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Highlights

What are the main findings?
• Introduction of DebStreet, a dataset from Debrecen that improves regional representation

for urban vehicle detection models.
• Implementation of a three-stage experimental framework showing the impact of regional

data in state-of-the-art model performance.
What is the implication of the main finding?
• Regional datasets and standardized protocols improve the development of adaptable

and context-aware detection systems.
• The study advances smart city traffic monitoring, offering tools for sustainable urban

mobility and improved traffic management.

Abstract

This study evaluates deep learning models for vehicle detection in urban environments, fo-
cusing on the integration of regional data and standardized evaluation protocols. A central
contribution is the creation of DebStreet, a novel dataset that captures images from a spe-
cific urban setting under varying weather conditions, providing regionally representative
information for model development and evaluation. Using DebStreet, four state-of-the-art
architectures were assessed: Faster R-CNN, YOLOv8, DETR, and Side-Aware Boundary
Localization (SABL). Notably, SABL and YOLOv8 demonstrated superior precision and
robustness across diverse scenarios, while DETR showed significant improvements with
extended training and increased data volume. Faster R-CNN also proved competitive
when carefully optimized. These findings underscore how the combination of regionally
representative datasets with consistent evaluation methodologies enables the development
of more effective, adaptable, and context-aware vehicle detection systems, contributing
valuable insights for advancing intelligent urban mobility solutions.

Keywords: machine learning; artificial intelligence; vehicle detection; urban traffic moni-
toring; smart transportation and mobility

1. Introduction
The concern regarding air quality in major metropolitan areas has intensified globally,

particularly in light of the significant increase in the number of motor vehicles navigating
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urban streets over the past decade, which account for more than 20% of global carbon
dioxide emissions. In response to this alarming scenario, various nations have invested
in research projects and public policies aimed at mitigating environmental impacts and
ensuring a more sustainable future for upcoming generations. A notable example is the case
of the Indian government, which has implemented proactive measures such as banning the
use of two-stroke and dual-stroke engines in motorcycles widely used by the population,
seeking to significantly reduce atmospheric pollutant levels [1,2].

In the European context, these concerns become even more pronounced, given the
region’s crucial role in the global landscape of road vehicle production. Hungary, standing
out as one of the key automotive manufacturing hubs in Eastern Europe, has played a
strategic role in generating knowledge and promoting advancements in the sector, con-
sidering economic, social, and ecological aspects. The country has directed substantial
investments into the field of electromobility, aiming to understand and boost the positive
impacts of the transition to electric vehicles in these spheres, establishing itself as a reference
for sustainable innovation in the automotive industry [3,4].

To enable the control and automated estimation of vehicle incidence on public roads,
the use of machine learning and deep learning technologies has gained prominence in
recent years, driven by the need for intelligent solutions in urban traffic management.
These technologies stand out for their ability to process large volumes of data and for the
flexibility of their architectures, which can be adapted to various applications. Deep learn-
ing models can be configured both to detect and count vehicles and to support intelligent
parking systems and traffic monitoring. Their scalability allows implementation in differ-
ent contexts, from small towns to large metropolitan areas, contributing to the mitigation
of issues such as congestion and pollutant gas emissions. This potential has stimulated
investments and research, solidifying these technologies as essential for addressing urban
mobility challenges in a sustainable manner [5,6].

Due to the remarkable flexibility offered by deep learning and the continuous develop-
ment of this field, there is a significant heterogeneity in the architectures proposed to solve
the problem of intelligent urban mobility. Studies conducted by Almeida et al. [7] and
Songire et al. [8] highlight the high potential of neural networks from the YOLO Family in
addressing this complex management challenge. Similarly, yet from a distinct perspective,
Ahmed et al. [9] employed classical neural networks focused on regions of interest to tackle
the same issue, demonstrating the diversity of possible approaches to this problem. Adopt-
ing a more progressive perspective in the field of intelligent vehicle management, several
authors have explored approaches centered around attention mechanisms. These strategies
range from adaptations of networks that use such mechanisms locally, as observed in
the studies by Yang et al. [10] and Tolba and Kamal [11], to applications where attention
mechanisms play a central role, as demonstrated by Driessen et al. [12] and Patil et al. [13].

In this context, the challenges and constant evolution of the research field become evi-
dent, with intelligent traffic management being one of the main pillars for the development
of smart cities. This approach aims to enhance urban livability by reducing congestion
and more effectively controlling the environmental impacts caused by motor vehicles,
as discussed by [14,15] in their studies on the application of the Internet of Things and
intelligent traffic management systems in urban environments.

Considering the previously discussed aspects of the field and its significant impact,
as well as the contributions of [16], which emphasize the positive effects of regionally
representative data on the performance and applicability of machine learning models, it
becomes evident that, despite remarkable advances in the development of such models,
there remains a notable lack of localized information. This gap compels deep learning
and machine learning solutions designed for the future of smart cities to optimize their
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performance based on generic datasets, requiring them to extrapolate learned patterns to
the specific contexts in which these tools will ultimately be applied.

Thus, this work seeks to advance the field of intelligent urban mobility by emphasizing
the importance of contextual and site-specific information. To this end, the DebStreet dataset
was created and introduced, a new image collection composed of photographs captured in
the urban environment of Debrecen, Hungary, specifically at the intersection of Bólyai and
Thomas Mann Streets, under varying weather conditions. This dataset provides essential
regional information that enhances the development and evaluation of detection models,
making them more sensitive and better adapted to the local context.

Additionally, a comparative study was conducted involving state-of-the-art architec-
tures for vehicle detection in urban environments, using standardized evaluation metrics
that ensure the reproducibility of results and guide future research in similar scenarios. Fi-
nally, the performance of these networks was analyzed in both in-domain and cross-domain
training contexts, offering a comprehensive perspective on the potential improvements
enabled by training strategies that incorporate strongly regionally representative data, thus
supporting the development of more effective and adaptable intelligent mobility systems.

2. Materials and Methods
2.1. Dataset

To carry out the proposed experiments, two distinct datasets were employed. The
first, used during the weight pre-training stage, was selected with the aim of adapting the
investigated approaches to the general context of vehicle detection, without specifically
addressing the urban scenario of the city of Debrecen. For this purpose, the annotated
image dataset UA-DETRAC [17] was chosen.

The selection of this dataset is justified by its broad diversity and the high quality
of the annotated objects, with a particular focus on urban environments, making it a
well-established reference for the evaluation of models in the vehicle detection domain.
Furthermore, as highlighted by Liang et al. [18] in their analysis of the most relevant
datasets in the field, the use of a comprehensive and representative dataset such as UA-
DETRAC is of great significance for experiments of this nature, being widely recognized
in the literature as a reliable benchmark. In this study, a random sample of 10,000 images
was selected from this dataset to serve as the training base for the models in the initial
experimental phase.

Based on previously trained and validated weights, to ensure that the employed
architectures possessed the necessary foundation for analyzing information within the
proposed context, a second set of images was utilized. This set corresponds to a novel
dataset, introduced for the first time in this article, named DebStreet (dataset available at:
https://universe.roboflow.com/joao-vitor-de-andrade-porto/debstreet, accessed on 18
June 2025), which captures information from the location under controlled climatic and
lighting conditions, inspired by the way the Caltech 1999 [19] and 2001 [20] datasets were
constructed.

This set comprises 682 images, totaling 3256 annotated objects of interest, all labeled
with the class “Vehicle”, as illustrated in the example shown in Figure 1, without the
application of any data augmentation techniques. The images were captured in the urban
environment of Debrecen, Hungary, using a camera positioned at the height of a traffic light,
enabling the visual recording of vehicles both stationary and in motion at the intersection
of Bólyai and Thomas Mann Streets. This location is widely recognized for its high volume
of private vehicle traffic and the vehicular diversity observed, due to the presence of two
intersecting roads and the circulation of trams.

https://universe.roboflow.com/joao-vitor-de-andrade-porto/debstreet
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(a) Sample image. (b) Annotated sample.

Figure 1. Visual representation of how the image is presented in the dataset (a) and how it was
annotated (b).

2.2. Architectures

For the initial weight training with the UA-DETRAC dataset, four distinct architectures
were selected for performance comparison, chosen based on their structural characteristics.
The categories considered were the YOLO Family, Region Proposal Networks, attention
mechanisms, and Vision Transformers. As a representative of the YOLO Family, the
YOLOv8 network [21] was selected due to its high performance and widespread popularity
in recent studies in the field, as discussed in the Introduction. For the Region Proposal
Networks, Faster R-CNN [22] was chosen, standing out for its relevance in deep learning-
based object detection and its robustness in handling diverse data.

In the context of attention mechanisms, the Side-Aware Boundary Localization (SABL)
architecture [23] was selected, considering the positive impact of this mechanism, as evi-
denced in its original study. Finally, to represent Transformer-based networks, the Detection
Transformer (DETR) [24] was chosen due to its unique encoder–decoder architecture for
object detection, which significantly simplifies the overall process. These selections re-
flect the pursuit of a comprehensive analysis of the leading contemporary approaches in
object detection.

2.3. Comparative Metrics

In order to ensure the comparability of the presented results, and based on the consid-
erations by [25] regarding the importance of evaluation metrics, a set of nine comparative
metrics was selected. The first six are directly associated with the classification and detec-
tion processes widely used in the literature, encompassing the calculation of general Mean
Average Precision (mAP), as well as the specific Intersection over Union values of 50%
(mAP50) and 75% (mAP75), in addition to the traditional classification metrics: Precision,
Recall, and Fscore.

To obtain the values of the adopted metrics, at the end of each test procedure, the
results were analyzed based on the correct and incorrect detections as well as classi-
fications. The corresponding metrics were then calculated according to the equations
presented below.
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For the three most commonly used metrics, Precision, Recall, and Fscore, the reported
and analyzed values were obtained from Equations (1), (2), and (3), respectively.

Precision =
1
N

N

∑
i=1

TPi
TPi + FPi

(1)

Recall =
1
N

N

∑
i=1

TPi
TPi + FNi

(2)

Fscore = 2 × Precision × Recall
Precision + Recall

(3)

In these equations, N represents the number of classes; TPi denotes the number of
true positives, or correctly predicted instances of class i; FPi represents false positives, or
instances incorrectly predicted as class i; and FNi signifies false negatives, or instances of
class i that were incorrectly predicted as another class.

Regarding the calculation of Mean Average Precision at different levels of Intersection
over Union (IoU), Equations (4), (5), and (6) were used to obtain the values of mAP, mAP50,
and mAP75, respectively.

In these equations, N denotes the total number of object classes, and AP(IoUk)
i repre-

sents the Average Precision for class i, which is computed at a specific Intersection over
Union (IoU) threshold, denoted as IoUk. The general Mean Average Precision (mAP) is
obtained by averaging the AP values across K different IoU thresholds, which typically
range from 0.50 to 0.95 in increments of 0.05, following the COCO evaluation protocol.
The metrics mAP@50 and mAP@75 represent the mean precision calculated using only
predictions where the IoU is greater than or equal to 0.50 and 0.75, respectively. These
metrics reflect the model’s performance under increasingly stringent localization criteria.

mAP =
1
K

K

∑
k=1

(
1
N

N

∑
i=1

AP(IoUk)
i

)
(4)

mAP@50 =
1
N

N

∑
i=1

AP(IoU≥0.50)
i (5)

mAP@75 =
1
N

N

∑
i=1

AP(IoU≥0.75)
i (6)

Finally, three additional metrics specific to this experiment were selected. Although
traditionally used in regression studies, these metrics, as discussed by [26] in their research
on green apples, can contribute to assessing the robustness and the model’s ability to fit
the problem, allowing for a more comprehensive performance analysis. Thus, the metrics
Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and Pearson’s correlation
coefficient (r) were adopted.

For the calculation of these specific experimental metrics, Equations (7)–(9) were
employed, where n represents the total number of samples, yi corresponds to the actual
value of the i-th sample, ŷi denotes the predicted value for the i-th sample, ȳ indicates the
mean of the actual values y across all samples, and ¯̂y represents the mean of the predicted
values ŷ within the same set.

MAE =
1
n

n

∑
i=1

|yi − ŷi| (7)

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)2 (8)
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r = ∑n
i=1(yi − ȳ)(ŷi − ¯̂y)√

∑n
i=1(yi − ȳ)2 ∑n

i=1(ŷi − ¯̂y)2
(9)

2.4. Experimental Setup

To determine the most suitable approach for vehicle detection in an urban context, it
became essential to establish quantitative criteria for comparing the methods analyzed. To
this end, the study adopted two types of analysis for each experiment. The first focuses on
evaluating each network’s ability to classify and identify objects of interest, using metrics
such as Precision, Recall, Fscore, Mean Average Precision (mAP), mAP at 0.75 IoU (mAP75),
and mAP at 0.5 IoU (mAP50). These metrics were selected to standardize comparisons
with previous studies in the literature, thereby facilitating consistent and meaningful
future analyses.

The second analysis focused more specifically on the problem of quantifying the
number of vehicles passing through the roadway. For this purpose, a distinct set of metrics
was adopted, aimed at vehicle counting. The metrics selected for this analysis were the
Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and the Pearson correlation
coefficient (r), which allowed for a more precise evaluation of the architectures within the
specific context of the problem under study.

As previously presented, the main experiment of this study, which used both datasets,
was carried out in three stages, with metrics being collected and evaluated at each stage. The
first stage consisted of training the architectures with the goal of ensuring generalization
in data prediction, focusing on the urban vehicle traffic scenario. For this stage, the UA-
DETRAC dataset underwent a random sampling process without replacement, resulting
in the formation of 10 distinct subsets, each containing exactly 10% of the total images.
These subsets were used in a k-fold cross-validation procedure, conducted with 10 folds.
In each iteration, one of the subsets was designated as the test set, while the remaining
subsets were allocated for training and validation in an 80:20 ratio. The metrics previously
discussed were collected and stored at the end of each fold.

The adopted cross-validation strategy ensured that each of the 10 subsets was used
exactly once as a test set, providing a comprehensive assessment of the model’s performance.
Furthermore, the strict separation between the training, validation, and test sets prevented
any data contamination. In each iteration, the model’s weights were reset, ensuring that
the process started from scratch. This approach reinforces the reliability of the obtained
results, enabling a robust statistical analysis of the architectures’ performance. To ensure
the standardization of the experiments, the hyperparameters learning rate, number of
epochs, batch size, and patience were kept constant across all executions, assuming the
values N, M, O, and P, respectively.

In order to determine these values, the image set was shuffled and five executions
were performed, varying one hyperparameter at a time while keeping the others fixed.
This procedure was repeated for each hyperparameter in order to identify the optimal
combination for the conducted experiment. At the end of the executions, the loss curves
during training and validation were analyzed; the best configuration was identified based
on the region of the graph where the curve begins to stabilize, although it still shows a
slight downward trend. Thus, the values of N, M, O, and P were defined in this study as
0.001, 200, 16, and 10 (5%), respectively, for all experimental runs performed.

To perform the statistical comparison of the stored quality metrics, the obtained
values were subjected to three distinct analyses: analysis of the mean values and standard
deviation, construction and analysis of boxplots, and execution of the analysis of variance
(ANOVA) test with a post hoc Tukey test, adopting a 5% significance level. Through this
robust statistical analysis, it was possible not only to identify the differences between the
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results presented by the architectures, but also to assess the relevance of these differences
and the likelihood of their existence in an average sample outside the experimental control
data, in the context of real-world application scenarios.

In the second stage, the weights from each fold of each architecture were reused for
testing and metric collection; however, this time, the DebStreet dataset was used in place
of the test set from each fold. The same metrics and statistical analyses were applied with
the aim of evaluating the performance of the weights learned on a general dataset when
applied to a new problem, using a cross-domain approach, without fine-tuning.

Finally, the third stage consisted of reapplying the 10-fold cross-validation process to
all architectures, using the pre-trained weights obtained in Stage 1 of the experiment, now
combined with the specific DebStreet dataset for classification, detection, and counting
tasks within the proposed context. Thus, fine-tuning of the previously trained weights
was performed to adapt each architecture to the new application domain. The collection
and analysis of the same metrics from the previous stages were maintained, characterizing
the cross-domain configuration with fine-tuning. This experiment aimed not only to
identify the most suitable network for solving the problem but also to demonstrate the
generalization and adaptability capacity of each architecture when adjusted to a new
sample set.

All experiments were conducted over a five-day period using an NVIDIA A2000 graph-
ics card with 12 GB of dedicated GDDR6 memory. The architectures were implemented
using the PyTorch library version 2.5.0, while the Side-Aware Boundary Localization model
was developed based on the MMDetection framework [27] accessed on 15 March 2025 (the
implementations used in this experiment are publicly available at the following repositories:
compara_detectores_torch (https://github.com/Inovisao/compara_detectores_torch), au-
thor’s implementation of the Faster R-CNN, DETR, and YOLOv8 networks using PyTorch;
and detectores_json_k_dobras (https://github.com/Inovisao/detectores_json_k_dobras),
MMDetection wrapper for statistical data generation and experiment configuration).

3. Results and Discussion
The three stages of the process were executed sequentially, ensuring coherence and

continuity in the analysis. The results obtained in each stage were duly reported and are
discussed in Sections 3.1, 3.2, and 3.3, which detail the procedures adopted for evaluating
the model’s generalization, transferability, and adaptability, respectively. This approach
enabled a systematic and structured analysis, providing a better understanding of the
model’s performance under different scenarios and conditions, which were previously
described in the Materials and Methods Section.

3.1. Same-Domain Generalization Stage

Regarding the metrics from Stage 1 of the experiment, the attention mechanisms cate-
gory stood out significantly through the SABL architecture. The analysis of Table 1 reveals
that the values highlighted in bold, representing the best results for each column, belong
exclusively to the SABL architecture, with all values exceeding 80% (0.80) and exhibiting an
extremely low standard deviation. This indicates the uniformity and consistency of the ar-
chitecture’s performance on the trained dataset. In contrast, although DETR did not always
yield the lowest values, such as in the case of the mAP50 metric, where Faster R-CNN and
YOLOv8 obtained lower values, the Transformer-based architecture exhibited the highest
standard deviations among all analyzed architectures. This suggests significant instability
and unpredictability, directly contrasting with the attention mechanisms category.

https://github.com/Inovisao/compara_detectores_torch
https://github.com/Inovisao/detectores_json_k_dobras
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Table 1. Mean values and standard deviations of each architecture in the standardized analysis
relative to mAP values. The values highlighted in bold correspond to the highest for each analyzed
variable, while the lowest standard deviation may indicate greater relevance.

Architecture mAP mAP50 mAP75

YOLOV8 0.629 ± 0.003 0.727 ± 0.003 0.709 ± 0.003
Faster 0.487 ± 0.008 0.627 ± 0.006 0.590 ± 0.006
Detr 0.493 ± 0.125 0.731 ± 0.157 0.554 ± 0.162
Sabl 0.848 ± 0.005 0.981 ± 0.006 0.965 ± 0.006

Similarly to the metrics related to mAP, the values obtained for Precision, Recall, and
Fscore also highlight the Side-Aware Boundary Localization architecture, as presented in
Table 2. This table reveals a general reduction in the metrics for the highlighted architecture,
with all three metrics close to 78% (0.78), yet still superior, and exhibiting a low standard
deviation. This reinforces the scores observed in the mAP analysis. On the other hand,
the Transformer-based category remained the most inconsistent, despite a considerable
reduction in the standard deviation for all three metrics.

Table 2. In the standardized analysis of Precision, Recall, and Fscore metrics, the mean values and
standard deviations of each architecture were calculated. The highest values for each analyzed
variable are highlighted in bold, while the lowest standard deviation may indicate greater relevance.

Architecture Precision Recall Fscore

YOLOV8 0.719 ± 0.004 0.744 ± 0.001 0.731 ± 0.002
Faster 0.589 ± 0.007 0.633 ± 0.007 0.608 ± 0.005
Detr 0.512 ± 0.095 0.651 ± 0.051 0.561 ± 0.079
Sabl 0.781 ± 0.005 0.790 ± 0.006 0.785 ± 0.005

The factors observed in the analysis of standardized variables serve as important
indicators of the applicability of architectures with attention mechanisms in problems
characterized by high heterogeneity of information within the same class. The studies
of [28,29] support these conclusions by examining the impact of such mechanisms on
the solutions proposed by the authors. Likewise, the limitations identified in the works
of [30,31] are also reflected in the data obtained from the standardized variables of the
experiment.

Regarding the analysis of specialized metrics, as reported in Table 3, the previously
observed trend of SABL outperforming all other architectures across all metrics does not
hold in this context. For the error-related metrics, the YOLOv8 network achieved the lowest
values for both MAE and RMSE, indicating that it commits fewer errors in terms of object
counting compared to the other architectures. As for the correlation coefficient r, all four
approaches exhibit a strong positive correlation, suggesting that their counting behavior
closely aligns with the actual values. Notably, the SABL architecture, despite not being the
most accurate in terms of error incidence, demonstrates the highest positive correlation
with the ground truth, reinforcing its reliability in count estimation.

The trend identified in the other metrics was maintained. In this context, the atten-
tion mechanism category stood out once again, achieving the lowest error values in MAE
and RMSE, along with a high degree of correlation, as indicated by the r metric, and low
standard deviations across all three metrics. Similarly, the Transformer-based category
continued to exhibit significant variability in the data. However, in the case of error metrics,
its performance differed from that observed in the generalized metrics, as it consistently
yielded qualitatively inferior values compared to the other approaches. Regarding correla-
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tion, DETR obtained higher values than other methods, such as Faster R-CNN, though it
did not surpass the SABL network.

Table 3. For the specific analysis of the studied problem, the mean values and standard deviations of
each architecture are presented. The highest values for each variable are highlighted in bold, while
lower variability, indicated by a reduced standard deviation, may suggest greater relevance.

Architecture MAE RMSE r

YOLOV8 0.210 ± 0.023 0.652 ± 0.101 0.985 ± 0.003
Faster 0.770 ± 0.051 1.510 ± 0.116 0.907 ± 0.007
Detr 1.381 ± 0.361 2.051 ± 0.418 0.884 ± 0.021
Sabl 0.236 ± 0.017 0.665 ± 0.067 0.990 ± 0.002

For the second analysis outlined in the methodology, aimed at examining the distribu-
tion of fold values in greater detail graphically through boxplots, Figure 2 illustrates these
distributions along with their interquartile ranges and medians for each metric, relating the
studied approaches.

Figure 2. The graph displays the boxplots for each metric in relation to its respective architecture. The
first two rows correspond to the standardized metrics, while the last row presents the three metrics
specific to the experiment.

Upon analyzing the boxplot, it is observed that the SABL neural network once again ap-
pears to outperform the others, particularly in the standardized metrics, where it achieved
the best performance and a noticeable difference compared to the other approaches. How-
ever, in the specific counting metrics, YOLOv8 demonstrated superior performance in
terms of MAE and RMSE, while SABL maintained a similar performance in the r metric.

These proportions and values were also corroborated by the analysis of variance
(ANOVA), which indicated p-values significantly lower than 0.05 for all metrics, ranging
from 0.0087 to 0.00034, thus evidencing the existence of potential statistical differences
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among the approaches. The Tukey multiple comparisons test enabled the identification of
the specific pairs of approaches for which these differences occurred, confirming the promi-
nence of SABL in the standardized detection metrics, for which it presented p-values below
0.0074. However, for the specific counting metrics, no evidence of statistical difference was
observed between SABL and YOLOv8, since the comparison between them resulted in a
p-value of 0.0724, exceeding the previously established significance level.

This behavior may be related to the ability of both architectures to learn relevant infor-
mation. While the SABL architecture addresses the challenge of heterogeneity and large
information volume through its attention mechanism [29], the YOLOv8 neural network
focuses on optimizing information flow, making it more robust to diverse scenarios, as
indicated by [32].

3.2. Cross-Domain Transferability Stage

When analyzing the transferability of the models, the Faster R-CNN neural network
exhibited the most notable performance, despite having achieved poor results in the
previous stage and not being statistically distinguishable from the worst-performing models.
In this stage, which aims to assess the ability of architectures to transfer learned knowledge
to new samples, this network achieved the highest values in all three mAP metrics, as well
as in the Recall and Fscore metrics, as highlighted in bold in Tables 4 and 5.

Table 4. Mean and standard deviation of the mAP metrics, with boldface highlighting the most
representative value in each column.

Architecture mAP mAP50 mAP75

YOLOV8 0.270 ± 0.033 0.546 ± 0.063 0.212 ± 0.035
Faster 0.412 ± 0.015 0.835 ± 0.022 0.325 ± 0.034
Detr 0.103 ± 0.055 0.287 ± 0.156 0.039 ± 0.023
Sabl 0.379 ± 0.018 0.780 ± 0.017 0.299 ± 0.034

Table 5. Tabular representation of the mean and standard deviation obtained when computing the
Precision, Recall, and Fscore metrics, with textual emphasis on the highest value in each column
usind bold font.

Architecture Precision Recall Fscore

YOLOV8 0.925 ± 0.041 0.559 ± 0.069 0.693 ± 0.049
Faster 0.880 ± 0.013 0.849 ± 0.023 0.864 ± 0.012
Detr 0.417 ± 0.188 0.467 ± 0.187 0.437 ± 0.183
Sabl 0.853 ± 0.040 0.794 ± 0.017 0.822 ± 0.017

Observing Table 5, it is evident that the YOLOv8 approach outperformed the Faster
R-CNN network in terms of Precision but fell short in the other metrics. This suggests that,
although YOLOv8 is more effective in reducing false positives, it exhibits a higher number
of false negatives. Consequently, despite having the lowest number of irrelevant objects
classified as the target class, its overall performance was significantly impacted, especially
in contexts where the false negative rate is crucial, as in the present experiment.

Similar to the behavior of Faster R-CNN, the attention-based SABL architecture exhib-
ited a balanced performance between Precision and Recall, maintaining a consistent range.
Although its values were lower than those of Faster R-CNN, SABL preserved the strong
performance observed in the previous stage. This behavior can also be verified in Table 6
through the specific counting metrics, in which SABL achieved the lowest error values and
the highest correlation among all networks analyzed in this stage.
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Table 6. Specific average counting metrics reported along with their respective standard deviations,
with indicative highlighting for the best value of each metric using bold font.

Architecture MAE RMSE r

YOLOV8 2.114 ± 0.395 2.914 ± 0.465 0.669 ± 0.176
Faster 0.868 ± 0.098 1.447 ± 0.197 0.891 ± 0.033
Detr 2.488 ± 0.972 3.263 ± 0.059 0.178 ± 0.345
Sabl 0.840 ± 0.132 1.282 ± 0.198 0.926 ± 0.022

As indicated in Table 6, the median and the distribution ranges of the data presented
in Figure 3 followed a similar pattern when comparing the values obtained by the Faster
R-CNN and SABL architectures. The SABL architecture appears to show a slight advantage
across the three count-specific metrics, based solely on the numerical values of the mean
and standard deviation.

Figure 3. Boxplots representing the distributions of means and interquartile ranges for the metrics
evaluated in the second stage of the experiment. The last row displays the specific counting met-
rics analyzed in this study, while the remaining rows present classification metrics to standardize
comparisons across experiments.

The analysis of variance (ANOVA) provided relevant insights at this stage, despite
the alternation between the best- and worst-performing approaches observed in the mean
values presented in the tables. Although the ANOVA test indicated the possibility of
statistically significant differences, with p-values ranging from 0.0234 to 0.0096, well below
the 5% significance level, the Tukey post hoc test did not identify clear distinctions between
the performance of the Faster R-CNN and SABL networks, as the p-values remained above
0.05 for all metrics. These results suggest that, up to the second stage, the attention-based
approach exhibited the best performance, as it not only outperformed the others in the
previous stage but also maintained its relevance in the scenario analyzed at this stage.
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3.3. Cross-Domain Adaptability Stage

In the final stage, during the execution of fine-tuning, the standardized classification
metrics did not reveal significant differences among the analyzed networks, as indicated in
Tables 7 and 8, whose average values exhibited a high degree of proximity. However, it is
noteworthy that, for the first time in this study, the DETR architecture achieved superior
performance in one of the evaluated metrics, specifically in the mAP50 metric.

Table 7. The mean values and standard deviations of each architecture were tabulated according to
the mAP metrics, with the most representative values highlighted in bold. Notably, for the first time
in the experiment, the DETR architecture outperformed the others in mAP50.

Architecture mAP mAP50 mAP75

YOLOV8 0.750 ± 0.010 0.997 ± 0.003 0.903 ± 0.017
Faster 0.689 ± 0.013 0.994 ± 0.006 0.844 ± 0.018
Detr 0.710 ± 0.014 0.998 ± 0.012 0.863 ± 0.025
Sabl 0.745 ± 0.011 0.989 ± 0.005 0.907 ± 0.014

Table 8. Schematic representation of the mean values and distribution of classification metrics using
standard deviation, with emphasis using bold font on the most relevant values in each column.

Architecture Precision Recall Fscore

YOLOV8 0.975 ± 0.007 0.999 ± 0.001 0.987 ± 0.004
Faster 0.920 ± 0.008 0.997 ± 0.003 0.957 ± 0.004
Detr 0.936 ± 0.035 0.994 ± 0.002 0.964 ± 0.019
Sabl 0.986 ± 0.008 0.993 ± 0.004 0.990 ± 0.004

Analyzing the values presented in these tables, it is evident that the standard deviation
was generally extremely low. This is particularly noticeable in Table 8, especially in the
Recall metric for YOLOv8, where the combination of the mean value and the standard
deviation is remarkably close to 100%. This result reinforces and empirically validates
the ideas proposed by [33,34] regarding the impact of transfer learning and fine-tuning in
optimizing models for solving real-world problems.

This proportionality and data proximity are also reflected in the mean values of the
specific counting metrics analyzed in this experiment, as outlined in Table 9. This table
allows for an analysis of the result distribution, with YOLOv8 once again leading in error
metrics, although exhibiting a lower correlation coefficient than SABL.

Table 9. Experiment-specific metrics associated with their respective architectures, with emphasis on
the most notable values for each using bold font as visual representation of it.

Architecture MAE RMSE r

YOLOV8 0.009 ± 0.014 0.057 ± 0.078 0.994 ± 0.001
Faster 0.089 ± 0.034 0.316 ± 0.069 0.984 ± 0.002
Detr 0.242 ± 0.179 0.556 ± 0.304 0.981 ± 0.010
Sabl 0.041 ± 0.019 0.190 ± 0.073 0.995 ± 0.002

From the diagrams presented in Figure 4, it is evident that the various approaches
benefited significantly from fine-tuning, leading to an overall reduction in interquartile
ranges and an increase in medians compared to Figure 3 from the previous stage. Notably,
the DETR architecture, despite not achieving the best absolute results, exhibited the greatest
performance improvement among the evaluated approaches. Initially, in Stage 1, this
network showed large variations in the range of 10%, whereas in the final stage, these
variations were reduced to approximately 1%.
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Figure 4. Distribution of values around the medians using boxplots for robust statistical analysis.
Each set of four boxplots represents one of the evaluated metrics.

Regarding the ANOVA test, the similarity of the p-values across all metrics remained
statistically significant, with a value of 0.0329, below the threshold previously established
in the methodology. As illustrated in Figure 4, the similarities previously observed between
SABL and YOLOv8 persisted after analyzing the values obtained in the Tukey post hoc
test, resulting in a p-value of 0.0648. However, a notable aspect emerged: this time, DETR
did not differ significantly from the other architectures, showing no statistical evidence
of distinction from Faster R-CNN across several metrics, such as Precision, Recall, and
Fscore, with comparative p-values for this pair ranging from 0.0547 to 0.0613. Addition-
ally, in some cases, such as the Recall and mAP50 metrics, there was also no statistical
evidence of distinction between DETR and SABL, with p-values slightly above 0.0578 but
not exceeding 0.0681.

Considering the insights derived from the statistical tests, the lack of significant
differences, and the average values obtained, it becomes clear that employing diverse
strategies is essential to enhance model performance. These approaches made it possible to
achieve high levels of Precision, mAP, and Recall, which are comparable to or even exceed
those reported in related works, such as [35,36]. Both studies applied specific modifications
to YOLOv8, achieving precision rates above 90 percent, a result similar to that observed in
this study after the third experiment.

The analyses conducted on the performance of the architectures throughout the dif-
ferent stages allow for the identification of the most suitable model for each scenario,
emphasizing the internal characteristics of each architecture and the benefits they offer in
solving specific problems. Regarding network performance in relation to the available data
and training time, the premises presented by [37,38] were empirically validated. These
authors assert that as the volume of data and training time increase, attention-based net-
works, such as SABL and DETR, exhibit the most significant performance improvements.
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This suggests that for long-term applications where continuous retraining with new data is
feasible to adapt the model to real-world conditions, these two architectures are the most
suitable choices.

Regarding the application of the techniques in real-world scenarios outside the con-
trol group, it is observed that the performance of the approaches significantly improves
as the network training is refined with a specific focus on the environment of applica-
tion. This trend became evident in the progressive increase of performance indicators,
as demonstrated in the three experiments conducted, where the values, especially the
Recall of YOLOv8, gradually approached 100%. Moreover, the evolution in the efficiency
of the employed architectures is noteworthy. Previously, it was necessary to have com-
puters with high computational resources; today, it is possible to run these models with
satisfactory metrics and high responsiveness on devices with reduced computational ca-
pabilities. This evolution is supported by the works of [39,40], which demonstrate that
the learned weights can be optimized for operation on smaller, portable devices without
compromising performance.

Despite the remarkable performance, it is essential to highlight the computational
resources required by each architecture. A significant consumption of both RAM and
dedicated memory was observed, particularly in the case of the YOLOv8 architecture.
Although it exhibited superior performance in terms of results, this network was the most
computationally demanding, requiring approximately 10 GB of the dedicated GPU memory
and up to 25 GB of the device’s total RAM during a training period of about four and a half
hours for processing its set of folds.

In contrast, the DETR architecture, although it did not achieve the best performance
among the three evaluations conducted, demonstrated a more efficient computational
profile. Its use of dedicated memory was equivalent to that of YOLOv8; however, its RAM
consumption was substantially lower, limited to approximately 10 GB. Furthermore, the
execution time was reduced to about three hours and fifteen minutes, indicating a lower
computational cost compared to YOLOv8.

Thus, it becomes possible to investigate the feasibility of applying these architectures
in embedded systems installed at strategic locations throughout the city, considering not
only performance but also computational cost, with the aim of achieving more effective
traffic control and generating data for the development of public platforms. Such platforms
could utilize this information to improve citizens’ daily lives, either by streamlining traffic
flow or by guiding the planning and implementation of new roadways. Furthermore, this
new approach to applying and processing data enables intelligent vehicle control, since it
becomes feasible to identify the precise location of each vehicle, as demonstrated by the
application of the YOLO network in the study by [41].

4. Conclusions
Based on the analyses conducted and the insights gathered, it can be concluded

that attention mechanisms have broad applicability in vehicle identification and counting
in urban environments. Regardless of whether the model is trained on a specific or a
generic dataset, it is likely to achieve satisfactory performance in solving problems within
this domain.

In the context of attention mechanisms, the significant impact of data volume and
training time on models based on the general Transformer approach, originally proposed
by [37], is evident. In this regard, the DETR architecture exhibited the most notable
improvement in its metrics following fine-tuning, suggesting that, in larger-scale scenarios,
it may reach the performance level observed in SABL or even surpass other architectures.
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Another noteworthy aspect observed in this experiment is the behavior of the Faster
R-CNN architecture. Despite being considered an older network, published nearly a
decade ago, it still exhibits competitive performance in specific scenarios, such as in
Stage 2. This finding underscores the importance of not only exploring new architectures
for problem-solving but also investigating novel approaches to optimize and repurpose
older architectures, as demonstrated in the works of [42,43], which propose variations of
Faster R-CNN.

Despite the positive aspects identified and the promising prospects for future appli-
cations, it is essential to highlight the limitations observed throughout the experiment.
Although the DebStreet image dataset adequately represents the studied urban scenario
and yielded satisfactory results, with indications of reasonable applicability beyond con-
trolled environments, it still lacks diversity in terms of weather conditions and significant
lighting variations. This limitation may hinder the generalization capability of models
trained exclusively on this dataset. To mitigate this constraint and enhance the dataset’s ro-
bustness, it is recommended that future versions include samples collected during different
seasons of the year and at various times of day, thereby increasing its representativeness
and ensuring broader coverage of urban scenarios.

In addition to temporal and lighting variations, another aspect that can significantly
improve the robustness of the dataset is the spatial diversification of the urban environments
represented. While the current version of the dataset focuses primarily on intersections,
future iterations could benefit from the inclusion of other urban contexts, such as major
avenues and narrower pathways like curved alleyways. Expanding the scope of image
acquisition to encompass a broader range of urban scenarios would increase the dataset’s
regional representativeness and the variability of information available for training. This is
especially relevant in the context of smart cities, where intelligent systems must be capable
of operating effectively across a wide variety of real-world conditions and infrastructures.

To address the limitations of the image dataset and improve its performance, the
adoption of training methodologies within the field of few-shot learning emerges as a
viable strategy. Although the dataset contains a relatively small number of images, their
relevance and representativeness make it feasible to train models in this machine learning
paradigm, potentially achieving satisfactory results. This approach is supported by the
literature reviews of [44,45], which highlight few-shot learning as a promising technique
for optimizing networks to operate effectively with limited datasets.

Another potential direction for future research lies in the in-depth investigation of
hyperparameter tuning. As previously discussed, the architecture based on Transformer
technology was among those that exhibited the greatest metric improvements throughout
the experiment. This finding raises the possibility of conducting further experiments with
a greater number of training epochs and a more diverse dataset. As noted earlier, this
architecture significantly benefits from extended training time and increased data volume.
Therefore, it is plausible to assume that in future experiments, the DETR network may
achieve even better performance, potentially outperforming other evaluated approaches.

In summary, the field of vehicle detection still holds significant untapped potential,
enabling the application of various techniques and architectures aimed at enhancing result
accuracy and optimizing intelligent monitoring of urban roadways. This potential is further
enhanced when solutions are enriched with information pertinent to the local context of
deployment, as exemplified by the DebStreet dataset introduced in this article. Of particular
importance is the role of the studied approaches as support tools for urban management by
governmental agencies, facilitating the identification of congestion points and fostering
more effective decision-making. Additionally, these tools can be employed to assess the
environmental impact caused by vehicular traffic, promoting actions focused on improv-
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ing urban conditions and mitigating the environmental effects associated with mobility.
Such contributions may be realized through both public initiatives and partnerships with
organizations capable of interpreting and utilizing the provided data.
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