after the operator reviews the
defect can be implemented so that it can be further specialized for the specific products of
the corresponding textile fabric, and a database can be created to create an analytical portal
for the system.

Author Contributions: Conceptualization, S.A.H., M.J.B. and C.M.O.; methodology, S.A.H., M.J.B.
and C.M.O.; formal analysis, M.J.B., C.M.O., A.R. and S.A.H.; investigation, S.A.H. and M.J.B.; dataset
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