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Toward a New Dataset: Mexican Traffic Signs
“ReWaIn-MTS” for Detection

Daniela Bolaños-Flores , Tania Ramirez-delreal , Hamurabi Gamboa-Rosales , and Guadalupe
Gutierrez-Esparza

Abstract—Various factors on the road can endanger the safety
of drivers or pedestrians and cause high-impact accidents while
driving. This is why traffic signs, as essential elements, provide
crucial information on the condition of the road during the
trip. We introduce the ReWaIn-MTS dataset, a practical tool
that can support and advance research on traffic sign detection
and classification in Mexico. Its applications are theoretical and
have implications in the real world in autonomous conduction
or assist driving. Convolutional neural networks (CNNs) have
shown outstanding detection results compared to conventional
methods. In this work, we used CNN-based machine learning
techniques to categorize and detect Mexican traffic signs. The
dataset, focused on traffic signs on the Mexican territory
within the main urban roads in eight different cities, contains
2,283 road elements divided into 37 classes to train and
validate algorithms. The mean Average Precision (mAP) metric
compares the performance in state-of-the-art detection methods,
particularly YOLOv5, YOLOv8, YOLOv11 and the Transformer
RT-DETR.

Link to graphical and video abstracts, and to code:
https://latamt.ieeer9.org/index.php/transactions/article/view/9614

Index Terms—Traffic Sign Detection, Mexican Traffic Signs,
YOLOv5, YOLOv8, YOLOv11, RT-DETR Trasformer.

I. INTRODUCTION

THE contribution of traffic signs is to provide details on the
route, mainly indications related to restrictions, limita-

tions, warnings, and other valuable navigation announcements
[1]. The signs show encoded information depending on the
shape, color, and figures contained. Mexican traffic signs are
classified as vertical signs, horizontal signs, and safety devices
that complement each other [2].

The Mexican norm [2] has two types of signals: vertical
and horizontal. The vertical signals are in a pole and the
horizontal signals are on the road. The vertical ones have three
categories: preventive, restrictive, and informative. This work
is focused on vertical ones. In addition, a color code indicates
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different signals, such as prevention (yellow), services and
tourist information (blue), restriction, general information and
recommendation (white), construction zone (orange), stop and
prohibition (red), destination information (green) and school
crossing (fluorescent lemon green).

The signage allows the driver to have warnings for safer
driving. However, on some occasions, their omission can cause
accidents, for example, by ignoring the permitted speed limits
[3].

Technological development has significantly advanced, so
it has made significant contributions to society and various
areas of engineering, such as interpreting visual information
in machines, using computational techniques for image recog-
nition, and obtaining promising results in different fields of
application.

In the automotive domain, deep learning architectures have
been implemented, where road element detection models are
proposed and developed; later, they can be used in intelligent
driving cars, allowing the driver to regard signs or details that
are in the duration of routes or urban areas to detect signals
that have not been observed. Driver Assistance Systems help
reduce car accidents by automating tasks [4], for example,
traffic sign recognition.

Intelligent cars include autopilot functions that allow users
to identify stop signs and traffic lights from a certain distance
as long as they are under active supervision [5]. The disadvan-
tage is the high cost of acquiring one of these intelligent units;
in addition, the signals that the vehicle detects and recognizes
are merely focused on American and European standards,
which limits the area where these functions are implemented.

Previously, research works focused on the recognition and
detection of traffic signs using machine learning have been
presented in the literature [6]–[9], obtaining satisfactory results
when testing them; the disadvantage of these is that the region
to which it is oriented is attached to foreign signals, so it is
not possible to implement it in Mexican territory because there
is variability between Mexican and foreign signs including
design, color, and symbology.

Likewise, deep learning-based models have been carried out
[10], where they carry out recognition and detection for road
signs within the Mexican sector; in this work, we address the
problem of having a large diversity of classes in Mexican signs
traffic, so it is biased to specific signals and certain regions of
the country, therefore, when testing the model, it cannot act
on possible cases.

Our contributions are summarized as follows:
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• We introduce a novel dataset with restricted, warning, and
informative Mexican traffic signs (“ReWaIn-MTS”) of
eight cities in the country. The set contains 1439 images
with 2283 annotations for 37 classes.

• We compare the results on Mexican traffic sign detection
performance among the YOLOv5, YOLOv8, YOLOv11,
and Transformer RT-DETR architectures using the mean
Average Precision (mAP) metric.

The paper is organized as follows. In Section II, the related
work is presented. Section III describes the methods utilized
and the details of the proposed dataset. The experiments and
results are given in Section IV. Ultimately, the conclusions are
presented in Section V.

II. RELATED WORKS

Diverse architectures have been proposed to detect objects,
particularly one- or two-stage models and transformers with
attention mechanisms; the applications are in various fields,
including industrial and everyday activities. [11].

Convolution Neural Networks (CNN) are widely used to
detect objects, particularly CNNs adding a region proposal
[12]; these techniques are based on two-stage algorithms, and
the main disadvantage is time processing.

Instead, the one-stage algorithms use fewer computational
resources to generate the object’s classification probability and
coordinates. One of these structures is YOLO (You Only Look
Once) [13], which has different versions.

Finally, the emerging Transformer [14] has allowed the use
of this architecture in object detection, combining with CNN
for the classification that appears on DETR [15] and other
configurations using the attention mechanism, and enhancing
RT-DETR to achieve inference speeds that allow its use in
real-time applications [16].

A. Traffic Signal Detection and Datasets

In general, in the published papers related to Traffic Sign
Recognition (TSR) and Traffic Sign Detection (TSD), a wide,
well-known dataset has been used mainly the following can
be noted:

• High-Resolution Remote Sensing Detection (HRRSD)
[17]: This group contains 13 categories where only 11%
belong to Asian traffic signs.

• Tsinghua-Tencent 100K (TT100K) [18]: This set contains
128 classes where only 30,000 focus on Asian traffic
signs.

• German Traffic Sign Recognition Benchmark (GTSRB)
[19]: This set has 43 categories and approximately 51,839
images with German road elements.

Some authors use the TT100K dataset to generate a baseline
in the traffic sign recognition task. Liu et al. [20] developed
a model that recognizes signs of limited proportion, blurry,
and complex within a natural environment through a modified
ResNeXt50 architecture. Li et al. [21] perform a model that
recognizes and classifies signs containing numerical digits
within a car route using a neural network based on deep
learning, modified and proposed by themselves. Furthermore,

Liang et al. [22] implemented a multiscale Sparse R (MSR)
CNN.

Recent works used the GTSRB dataset to compare per-
formance. Cao et al. [23] performed the recognition and
detection of traffic signs using the LeNet-5 CNN architec-
ture and another modified tool to improve the safety of the
individual while driving, providing constant development of
vehicle driving assistants. In contrast, Vennelakanti et al. [24]
proposed a CNN Ensemble to recognize and detect circular
and triangular signals from Belgium and Germany.

Other authors stand out for the realization of architectures
with different CNN configurations ( [25]–[27]); their main
purposes are detection and recognition with better speed or in
real-time. Some works use detectors such as YOLOv4, Faster
R-CNN, and VGG with modifications [28]–[30].

Liu et al. developed [20] an intelligent traffic sign detection
and recognition model based on YOLO. Within the system
testing phase, the HRRSD dataset was used with 21,761
images with categories such as bridges, vehicles, and airplanes,
among others; it is worth mentioning that this dataset is not
focused on traffic signs if not used to evaluate the capacity of
the proposed algorithm.

Another work with a specific Swedish dataset (STSD) is
used, which contains the number of 19,236 images used to
create the model, where the Mask R-CNN algorithm (Resnet-
50) was used [31].

Among the related works, they use hybrid datasets; they
carry out a combination of signals. Siniosoglou et al. [32]
propose Auto-Encoder, which uses a modified dataset to
strengthen the dataset.

In addition, Huang et al. [33] propose combined architec-
tures; they use CCTSDB and TT100K with 4,000 images in
total and the learning models to detect SSD300 + VGG16,
Faster RCNN and YOLOv3.

In addition, the recent emergence of transformers has al-
lowed the implementation of traffic signal detection [34], [34].

The datasets and works are focused on traffic signs con-
cerning a specific area; therefore, if a model for the detection
and recognition of Mexican traffic signs were developed, they
would not obtain satisfactory results since the categories,
shapes, and colors of these are different from those provided,
except for using the MTSD (Mexican Traffic Sign Dataset)
[10] since it could recognize some Mexican signals, but is left
with the limitation that it would not detect or identify most of
them, because the data are reduced to three cities localized in
the north of the country, and they only have 11 classes.

Compared to previous datasets, ReWaIn-MTS offers broader
coverage and better contextual relevance for Mexican environ-
ments. GTSRB [19] includes 43 classes from Germany and
TT100K [18] offers 128 Chinese sign categories, though with
class imbalance. MTSD [10], focused on Mexico, is limited
to three northern cities and 11 classes. In contrast, ReWaIn-
MTS includes 37 classes in eight cities in central and southern
Mexico. Its combined use of physical and virtual data sources
in real-world conditions improves its applicability to Latin
American contexts.
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Fig. 1. Methodology carried out to carry out the creation of the model, the ground truth is shown in the purple box, and the detection for
bounding box is shown in green.

III. METHODOLOGY

Fig. 1 illustrates the methodology used in creating the traffic
sign detection and recognition model, along with the data
collection to deliver a dataset with Mexican traffic signals,
employing three convolutional neural network architectures:
YOLOv5, YOLOv8, YOLOv11 and RT-DETR.

Initially, data acquisition was conducted in two ways: the
first involved using a video camera mounted on a vehicle that
traveled the urban roads of the city. For the second method,
Google’s tools were utilized, enabling the visualization of
various routes in several cities throughout the Mexican region.

After completion of the aforementioned task, the next step
involves defining the region of interest. The signs locations
in the proposed images are annotated using the labeling tools
provided by Robotflow software [35]. This annotation aims to
export the data into the appropriate formats for the annotations
of the bounding boxes, generating separate sets for training,
validation, and testing.

The subsequent step involves training the computational
model. In this stage, the previously mentioned networks,
specialized in object recognition and detection, are utilized,
significantly contributing to achieving the primary objective.
This process occurs in various execution environments and
is divided into individual segments. Ultimately, the models
created for each architecture are obtained, and an assessment
and comparison of their performance is performed with other
related works.

In our study, YOLOv5, YOLOv8, YOLOv11 and RT-DETR
are chosen based on their distinctive characteristics and proven
effectiveness in object detection tasks.

YOLOv5 was selected because of its efficiency and perfor-
mance in real-time object detection; this model is used for
applications with fast and accurate predictions.

YOLOv8 was selected for its architectural improvements
over its predecessors, particularly for its accuracy of feature
extraction and detection. At the time of our study, YOLOv8
offered performance in detecting objects in various environ-
ments, in addition to high speed.

YOLOv11 was selected due to the new incorporations that
improves and optimize detection accuracy without sacrificing
speed. This allows for more accurate object identification, es-
pecially in complex scenes or with small, overlapping objects.

RT-DETR (Real-Time Detection Transformer) represents a
significant evolution in object detection by combining the
accuracy of transformers with real-time efficiency, overcoming
the limitations of both traditional CNN-based approaches and
slower transformers such as DETR.

A. YOLOv5

The YOLOv5 architecture (You Only Look Once version
5) represents a significant iteration within the series of YOLO
algorithms [36], designed to address object detection in images
using a convolutional neural network (CNN). This specific ver-
sion, known as YOLOv5, has introduced substantial improve-
ments in accuracy and efficiency compared to its predecessors.

In contrast to traditional approaches that divide the detection
process into multiple stages, YOLOv5 performs object detec-
tion and classification in a single pass. This is achieved through
a convolutional neural network that takes an input image and
directly generates predictions of the objects present and their
locations.

As described by Terven J. and Cordova-Esparza D. [37],
this architecture comprises three main aspects. Firstly, the
Backbone Network utilizes a Convolutional Neural Network
architecture to process the most relevant features of the input
image to reduce computational load and memory usage. The
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second part focuses on the Spatial Pyramid Pooling Fast Ag-
gregation, also known as (SPPF), which accelerates network
calculations by pooling features from different scales into a
fixed-size feature map. Finally, there are the Predictor Heads,
which resemble the third version of the You Only Look Once
line.

B. YOLOv8

The YOLOv8 architecture (You Only Look Once version
8) [38], focuses on improving accuracy, efficiency, object de-
tection, and image classification time through a convolutional
neural network (CNN) and computer vision techniques.

This architecture involves modifying the network structure
with changes in its feature-fusion modules, enabling improved
precision in the detection task. Furthermore, the structure of
the neural network is characterized by its lightweight design,
which contributes to a reduced processing time [37].

The main elements of the system include three key compo-
nents. Firstly, similar to the previous one, we have the Back-
bone Network, which plays a fundamental role in YOLOv8.
It extracts features from input data and recognizes high-level
image attributes.

The second phase, the Neck Network, aims to connect the
previous phase to the leading network. Its primary function is
to reduce the size of feature maps and enhance their quality,
striking a balance between accuracy and speed.

Finally, the last stage is called the Head Network, consisting
of five detection modules and a prediction layer, allowing the
prediction of the class of objects and location in the image
[37].

C. YOLOv11

The YOLOv11 backbone network employs initial con-
volutional layers for downsampling, combined with newly
introduced C3k2 blocks, which significantly accelerate the
feature extraction stage. The structural arrangement allows for
a gradual reduction in spatial dimensions, while the increase
in channel depth captures more complex patterns [39].

YOLOv11 integrates multiple C3k2 blocks to process fea-
tures, employing a flexible architecture that can be adapted
according to the c3k parameter settings. Later stages use
CBS (Convolution-BatchNorm-SiLU) layers to further stabi-
lize and normalize the feature maps, ensuring robust predic-
tions through effective non-linear activation functions.

D. RT-DETR

The general architecture of DETR (End-to-End Object De-
tection with Transformers) is characterized by its remarkable
simplicity, making it highly adaptable to various deep learning
frameworks. To require fewer lines of code for implementa-
tion, its contribution significantly impacts fields dedicated to
object detection and classification. This architecture consists
of the following components: a convolutional neural network
(CNN) backbone for feature extraction, an encoder-decoder
transformer, and a feed-forward network, also known as
(FFN), used for the final detection prediction [15].

The DETR is the antecedent of RT-DETR, the last one
considers the classification and position of the detection, this
architecture employs an encoder that efficiently processes
multi-scale features by decoupling intra-scale interaction and
inter-scale fusion. This architecture reduces computational
costs and enables real-time detection, it also uses query selec-
tion that considers Intersection over Union (IoU), improving
detection accuracy [16].

E. Mean Average Precision (mAP)

The mAP is the metric commonly used to measure the
performance of object detection models; which for a set of
detections is the mean over classes, the AP is given by the
area under the precision/recall curve [40].

IV. EXPERIMENTS AND RESULTS

This section explains the experimentation related to the
collected dataset and tests the architectures for traffic sign
detection.

A. Dataset

In this work, we present a new dataset for Mexican sign
detection. The following paragraphs explain the details of the
dataset.

1) Scope: The dataset consists of vertical restrictive, warn-
ing and informative traffic signs, following the guidelines of
the latest version of the Mexican Road Signaling Manual [2].

2) Geographical Coverage: For the selection of the loca-
tion of destination information signs, they are located in a
successive location from the highest to the lowest hierarchy,
first, the state capitals, second, the cities of commercial or
tourist importance, then the border ports, fourth, the sites of
tourist interest, and finally the municipal capitals and towns.

The selected cities were Mexico City, Monterrey, Puebla,
San Pedro Cholula, Zacatecas, Veracruz, Córdoba and Mis-
antla. Due to representative of different locations through north
and south.

3) Image Specifications: The images have an average di-
mension of 965x591 pixels per image. The images contain at
least one traffic sign and up to nine signs per image. It is
important to note that traffic signs are located in uncontrolled
environments in hours with light. Our dataset comprises 2,283
annotations that cover 37 different labels of traffic signs.

4) Annotations: Annotation is carried out through the
Robotflow interface in an image from the dataset. Once
the labeling phase is completed, the dataset is exported to
the required format with bounded boxes. In this case, the
bounded boxes are used by YOLO or RT-DETR; this enables
the training model to acquire this information effectively for
learning purposes.

5) Data Collection Methodology: For the first image ac-
quisition stage, we used a Xiaomi POCO X3 smartphone
equipped with a camera with dimensions of 3472x4624 pixels
and a focal length of 25 mm. Additionally, we used a GoPro
Session 5 video camera, which captured photos with specifi-
cations of 3648x2736 pixels and a focal length of 3 mm. This
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TABLE I
CONTENTS OF THE REWAIN-MTS

Signal type Images ReWaIn-MTS
Total, Train-Valid-Test

Restrictive signs
1 No parking 563, 399-99-65
2 Speed limit 265, 183-53-29
3 Bus Lane 112, 86-19-7
4 Yield 95, 56-25-14
5 Stop 82, 54-20-8
6 Parking 74, 53-13-8
7 No motorcycle 53, 31-18-4
8 Keep Left Or Keep Right 39, 23-10-6
9 Turning left prohibited 37, 23-10-6
10 Height Limit 26, 20-5-1
11 Driving straight ahead prohibited 26, 17-6-3
12 Sealt belt 24, 14-7-3
13 Turning around prohibited 18, 15-3-0
14 Trucks Prohibited 13, 9-3-1
15 Turn right 13, 7-4-2
16 Do not stop 12, 8-3-1
17 Turning right prohibited 11, 8-2-1
18 Cell phone use prohibited 10, 5-4-1
19 Mandatory right 7, 3-4-0
20 Passing right mandatory 6, 5-0-1
21 Return departure to unlevel 6, 4-1-1
22 Pedestrians prohibited 4, 3-1-0
23 Return 4, 3-1-0
24 Divided highway circulation 4, 3-1-0

Warning Signs
25 Curve indicator 184, 105-75-4
26 Crosswalk 228, 164-42-22
27 Transit incorporation 56, 40-10-6
28 Exit 51, 39-8-4
29 Curve 44, 31-7-6
30 Side road intersection 31, 18-10-3
31 Speed reducer 24, 16-7-1
32 Asymmetric narrowing 6, 4-1-1
33 Roundabout 5, 4-1-0

Informative signs
34 Bike zone 63, 50-10-3
35 Bus stop 52, 38-11-3
36 Doctor 15, 9-5-1
37 Disable person 20, 17-3-0
Total 2,283

camera was placed in the center of the dashboard of a vehicle
to provide a better view of the surroundings while driving
through various streets, avenues, parks, and urban areas in
Zacatecas.

Due to the diversity of traffic signs in different cities,
we proceeded to a second data collection phase using the
Google Maps application and its Google Street View tool. This
valuable tool allowed us to virtually visit the main avenues and
streets in various cities.

In addition, a delineation of the traffic sign area was carried
out within the image. Robotflow software was used to perform
this task and labeling as mentioned in the previous text.

After the collection phase, 1439 images were obtained.
Table I displays the classes of traffic signs in the dataset, their
respective categories, and the total annotations per section.

6) Application Impact: The use of this new dataset allows
us to train new strategies for driving assistance, and it is
possible to carry out the same methodology for other countries
with similar road conditions. In addition, trained models can
be implemented in real-world applications in Mexico.

B. Experimental Details

For this study, multiple comparative tests were conducted
with three novel convolutional neural network architectures
designed for object detection and recognition to identify and
perceive traffic signals within the Mexican national territory.

The selected architectures for these evaluations are as fol-
lows: You Only Look Once version 5 (YOLOv5) [36], [41],
You Only Look Once version 8 (YOLOv8) [38], [42], You
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Only Look Once version 11 (YOLOv11) [39], and Real Time
Detection Transformer (RT-DETR) [16].

Each underwent training in different execution scenarios.
For the YOLOv5 and YOLOv8 architectures, the Google
tool called Google Colab Pro was used, which enables the
execution of complex programming tasks by providing access
to Graphics Processing Units (GPUs) and Tensor Processing
Units (TPUs).

As for the requirements used for these two initial architec-
tures, utilizing a Tesla T4 GPU with 25 GB of dedicated RAM,
4 CPUs, and the code implementation is based on Python
version 3.10.6 with CUDA version 11.6, and we used the
PyTorch library 2.0.1.

For the RT-DETR architecture, a different configuration was
used due to its longer execution time. The computational sys-
tem used is as follows: we employed the Conda environment
23.1.0 on a Windows 10 OS, powered by an AMD Ryzen 7
3700X 8-Core 3.60 GHz processor with 16 GB of RAM and
an NVIDIA GeForce RTX 2060 GPU with 6 GB of dedicated
RAM. Similarly, the code implementation is based on Python
version 3.7.13, with CUDA version 11.3.

Within the training process of the three different architec-
tures. The dataset, “ReWaIn-MTS,” contains at least 1,439 im-
ages, including photographs collected personally and through
virtual navigation tools, observed in their original form without
any modifications. The input images have an average size of
964x591 pixels.

It is important to note that to perform model training using
the YOLOv5 [36], YOLOv8 [38], YOLOv11 [39] and RT-
DETR [16], the following parameters are followed: the default
input image size is 640x640 pixels, and it utilizes the default
parameters set on ultralytics to obtain results for the reference
and baseline in the proposal of the ReWaIn-MTS dataset. All
architectures used 100 epochs for training.

C. Experimental Results

Likewise, the “ReWaIn-MTS” data was utilized. The exper-
iment was carried out in 100 epochs, demonstrating an overall
performance of 84.82% in mAP50 and 75.54% in mAP50-95
for YOLOv5.

In the second execution, we utilized the YOLOv8 architec-
ture. Similarly, we subjected this architecture to tests using the
previously accessible dataset.

Furthermore, the dataset “ReWaIn-MTS,” run was com-
pleted in 100 epochs, as it reached its peak performance,
displaying 96.21% in mAP50 and 67.66% in mAP50-95.

The YOLOv11 architecture after 100 epochs we obtained
92.64% in mAP50 and 65.30% in mAP50-95.

YOLOv8’s improved performance may be due to the fact
that it has been extensively tested, tuned, and optimized by the
community and its developers (Ultralytics), while YOLOv11
is the most recent and may still be in its experimental stages,
without as much refinement.

The final architecture, RT-DETR, was chosen due to its
widespread development in 2024, as Zhao et al. [16]. This
architecture stands out for its distinctive characteristics, as
it does not belong to any previous YOLO architectures.

This makes it particularly interesting to detect and recognize
Mexican traffic signs.

Similarly, to carry out the model training, we configured
the execution environment following the specifications, as it
requires more processing time.

With the dataset, “ReWaIn-MTS,” a performance of 93.12%
in mAP50 and 64.12% in mAP50-95 was achieved in 100
epochs. Furthermore, detailed results are presented in Table II.

D. Visualization of Detection and Localization

Table II highlights the best performance achieved by the
model utilizing the YOLOv8 architecture. Fig. 2 presents the
predictions made by this traffic sign recognition and detec-
tion model, detailing the precise location of objects through
bounding boxes generated with a confidence interval greater
than 0.9.

Sixteen images were randomly selected from the test sec-
tion. The model also demonstrates its ability to distinguish
between unique and repeated bounding boxes, thus highlight-
ing its effectiveness in identifying bounding boxes for various
traffic signs, which contributes significantly to achieving the
study’s general and specific objectives.

Fig. 2. Example of detection and classification using the model
developed with YOLOv8 and applied to the ReWaIn-MTS dataset.

V. CONCLUSIONS AND FUTURE WORKS

This work proposes a dataset of Mexican traffic signs,
complete with bounding-box annotations. The dataset includes
images featuring multiple signs per picture and includes 2,283
annotations across 37 distinct classes of traffic signs, all
collected from the urban roads of eight Mexican cities.

Future directions can reach OCR recognition in destination
information and specific speed velocity. Providing traffic sign
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TABLE II
RESULTS OBTAINED BY MODELS TRAINED WITH THE REWAIN-MTS DATASET USING THE YOLOV5, YOLOV8,

YOLOV11 AND RT-DETR ARCHITECTURES

Dataset Images Architecture mAP%50 mAP%50-95
ReWaIn MTS 1,439 YOLOv5 [36] 0.848217 0.755429
ReWaIn MTS 1,439 YOLOv8 [38] 0.962157 0.676624
ReWaIn MTS 1,439 YOLOv11 [39] 0.926451 0.653095
ReWaIn MTS 1,439 RT-DETR [15] 0.931235 0.641282

detections in Mexico to monitor, supervise and recommend
locations for new traffic signs.

In future work, a plan is to balance the database to guarantee
a fair representation of classes, seeking to achieve a more
profitable model during training. In addition, approaches of
modification in architectures specialized in object recognition
and detection are being explored to improve model perfor-
mance.

Ultimately, there is concern about using the proposed
database to train an intelligent model capable of recognition
and detection, not only in images but also in real time,
implemented within a complete system inside a car.

The dataset used in this work is publicly available and
properly referenced in the text, and the proposed is in https:
//github.com/taniaglae/ReWaIn-MTS.
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