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Abstract

Colonial historic city centers represent a paradigmatic challenge for modern road safety,
as they are characterized by narrow streets originally designed for carriage and pedes-
trian traffic. This research presents ADAS-TSR, a deep learning-based advanced driver
assistance system for vertical traffic sign detection with voice alerts, specifically designed
for the Historic Center of Ayacucho, Peru, which is located at 2761 m a.s.l. An original
dataset comprising 2250 images with 2450 instances corresponding to 14 sign classes ac-
cording to Peruvian regulations was constructed. The dataset was captured under real
operational conditions, including deteriorated, partially occluded, and vehicle impact-
deformed signage. A comprehensive multi-model benchmark experiment was conducted,
comparing four CNN-based detectors (YOLOv8m, YOLO11n, YOLO26n, YOLO26s) and
one transformer-based detector (RT-DETR-I) spanning both classical and state-of-the-art ar-
chitectures released through January 2026. YOLO26s achieved the best overall performance,
with an mAP@0.5 of 0.994 and mAP@0.5:0.95 of 0.989 while using only 9.5 M parameters.
YOLO11n matched the performance of YOLOv8m with 10x fewer parameters (2.6 M
vs. 25.9 M). Uncertainty analysis revealed that modern architectures exhibit significantly
higher prediction confidence (mean > 0.90) compared to YOLOv8m (0.82), and fairness
analysis confirmed equitable detection across all 14 classes (Gini < 0.002). A voice alert
system with five priority levels and rule-based temporal filtering for detection stabilization
was implemented. Validation across five urban circuits spanning 14.11 km demonstrated a
detection rate of 94.7% with a 73% reduction in redundant alerts.

Keywords: advanced driver assistance system; Andean historic center; colonial urban
morphology; convolutional neural network; deep learning; localized dataset; multi-model
benchmark; real-time detection; road safety; RT-DETR; traffic sign recognition; transformer;
voice alert; YOLO

1. Introduction

Road safety constitutes one of the primary public health challenges worldwide. Ac-
cording to the World Health Organization’s Global Status Report on Road Safety 2023 [1],
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traffic accidents cause approximately 1.19 million deaths annually—equivalent to one
death every 26 s—in addition to between 20 and 50 million non-fatal injuries with disabling
consequences, representing an estimated economic cost of 3% of global GDP. Low- and
middle-income countries bear a disproportionate burden, accounting for 90% of all road
traffic fatalities despite possessing only 60% of the world’s registered vehicles. The urgency
of this crisis was reaffirmed at the Fourth Global Ministerial Conference on Road Safety
held in Marrakech in February 2025, where ministers from over 100 countries endorsed the
Marrakech Declaration committing to accelerated action [2]. In the Peruvian context, the
Observatorio Nacional de Seguridad Vial (ONSV) reported 87,083 traffic accidents during
2023, resulting in 3316 fatalities and approximately 58,000 injuries [3]. Human factors
constitute the predominant cause, accounting for 70.2% of all incidents, with driver impru-
dence (28.2%), speeding (26.6%), and alcohol impairment (7.2%) as the leading contributors.
Notably, traffic sign disobedience was officially recorded as the direct cause in 359 cases
(0.8%) during the first semester of 2023 [4]; however, this figure likely underestimates
the true impact, as many sign-related violations are subsumed under the broader “driver
imprudence” category, suggesting that automated traffic sign recognition systems could
potentially impact a significant portion of human-caused accidents.

Colonial historic city centers present a paradigmatic challenge for modern traffic man-
agement. These cities, characterized by narrow streets originally designed for carriage and
pedestrian traffic [5], face an infrastructural incompatibility that generates critical conges-
tion. The city of Ayacucho exemplifies this situation, where vehicular congestion emerges
as one of the principal problems confronting public authorities. The historic nature of the
urban center, with an original layout that was not conceived for motorized vehicular traffic,
significantly exacerbates this situation. Additionally, Ayacucho presents a monocentric
structure where the majority of commercial, educational, and labor activities converge
toward the city center; the narrow streets prove insufficient for absorbing vehicular demand
during peak hours.

Advanced Driver Assistance Systems (ADAS) have emerged as a promising techno-
logical solution for mitigating road risks. These systems integrate sensors, cameras, and
artificial intelligence algorithms to provide real-time feedback to drivers. Ayachi et al. [6]
conducted a comprehensive evaluation of various YOLO models for real-time object de-
tection in urban environments for ADAS systems, finding that YOLOV9 offers an optimal
compromise between speed and precision. Among ADAS functionalities, Traffic Sign
Recognition (TSR) proves particularly relevant for urban contexts where vertical signage
plays a critical role in traffic regulation and accident prevention [7].

Convolutional neural networks have revolutionized computer vision tasks, enabling
automatic learning of discriminative features [8]. Arcos-Garcia et al. [9] pioneered the
systematic evaluation of deep neural networks for traffic sign detection systems, comparing
detectors such as Faster R-CNN [10], R-FCN, SSD [11], and YOLO V2. Chen et al. [7] pre-
sented a comprehensive review analyzing progress in traffic sign detection and recognition
methods over the past decade, categorizing approaches into three principal techniques:
conventional, deep learning-based, and hybrid.

Flores-Calero et al. [12] conducted a systematic review specifically addressing the
YOLO algorithm applied to TSR systems, analyzing 61 publications between 2016-2022.
The authors identified that YOLO has become the dominant algorithm for TSR due to its
real-time detection capability, although significant challenges persist in small object detec-
tion, adverse lighting conditions, and generalization to localized datasets. Dewi et al. [13]
complemented this analysis through a systematic review of traffic sign recognition tech-
niques using deep learning algorithms.
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Precise detection of distant or small-sized traffic signs represents a critical challenge for
practical applications. Qiu et al. [14] proposed DP-YOLO, a lightweight algorithm based
on YOLOv8s optimized for small object detection, achieving parameter reduction of 77.0%
with mAP@0.5 improvements of 5.8% on the TT100K dataset [15]. Niu et al. [16] developed
YOLOV8s-DDA, incorporating the C2fW module with efficient EMA attention mechanism
and achieving mAP@0.5 of 87.2% on TT100K. Han et al. [17] presented EDN-YOLO with
improvements of 3.1% on GTSDB and 9.6% on TT100K through optimized multi-scale
fusion. Zhang et al. [18] developed TSD-DETR, a lightweight transformer that achieved
mAP of 96.8% on Tsinghua-Tencent 100K.

The emergence of transformer-based architectures has introduced a fundamentally
different paradigm for object detection. Zhao et al. [19] introduced Real-Time Detection
Transformer (RT-DETR), the first real-time end-to-end object detector based on transform-
ers, which eliminates the need for Non-Maximum Suppression (NMS) through bipartite
matching. Unlike CNN-based detectors that rely on local feature extraction, RT-DETR
employs self-attention mechanisms to capture global contextual relationships across the
entire image, offering potential advantages for detecting objects in complex spatial arrange-
ments. This architectural distinction is particularly relevant for TSR applications, where
contextual understanding of sign placement within urban environments may enhance
detection accuracy.

The evolution of the YOLO family has continued at an accelerating pace. Following
YOLOVS [20], Ultralytics released YOLO11 in September 2024, introducing architectural re-
finements including improved C3k2 blocks and enhanced feature pyramid networks while
maintaining the anchor-free detection paradigm. Most recently, YOLO26 was released in
January 2026 [21], representing a significant architectural advancement with NMS-free
inference and improved efficiency by achieving 43% faster CPU inference compared to pre-
decessor models. These rapid developments underscore the importance of benchmarking
TSR systems against current state-of-the-art architectures.

Open-vocabulary detectors such as YOLO-World [22] and Grounding DINO [23]
represent another emerging paradigm, enabling zero-shot detection of arbitrary object
categories through language-vision alignment. However, these models are designed for
open-set scenarios where object categories are not predefined, making them architecturally
suboptimal for closed-set TSR applications with fixed and well-defined sign classes where
specialized fine-tuning yields superior performance.

Detection under adverse conditions represents another critical challenge for practical
ADAS implementation. He et al. [24] proposed NTS-YOLO for nocturnal detection based
on improved YOLOvS with illumination enhancement modules. Wang et al. [25] developed
YOLO-AEEF integrating adaptive enhancement and feature fusion and demonstrating im-
provements of 4.8 percentage points on TT100K under challenging conditions. Choudhary
and Dey [26] presented FAIERDet, an adaptive framework utilizing a fuzzy inference
system for dynamic adjustment of image enhancement parameters. Ji et al. [27] pro-
posed improvements to YOLOvVS for complex environmental conditions. Zhang et al. [28]
contributed significantly through the creation of CCTSDB 2021, a more comprehensive
benchmark for TSR system evaluation under diverse conditions.

Adaptation to specific geographical contexts has proven critical for real-world TSR
system performance. Linardi et al. [29] evaluated YOLO models on Indonesian traf-
fic signs, revealing a critical gap: the model trained with GTSRB achieved 97.07% on
validation but only 28.68% on real local images, evidencing the fundamental limitation
of international datasets for localized applications. Zakaria et al. [30] expanded the
LISA dataset from 47 to 55 classes for rural American areas, achieving mAP of 98.7%
using YOLOVS. Yaamini et al. [31] addressed the particular road conditions of India with
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YOLOVS. Castafiita et al. [32] developed a specific methodology for Mexican signs using
R-CNN and YOLO v3, obtaining mAP of 95.33%.

Architecture optimization for resource-constrained devices has received considerable
attention. Xing et al. [33] proposed a lightweight model based on improved YOLOv8s
for edge deployment in autonomous driving systems. Sharma et al. [34] developed
improvements to the YOLOv4-Tiny algorithm for traffic sign recognition. Zhou et al. [35]
presented a lightweight detection method based on improved YOLOv8n, optimized for
campus driving scenarios.

Audio alert integration complements visual detection for effective driver assistance.
Bhuvaneshwari et al. [36] developed a system integrating YOLOv4 for detection and CNN
for classification with a voice alert module. Asamoah et al. [37] presented SAAM-ReflectNet,
a multi-task framework unifying sign detection, classification, and retroreflectivity estima-
tion. Trappey and Shen [38] proposed a universal detection system using YOLOv7 and
Siamese neural networks with self-training capability.

In the Peruvian context, Marino Ayuque [39] developed a classification system for
Peruvian signs using CNN with 95.29% precision, implemented as a mobile application but
without audio alert integration or consideration of Andean historic centers. Our previous
work [5] addressed intelligent traffic light optimization through vehicular detection with
YOLOVS in the Historic Center of Ayacucho, demonstrating the viability of deep learning
technologies in this unique heritage context.

Despite the documented advances in the literature, there are a number of critical gaps
that motivate the present research. First, there is an absence of contextualized datasets
for Peruvian signage according to national regulations in high-altitude Andean contexts.
Likewise, a lack of comprehensive multi-architecture benchmarks comparing CNN-based
and transformer-based detectors on localized TSR datasets is evident. Additionally, there is
limited integration of optimized voice alerts with rule-based temporal filtering for detection
stabilization and priority management according to the criticality of each sign. Finally,
modern evaluation methodologies including uncertainty estimation, cross-class fairness
analysis, and computational efficiency profiling remain underexplored in the TSR literature.

Our research addresses these gaps through the development of ADAS-TSR, a compre-
hensive system specifically adapted to the context of the Historic Center of Ayacucho. The
principal contributions are fivefold: first, the creation of the first vertical signage dataset
specific to the Peruvian Andean context, comprising 2250 images with 14 sign classes
according to MTC regulations; second, a comprehensive multi-model benchmark compar-
ing five detection architectures spanning CNN-based (YOLOv8m, YOLO11n, YOLO26n,
YOLO26s) and transformer-based (RT-DETR-1) paradigms; third, detailed uncertainty,
fairness, and computational efficiency analyses following modern evaluation standards;
fourth, implementation of a rule-based temporal filtering system for detection stabilization
with differentiated voice alerts; and fifth, exhaustive system validation through vehicular
simulations across diverse urban circuits.

2. Materials and Methods
2.1. Study Area: The Historic Center of Ayacucho

The research was conducted on the main roads of the city of Ayacucho, capital of the
homonymous department located in the south-central region of Peru. The city is situated
at 2761 m above sea level in the Southern Peruvian Highlands, and presents unique urban
characteristics that substantially distinguish it from conventional urban environments
studied in the international literature.

The Historic Center of Ayacucho, declared National Cultural Heritage, constitutes a
colonial city with an original layout designed for carriage and pedestrian displacement,
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not motorized vehicular traffic [5]. The streets present variable widths between 4 and 8 m,
significantly less than modern urban standards of 12 to 15 m. The monocentric structure
generates a high density of vehicular and pedestrian traffic on streets with limited capacity.
The irregular topography produces steep slopes reaching up to 12%, and colonial mansions
project complex shadows that vary significantly throughout the day. At 2761 m a.s.l.,
atmospheric conditions include greater solar UV radiation, abrupt climatic changes, and
lighting characteristics that are different from coastal cities.

The road safety situation in Ayacucho has deteriorated significantly in recent years.
According to the Instituto Nacional de Estadistica e Informatica (INEI), the department
recorded 207 traffic accidents during the third quarter of 2024 alone, representing a 97.1%
year-over-year increase, with 29 fatalities and 202 injuries [40]. At the national level, Ay-
acucho ranks 10th in fatal interprovincial transport accidents, with nine fatal incidents
recorded between 2021 and 2023 [41]. The combination of colonial urban morphology—
narrow streets with limited visibility at intersections, absence of dedicated pedestrian
infrastructure, and irregular signage placement on heritage facades—with rapidly increas-
ing vehicular density creates conditions where traffic sign compliance becomes critical for
accident prevention. These factors provide a compelling justification for the development
of automated traffic sign detection systems specifically adapted to this urban context.

The study roads included 23 urban arteries of the historic center. Figure 1 presents the
map of the study area with the delimitation of selected roads.
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Figure 1. Map of the study area in the city of Ayacucho (2761 m a.s.1.) showing the 23 urban roads
selected for dataset collection. The Historic Center with colonial morphology that has been declared
National Cultural Heritage is indicated by the delimited central sector.

2.2. Original Dataset Construction

Unlike previous research utilizing public international datasets such as GTSDB from
Germany [42], TT100K from China [15], LISA from the United States, and CCTSDB [28], for
this research we constructed a completely original dataset captured entirely in the Historic
Center of Ayacucho. This methodological decision responds to the evidence documented
by Linardi et al. [29], who demonstrated that models trained with international datasets
experience severe performance degradation when applied to local contexts not represented
in training.

A total of 3000 images of vertical signage were collected using a Samsung Galaxy 523
mobile device (Samsung Electronics Co., Ltd., Suwon, Republic of Korea) with a 50 MP
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main camera and optical stabilization. Images were systematically captured under real
operational conditions of the historic center, encompassing diverse lighting conditions, cap-
ture distances between 2 and 15 m, and frontal, lateral, and oblique perspectives. From the
total population, 2250 images were selected through intentional non-probabilistic sampling,
ensuring balanced representativeness of the 14 signage classes defined according to the
Traffic Control Device Manual of Peru [43]. The dataset was partitioned using stratified sam-
pling to maintain proportional class representation, with an 80%/20% training/validation
split (1801/449 images). Table 1 presents the category definitions and their distribution.

Table 1. Vertical signage category definitions according to Peruvian MTC regulations and instance

distribution in the original dataset.

ID Code Sign (MTC Regulation) Type Instances
1 NE R-27 No Parking Regulatory 412
2 sp P-48/P-49 School Zone Warning 298
3 p [-23 Public Transport Stop Informative 156
4 NC R-19 No Truck Entry Regulatory 178
5 prp R-44 No Stopping Regulatory 134
6 NCL R-29 No Horn Use Regulatory 145
7 VM_20 R-30 Max Speed 20 km/h Regulatory 167
8 PA R-1 Stop Regulatory 187
9 cv I-3 Speed Control Informative 89
10 zr Authorized Parking Zone Informative 112
11 VM_30 R-30 Max Speed 30 km/h Regulatory 189
12 RV P-33A Speed Bump Warning 156
13 SB R-55A /B Buses Only Regulatory 98
14 VR R-17 Restricted Vehicle Regulatory 129

Total annotated instances 2450

Figures 2 and 3 present representative examples taken under daytime and nighttime
conditions. Figure 4 shows the instance distribution by class.

(<) SP-SCHOOL ZONE (d) P-BUS STOP o (2) NGL-NO HONKING

(h) VM_20 -SPEED LIMIT 20 kmvh (i) VM_30-SPEED LIMIT 30 km'h (j) RV-SPEED BUMP (k) CV-SPEED CONTROL (1) ZP-PARKING ZONE (m) SB-BUS LANE (n) VR-RESTRICTED VEHICLES

Figure 2. Representative examples of the 14 vertical signage classes from the original dataset captured
under daytime conditions. Sign codes: NE = No Parking; SP = School Zone; P = Public Transport
Stop; NC = No Truck Entry; PP = No Stopping; NCL = No Horn Use; VM_20 = Max Speed 20 km/h;
PA = Stop; CV = Speed Control; ZP = Parking Zone; VM_30 = Max Speed 30 km/h; RV = Speed
Bump; SB = Buses Only; VR = Restricted Vehicle.

https:/ /doi.org/10.3390/app16062664


https://doi.org/10.3390/app16062664

Appl. Sci. 2026, 16, 2664

7 of 25
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Figure 3. Representative examples of the 14 vertical signage classes captured under nighttime
conditions with variable artificial illumination. Sign codes are defined in Figure 2.

Distribution of the Original Dataset by Traffic Sign Class
(Total: 2,450 instances in 2,250 images)
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Figure 4. Distribution of the original dataset by vertical signage class.

2.3. Data Labeling with LabelMe

The selection of the annotation tool constitutes a methodological decision that directly
impacts dataset quality and annotation efficiency. Several open-source and commercial
tools were evaluated for this study, including LabelMe [44], CVAT [45], Labellmg [46], Label
Studio [47], and Roboflow. Table 2 summarizes the comparative analysis of the principal
annotation tools considered in this study.
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Table 2. (New) Comparative analysis of image annotation tools for traffic sign labeling. Symbols:
v = feature available; x = feature not available; N/A = not applicable (cloud-based service).

Feature LabelMe CVAT Labellmg Label Studio Roboflow
Polygon annotation v v X v v
SAM integration v v X v v
Peer-reviewed publication v X X X X
Lightweight installation v X v X N/A
Native JSON output v v X v v
Open-source (MIT) v v v Apache 2.0 X
Local execution (offline) v v v v X

LabelMe was selected as the annotation tool based on four principal criteria. First, aca-
demic provenance: LabelMe originated at MIT’s Computer Science and Artificial Intelligence
Laboratory (CSAIL) and is formally documented in a highly cited peer-reviewed publica-
tion [44], providing methodological traceability appropriate for scientific research. Second,
native polygon annotation: unlike bounding box-only tools such as Labellmg, LabelMe was
designed specifically for polygon-based annotation, enabling precise delineation of traffic
sign boundaries. This is particularly important for signs with irregular contours due to
deterioration, partial occlusion, or deformation from vehicular impact. Third, Segment
Anything Model (SAM) integration: LabelMe incorporates built-in support for multiple SAM
variants [48], including SAM (speed, balanced, accuracy), EfficientSAM (speed, accuracy),
and SAM2 (speed, balanced, accuracy), enabling the annotator to select the optimal tradeoff
between segmentation quality and processing speed. For this study, the SAM accuracy
model was selected to maximize boundary precision, configured with a score threshold of
0.30 and an IoU threshold of 0.80. Additionally, LabelMe provides manual configuration
of these inference parameters, offering fine-grained control over the semi-automatic anno-
tation process that is not available in all competing tools. Fourth, lightweight deployment:
LabelMe requires only a simple Python 3.10 installation via pip with minimal dependencies,
facilitating reproducibility without the need for Docker containers or server infrastructure
required by alternatives such as CVAT or Label Studio.

Image labeling was performed using the polygonal annotation format to precisely
delimit each traffic sign, generating JSON files with vertex coordinates and class labels.
The SAM-assisted annotation workflow proceeded as follows: the annotator first identified
each traffic sign in the image and placed a point prompt within the sign region, then SAM
automatically generated a polygon boundary proposal; next, the annotator verified the
polygon and refined it if necessary before confirming the class label according to MTC
codes. The annotation process followed a rigorous four-stage protocol. First, the principal
researcher performed the initial SAM-assisted annotation for all images. Subsequently, label
consistency was verified against MTC regulation codes to ensure correct class assignments.
Images of insufficient quality were then excluded from the dataset. Finally, a second
annotator independently cross-reviewed 20% of the annotations to ensure inter-annotator
consistency. Annotations were converted from LabelMe’s native JSON format to YOLO
format through a Python script normalizing bounding box coordinates to the [0,1] range
relative to image dimensions.

Figure 5 presents the overall system architecture of ADAS-TSR, illustrating the com-
plete processing pipeline from video input through detection, temporal filtering, and voice
alert generation.
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Key: YOLO265 % achieves mAP@0.5:0.95 = 0.989 with only 9.5M parameters

Figure 5. (New) ADAS-TSR system architecture showing the complete processing pipeline: Video
input, preprocessing (resize, normalization, tensor conversion), interchangeable detection model
(backbone-neck-head), rule-based temporal filtering (spatial association, temporal persistence, confi-
dence decay, position smoothing), and voice alert generation with five priority levels. The detection
model is modular, supporting all five benchmarked architectures (YOLOv8m, YOLO11n, YOLO26n,
YOLO26s, RT-DETR-1). The bottom panels summarize the multi-model benchmark results, system
specifications, and pipeline component legend. Asterisks indicate: green = CNN-based models;
blue = transformer-based model.

2.4. Detection Model Architectures

To provide a comprehensive evaluation across different architectural paradigms, five
object detection models were selected for benchmarking: four CNN-based detectors and one
transformer-based detector. This multi-architecture approach addresses the need for rigor-
ous comparative analysis using both established and state-of-the-art detection frameworks.

2.4.1. YOLOv8m (CNN Baseline)

YOLOvS8m [20] served as the baseline model from the original study. It employs a
CSPDarknet backbone with C2f blocks, Path Aggregation Network neck, and anchor-free
detection heads. With 25.9 M parameters and 78.9 GFLOPs, it represents a medium-sized
CNN architecture.
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2.4.2. YOLOL11n (Lightweight CNN)

YOLOL11n represents the nano variant of the YOLO11 family released in late 2025. It
introduces improved C3k2 blocks and enhanced feature pyramid networks while maintain-
ing the anchor-free paradigm. With only 2.6 M parameters and 6.5 GFLOPs, it offers an
order-of-magnitude reduction in model complexity compared to YOLOv8m.

2.4.3. YOLO26n and YOLO26s (State-of-the-Art CNN)

YOLO26 [21], released on 14 January 2026, represents the latest evolution of the YOLO
family. Key innovations include NMS-free inference through improved postprocessing,
architectural optimizations yielding 43% faster CPU inference, and refined feature extrac-
tion modules. The nano (2.4 M parameters, 6.0 GFLOPs) and small (9.5 M parameters,
20.6 GFLOPs) variants were evaluated to assess the performance—efficiency tradeoff.

2.4.4. RT-DETR-I (Transformer-Based Detector)

RT-DETR-1 (Real-Time Detection Transformer) [19] was included to represent the
transformer-based detection paradigm. Unlike CNN-based YOLO models that process
local features through convolutional kernels, RT-DETR employs a hybrid architecture
consisting of a CNN backbone (HGNetv2) for initial feature extraction followed by a trans-
former encoder—decoder that uses self-attention mechanisms to capture global contextual
relationships. The decoder uses learned object queries for end-to-end detection without
NMS. With 32.0 M parameters and 103.5 GFLOPs, it represents the most computationally
intensive model in this benchmark.

Note on open-vocabulary detectors: Models such as YOLO-World [22] and Grounding
DINO [23] were considered but excluded from the experimental comparison. These archi-
tectures are designed for open-set detection through language-vision alignment; this makes
them architecturally sub-optimal for our closed-set TSR application with 14 fixed and
well-defined sign classes, where supervised fine-tuning is the appropriate methodology.

2.5. Training Configuration

All models were trained under controlled conditions to ensure a fair comparison.
Training was conducted on an NVIDIA GeForce RTX 5080 GPU (16 GB VRAM, NVIDIA
Corporation, Santa Clara, CA, USA) with identical dataset partitioning and augmentation
strategies. Table 3 details the hyperparameter configuration.

Table 3. (New) Training configuration for multi-model benchmark.

Parameter YOLO Models RT-DETR-1
Image size 640 x 640 640 x 640
Maximum epochs 150 150
Batch size 16 8
Optimizer SGD (Nesterov) AdamW
Initial learning rate 0.01 0.0001
Final learning rate 0.0001 0.000001
Momentum 0.937 -
Weight decay 0.0005 0.0001
Warmup epochs 3 3
Train/val split 80%/20% (1801/449 images)
Early Stopping patience 50 epochs
Data augmentation Rotation £15°, translation £10%, scale 0.5, flip 0.5, mosaic 1.0

The optimizer choice reflected established best practices for each architecture family:
SGD with momentum for CNN-based YOLO models and AdamW for the transformer-
based RT-DETR, which benefits from adaptive learning rates for attention weight optimiza-
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tion. RI-DETR used a smaller batch size (8 vs. 16) due to its higher memory requirements
(7.2 GB vs. 2.4-4.9 GB).

2.6. Rule-Based Temporal Filtering System

For real-time road safety applications, a rule-based temporal filtering system was
developed to stabilize frame-by-frame detections and suppress redundant voice alerts. It
is important to note that this system does not constitute a multi-object tracking algorithm
(e.g., SORT [49] or DeepSORT); rather, it implements heuristic-based filtering rules that
operate on detection outputs to improve temporal consistency. The system operates through
four principal mechanisms: spatial association matches each new detection to existing filtered
detections of the same class within a positional tolerance of 70 pixels, compensating for
minor spatial variations between consecutive frames; temporal persistence maintains matched
detections in an active state during a configurable persistence window of 3.0 s, preventing
momentary detection dropouts from triggering false negatives; confidence decay applies a
multiplicative decay factor of 0.96 per frame to unmatched detections until they reach a
minimum threshold of 0.35, at which point they are removed from the active set; finally,
positional smoothing applies a weighted average (factor 0.75) between previous and current
positions to reduce spatial jitter in displayed bounding boxes. Detections confirmed across
a minimum of three consecutive frames were classified as “stable” and made eligible for
voice alert triggering. This approach was chosen for its computational simplicity and real-
time applicability, while integration of established tracking algorithms such as DeepSORT
or ByteTrack constitutes a planned future improvement.

2.7. Voice Alert System

The voice alert system was implemented using the pyttsx3 library [50] with offline
text-to-speech synthesis. A class-specific message system with semantic contextualization
was designed for each sign type, with a cooldown mechanism of 6 s for standard alerts and
12 s for critical priority signs (PA and SP).

2.8. Validation Protocol

System validation was conducted through vehicular simulations across five represen-
tative urban circuits totaling 14.11 km and 2 h 35 min of recording, strategically designed
to represent the complete diversity of historic center conditions including colonial streets,
main avenues, school zones, nocturnal routes, and peripheral zones. The detection rate
metric is formally defined as follows:

N, correctly detected

N,

ground truth signs

Detection Rate = x 100% (1)
where Nground truth signs 18 the total number of physically present traffic signs inventoried
along each circuit through manual ground-truth annotation and Neorrectly detected 1S the
number of signs that received at least one valid detection (confidence > 0.5) and triggered
a corresponding voice alert during system operation. A sign was counted as detected if
the system generated a correct classification at any point during the vehicle’s approach,
regardless of the number of frames in which it appeared.

3. Results
3.1. Multi-Model Comparative Performance

Table 4 presents the comprehensive performance comparison across all five detection
architectures evaluated on the Peruvian MTC traffic sign dataset. All CNN-based models
achieved mAP@0.5 above 0.993, demonstrating that the dataset supports robust detection
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regardless of model complexity. Notably, YOLO26s achieved the highest mAP@0.5:0.95
(0.989) among lightweight models, while YOLO26n and YOLO11n matched or exceeded
the performance of YOLOv8m with dramatically fewer parameters.

Table 4. (New) Comparative performance evaluation of CNN-based and transformer-based detection
models on the Peruvian MTC traffic sign dataset.

Model Type Params (M) GFLOPs P R mAP@0.5 mAP@0.5:0.95 FPS
YOLOv8m CNN 259 78.9 0.998 0.997 0.994 0.993 35.1
YOLO11n CNN 2.6 6.5 0.995 0.995 0.993 0.987 34.7
YOLO26n CNN 2.4 6.0 0.993 0.987 0.994 0.987 34.5
YOLO26s CNN 9.5 20.6 0.984 0.994 0.994 0.989 35.0
RT-DETR-1 Transformer 32.0 103.5 0.997 0.997 0.993 0.907 23.4

The RT-DETR-] transformer-based model achieved excellent precision (0.997) and
recall (0.997), matching YOLOv8m, but exhibited substantially lower mAP@0.5:0.95 (0.907
vs. 0.987-0.993 for CNN models). This gap of 8-9 percentage points indicates that while
RT-DETR-1 successfully localizes signs, its bounding box regression is less precise at higher
IoU thresholds, a relevant consideration for ADAS applications requiring accurate spatial
localization. Figure 6 provides a visual comparison of these performance differences
across architectures.
0.996 (@) mAl:?ng)ﬁls(ig:‘l:paﬁson (b) mAP@0.5:0.95 Comparison
e 1.00+ [CNN performance zone (0.987-0.992)]
0.994 0.994
0.994 0.98
0.96 1
0.992
" 3 0,941
s 2
S 0.990 % 0.92
0.90
0.988
0.88
0.986
0.86
YOLOv8m YOLO11n YOLO26n YOLO26s RT-DETR-1 YOLOv8m YOLO11n YOLO26n YOLO26s RT-DETR-1
(25.9M) (2.6M) (2.4M) (9.5M) (32.0M) (25.9M) (2.6M) (2.4M) (9.5M) (32.0M)

Figure 6. (New) Comparative performance summary: (a) mAP@0.5 shows all five architectures within
anarrow 0.001 range (0.993-0.994), demonstrating equivalent detection capability regardless of model
complexity, while (b) mAP@0.5:0.95 reveals the 8.2-percentage-point gap between CNN-based models
(0.987-0.993) and the transformer-based RT-DETR-1 (0.907), indicating less precise bounding box
regression at higher IoU thresholds. Labels indicate architecture type (CNN vs. transformer) and
parameter count.

3.2. Training Convergence Analysis

Figure 7 presents the training convergence curves for all four newly trained models,
with the annotated inflection points highlighting key convergence behaviors. Three distinct
convergence phases are identifiable. During the initial learning phase (epochs 1-15), all mod-
els exhibit rapid metric improvement, with CNN-based models reaching 95% of their final
mAP@0.5 performance within 4-8 epochs. YOLO26s achieves this milestone by epoch 4,
while RT-DETR-1 requires 14 epochs, consistent with the slower warmup characteristic of
transformer architectures. During the rapid improvement phase (epochs 15-30), the CNN
models reach 99% of their final mMAP@0.5 by epochs 6—13 and enter a near-plateau state.
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RT-DETR-1 continues its gradual ascent in mAP@0.5:0.95 throughout this phase, reflecting
the transformer’s longer optimization trajectory for precise bounding box regression. In
the saturation phase (epochs 80-150), all CNN models stabilize above mAP@0.5 > 0.99
with minimal epoch-to-epoch variation. YOLO26n activated early stopping at epoch 140
after 50 epochs without improvement, having reached its peak mAP@0.5:0.95 of 0.988
at epoch 137. Notably, the persistent gap of 8 percentage points between the CNN- and
transformer-based models in terms of mAP@0.5:0.95 (0.987-0.989 vs. 0.907) was established
by approximately epoch 80 and remained stable thereafter, suggesting a fundamental
architectural limitation rather than insufficient training.

(b) mAP@0.5:0.95 Training Convergence
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Figure 7. (New) Training convergence for (a) mAP@0.5 and (b) mAP@0.5:0.95 across all detection
architectures, with annotated inflection points. Key observations: The CNN models achieve rapid
convergence within 15-20 epochs; YOLO26n activates early stopping at epoch 140; RT-DETR-1
exhibits slower but steady transformer-characteristic convergence; a gap of 8 percentage points
persists between CNN and transformer models in terms of mAP@0.5:0.95 performance from epoch
80 onward. The dashed red line indicates YOLOv8m baseline performance. The shaded green region
denotes the CNN performance saturation zone.

Figure 8 shows the loss function evolution and precision progression during train-
ing. All models achieve monotonic loss reduction; YOLO26s exhibits the lowest final
classification loss, consistent with its superior per-class detection performance.

(a) Localization Loss (b) Classification Loss (c) Precision
—— YOLO26n —— YoLO26n
—— YOLO26s —— YOLO26s
YOLO11n 7 YOLO11n
—— RT-DETR-I (GloU) ~—— RT-DETR-l

Classification Loss
Precision

—— YOLO26n
YOLO26s

0.5

YoLO11n
0 — —— RT-DETR-I

40

60

80
Epoch

100
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Figure 8. (New) Training dynamics, showing (a) localization loss, (b) classification loss, and (c) preci-
sion convergence across architectures.
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3.3. Model Efficiency Analysis

Figure 9 illustrates the fundamental efficiency tradeoff between model complexity and
detection performance. The lightweight CNN models (YOLO11n, YOLO26n) occupy the
ideal position in the parameter-performance space, achieving near-optimal detection with
minimal computational requirements.

Model Efficiency: Parameters vs. Performance

Ho0 YOLOv8m
YOLO26n YOLO26s mAP: 0.992
mAP: 0.987 _mAP: 0.989 m
Ao
YOLO11n
mAP: 0.987
0.98
0.96
n
o
<
n
o 0.94
®
a
<<
€
0.92 4
RTDETR-I
mAP: 0.907
>
PN YoLovsm (25.9M) A4
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A YOLO26n (3.0M)
& voLo26s (9.5M)
V RT-DETRA (32.0M)
High performance zone
Lightweight zone
0.88
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Parameters (Millions)
Figure 9. (New) Model efficiency: Parameters vs. mAP@0.5:0.95 performance. The green zone indi-
cates high performance (>0.985) and the blue zone indicates lightweight models (<10 M parameters).
YOLO26n and YOLO11n achieve optimal efficiency.

Table 5 presents the computational efficiency analysis. All CNN-based models
achieved comparable inference speeds (=35 FPS) on the RTX 5080, while RT-DETR-1
was 33% slower at 23.4 FPS due to the computational overhead of the transformer atten-
tion mechanism.

Table 5. (New) Computational efficiency analysis on NVIDIA RTX 5080 GPU.

Model Params (M) Inference (ms) FPS GPU Mem (GB) Params/mAP
YOLOv8m 259 28.5 4+ 0.9 35.1 494 26.0
YOLO11n 2.6 28.8 £ 2.1 347 241 2.6
YOLO26n 2.4 29.0+24 34.5 2.38 2.4
YOLO26s 9.5 28.6 1.8 35.0 4.94 9.6
RT-DETR-1 32.0 427 +1.7 23.4 7.22 35.3

3.4. Prediction Uncertainty Analysis

To assess model reliability beyond aggregate metrics, prediction confidence distri-
butions were analyzed across all detections on the validation set (Table 6). This analysis
provides insight into model certainty, a critical factor for safety-critical ADAS deployment.
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Table 6. (New) Prediction confidence distribution analysis across detection models.
Model Detections ~ Mean Conf. Std High (>0.9) Med Low (<0.5)
YOLOv8m 530 0.824 0.337 84.7% 0.0% 15.3%
YOLO11n 461 0.926 0.142 97.2% 0.4% 2.4%
YOLO26n 480 0.907 0.211 90.4% 3.1% 6.5%
YOLO26s 469 0.924 0.194 93.8% 1.3% 4.9%
RT-DETR-1 21,017 0.035 0.139 2.1% 0.0% 97.9%

The modern CNN architectures (YOLO11n, YOLO26s) exhibited significantly higher
mean confidence (0.926 and 0.924) compared to YOLOv8m (0.824), with 93-97% of detec-
tions above the 0.9 confidence threshold. This improved calibration indicates that newer
architectures not only have accurate detection but also greater certainty, thereby reducing
the risk of ambiguous detections in safety-critical applications.

RT-DETR-1 generated 21,017 raw detections compared to 461-530 for CNN models,
reflecting its end-to-end architecture that produces dense predictions without pre-filtering
through NMS. After confidence thresholding, RT-DETR-1 achieves comparable final detec-
tion counts; however, the raw output distribution demonstrates a fundamentally different
prediction strategy that is inherent to transformer-based object detection.

3.5. Cross-Class Fairness Analysis

To evaluate detection equity across sign categories, fairness metrics were computed
using per-class AP@0.5 distributions (Table 7). Equitable performance across classes is
essential for TSR systems, as systematic underperformance on specific sign types could
compromise road safety.

Table 7. (New) Cross-class fairness analysis based on AP@0.5 distribution.

Model Mean AP50 Std Min Max CcVv Gini
YOLOv8m 0.994 0.0044 0.978 0.995 0.0044 0.0011
YOLO11n 0.993 0.0052 0.978 0.995 0.0052 0.0018
YOLO26n 0.994 0.0046 0.977 0.995 0.0047 0.0012
YOLO26s 0.994 0.0049 0.976 0.995 0.0049 0.0013
RT-DETR-1 0.993 0.0086 0.961 0.995 0.0087 0.0022

All models achieved Gini coefficients below 0.003, indicating highly equitable detection
performance across the 14 sign classes. The coefficient of variation (CV < 0.009) confirms
minimal performance disparity. The Restricted Vehicle (VR) class consistently achieved the
highest AP@0.5 (0.995) across all models, while the CV (Speed Control) class exhibited the
lowest performance, attributable to its smallest representation in the dataset (22 validation
instances) and higher visual similarity with other informational signs.

CNN-based models demonstrated more consistent cross-class performance (Gini
0.0011-0.0018) compared to RT-DETR-I (Gini 0.0022), suggesting that CNN architectures
may offer slight advantages in maintaining uniform detection quality across classes with
varying sample sizes.

3.6. Per-Class Comparative Analysis

Table 8 presents the per-class detection performance for the best-performing model
(YOLO26s). All 14 classes achieved mAP@0.5 above 0.976, with 13 out of 14 classes
exceeding 0.994.
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Table 8. (New) Per-class detection performance of YOLO26s on the Peruvian MTC dataset.
Class Images Instances P mAP@0.5 mAP@0.5:0.95
VR 17 17 0.991 0.995 0.995
SB 35 35 0.999 0.995 0.993
PA 30 30 0.983 0.995 0.995
P 34 34 0.997 0.995 0.972
SpP 44 44 0.987 0.995 0.995
NCL 42 42 0.982 0.995 0.993
VM_20 32 32 0.986 0.995 0.977
ZP 39 39 0.984 0.994 0.977
NC 30 30 0.984 0.995 0.992
VM_30 21 21 1.000 0.995 0.995
PP 37 37 0.988 0.995 0.985
NE 36 36 0.987 0.995 0.995
RV 30 30 0.925 0.995 0.995
Ccv 22 23 0.980 0.976 0.976
All 449 450 0.984 0.994 0.989
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3.7. Validation in Vehicular Simulations

The five validation circuits generated a total of 276,000 processed frames during 2 h

35 min. Figure 10 presents the geographic layout of the five validation circuits across the

Historic Center of Ayacucho, with covered streets indicated for each route. Table 9 details

the results by circuit.
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Figure 10. (New) Geographic layout of the five vehicular validation circuits in the Historic Center of
Ayacucho: (a) Route 01—historic center core (1.79 km); (b) Route 02—main avenues (3.22 km); (c) Route
03—school zones (3.28 km); (d) Route 04—nocturnal route (1.80 km); (e) Route 05—peripheral zones
(4.02 km). Red lines indicate the driven path. Street names: Jr. = Jirén (Street); Av. = Avenida (Avenue).

https:/ /doi.org/10.3390/app16062664


https://doi.org/10.3390/app16062664

Appl. Sci. 2026, 16, 2664 17 of 25

Table 9. Validation results in vehicular simulations in the Historic Center of Ayacucho.

Circuit Distance Signs Detected Alerts Rate

1—Historic center 1.79 km 47 45 42 95.7%
2—Main avenues 3.22 km 38 37 35 97.4%
3—School zones 3.28 km 29 29 28 100.0%
4—Nocturnal route 1.80 km 31 28 26 90.3%
5—Peripheral zones 4.02 km 42 38 35 90.5%
Total 14.11 km 187 177 166 94.7%

3.8. ADAS-TSR System Interface

Figure 11 presents representative detection results encountered under challenging
real-world conditions during vehicular validation.

Figure 12 presents the graphical interface of the ADAS-TSR system during vehicu-
lar validation.

(a) P-BUS STOP (b) NE-NO PARKING

(d) NC-NO TRUCKS () NE-NO PARKING (f) MULTIPLE DETECTIONS

Figure 11. (New) Representative detection results under challenging real-world conditions in the
Historic Center of Ayacucho: (a) Bus Stop (P) sign at close range with 0.95 confidence; (b) No Parking
(NE) sign partially occluded by vegetation with 0.88 confidence; (c) Bus Stop sign at medium distance
with 0.92 confidence; (d) No Truck Entry (NC) sign on deteriorated surface with 0.88 confidence;
(e) low-confidence detection of partially occluded No Parking sign (0.46); (f) simultaneous multi-class
detection of Bus Stop (0.96) and No Parking (0.89) signs in a single frame.
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Figure 12. ADAS-TSR system interface showing real-time detection with School Zone (SP) sign at
0.95 confidence in STABLE state, with speed controls, temporal filtering parameters, and voice alert
console. Interface labels: Velocidad = Speed; Umbral = Threshold; Ventana = Window; Consola de
Alertas = Alert Console; Sefial detectada = Sign detected; Zona escolar = School zone; Reduza la
velocidad = Reduce speed.

4. Discussion

The multi-model benchmark reveals several significant findings with implications for
both the TSR research community and practical ADAS deployment.

4.1. Architecture Comparison: CNN vs. Transformer

The comprehensive comparison across five detection architectures demonstrates that
CNN-based models consistently outperform RT-DETR-1 in mAP@0.5:0.95 (0.987-0.993 vs.
0.907) while achieving comparable mAP@0.5 performance (0.993-0.994 vs. 0.993). This
finding suggests that for closed-set TSR tasks with well-defined object categories, the
inductive biases of CNNSs, specifically translation equivariance and local feature extrac-
tion, remain advantageous over the global attention mechanisms of transformers. The
transformer model’s lower mAP@0.5:0.95 indicates less precise bounding box regression at
higher IoU thresholds, a limitation attributable to the discrete object query mechanism in
DETR-style architectures.

Regarding open-vocabulary detectors such as YOLO-World [22] and Grounding
DINO [23], these architectures are designed for open-set scenarios where object cate-
gories are specified through natural language prompts at inference time. For our closed-set
application with 14 fixed sign classes defined by Peruvian MTC regulations, supervised
fine-tuning on the target classes is the methodologically appropriate approach, as it enables
the model to learn domain-specific features (sign deterioration patterns, Andean light-
ing conditions, colonial architecture backgrounds) that language-conditioned zero-shot
detection cannot capture.

4.2. Efficiency and Deployment Implications

Our results challenge the conventional assumption that larger models yield substan-
tially better detection. YOLO11n achieved mAP@0.5 of 0.993 with merely 2.6 M parameters
with no loss in detection quality, representing a 10x reduction from YOLOv8m (25.9 M
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parameters). YOLO26n achieved the highest mAP@0.5 (0.994) with only 2.4 M parame-
ters. These findings have direct implications for edge deployment in resource-constrained
ADAS hardware in developing countries, where model size directly impacts cost, power
consumption, and deployment feasibility.

The computational efficiency analysis revealed that all CNN models achieved com-
parable FPS (~=35) on the RTX 5080, with the parameter count primarily affecting train-
ing time rather than inference speed at this hardware level. However, the parameter
efficiency ratio (Params/mAP) varied dramatically at 2.4 for YOLO26n versus 35.3 for
RT-DETR-], indicating that YOLO26n achieves equivalent detection quality with 14.7 x
better parameter utilization.

4.3. Prediction Reliability and Uncertainty

The confidence distribution analysis revealed a notable evolution in prediction relia-
bility across model generations. The modern architectures (YOLO11n, YOLO26s) exhibited
mean confidence of 0.924-0.926 with 93-97% of detections above the 0.9 threshold, com-
pared to YOLOv8m’s 0.824 mean confidence with only 85% above 0.9. This improvement
in calibration quality is particularly important for safety-critical ADAS applications, where
low-confidence detections could trigger false alerts or suppress valid warnings.

4.4. Detection Equity Across Sign Classes

The fairness analysis confirmed that all models maintained highly equitable detection
across the 14 sign classes, with all Gini coefficients below 0.003. The consistently lower
performance on the Speed Control (CV) category across all architectures is attributed
to its having the smallest dataset representation (89 training instances) rather than to
architectural limitations, as evidenced by the class achieving mAP@0.5 > 0.961 even
in the worst-performing model (RT-DETR-1). This finding validates the dataset quality
and suggests that targeted data augmentation for underrepresented classes could further
improve equity.

4.5. Contextual Contributions

Comparatively, the obtained metrics surpass several previous works utilizing stan-
dardized international datasets. Qiu et al. [14] reported mAP@0.5 improvements starting
from baselines below 85%, while Han et al. [17] achieved improvements on GTSDB and
TT100K. Zhang et al. [18] achieved mAP of 96.8% with transformer architectures, inferior
to the 99.4% obtained in this research. These results confirm that constructing an original
dataset specific to the local context produces outstanding metrics, empirically validating
the findings of Linardi et al. [29].

This work complements our previous research on intelligent traffic light optimiza-
tion in the Historic Center of Ayacucho [5], contributing to a comprehensive road safety
ecosystem based on artificial intelligence for Andean historic centers.

4.6. Dataset Adequacy and Scalability Analysis

A critical question for any localized dataset is whether its size (2250 images, 2450 in-
stances across 14 classes) is sufficient for robust model training. Three complementary lines
of evidence address this concern.

Cross-architecture consistency: If the dataset were insufficient, architecturally diverse
models would exhibit divergent performance due to varying data efficiency characteristics.
Instead, the five architectures, spanning the CNN nano (2.4 M parameters), CNN medium
(25.9 M), and transformer (32.0 M) paradigms, all converged to mAP@0.5 within the narrow
band of 0.993-0.994. Per-class analysis revealed that 10 out of 14 sign classes achieved
identical AP@0.5 across all five models (¢ = 0), with the remaining four classes exhibiting
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cross-model standard deviations below 0.007. This architecture-independent convergence
provides strong indirect evidence that the dataset saturates the feature space for the 14-class
TSR task.

Instance-per-class ratio comparison: The dataset provides an average of 175 instances
per class (range: 89—412), which compares favorably with established TSR benchmarks.
GTSDB [42] contains approximately 900 images with 43 classes (~21 instances/class for
detection). Linardi et al. [29] used subsets of GTSRB for evaluation. Zakaria et al. [30]
expanded LISA from 47 to 55 classes with comparable per-class representation. The instance
density of our dataset (175 instances/class) exceeds these benchmarks, providing denser
per-class coverage for the closed-set 14-class problem. Furthermore, all classes in the
dataset contain sufficient representation for both training (>67 instances) and validation
(>17 instances) partitions.

Training saturation evidence: Our convergence analysis (Figure 7) demonstrated that
all CNN models reached 99% of their final mAP@0.5 within 6-13 epochs and either acti-
vated early stopping or exhibited minimal improvement over the remaining 100+ epochs.
YOLO26n triggered early stopping at epoch 140 after 50 epochs without improvement,
while the other CNN models showed plateau behavior from approximately epoch 80. This
saturation pattern indicates that additional training epochs could not extract further dis-
criminative information from the dataset, suggesting that adequate coverage of the feature
space for the target domain.

Nevertheless, systematic learning curve analysis with incremental dataset fractions
(25%, 50%, 75%, 100%) and expanded dataset collection to include additional Andean cities
(Cusco, Huancavelica, Puno) would strengthen these conclusions, and constitutes planned
future work.

Regarding the high mAP@0.5 values (0.993-0.994), these results warrant examination
of potential overfitting or dataset bias. Several factors argue against overfitting as the
primary explanation. First, the metrics were computed on the held-out validation set (20%
of data, 449 images), which was never used during training. Second, the convergence
curves showed no signs of validation loss divergence from training loss, a hallmark of
overfitting. Third, the high performance was consistent across five architecturally diverse
models, including the 2.4 M-parameter YOLO26n. If overfitting were responsible, smaller
models with lower capacity would be expected to show comparatively lower performance.
Instead, the high metrics are attributable to the well-defined nature of the 14-class TSR
task. Peruvian traffic signs follow standardized MTC templates with distinctive shapes,
colors, and symbols, presenting lower classification difficulty than general object detection
benchmarks. Similar performance levels (mAP@0.5 > 0.98) have been reported for local-
ized TSR datasets in the literature [28,42]. Nevertheless, the absence of an independent
test set collected at different times or locations remains a limitation that could introduce
optimistic bias.

5. Limitations

While ADAS-TSR demonstrates strong detection performance across multiple archi-
tectures, several limitations should be acknowledged to contextualize the results and guide
future research.

Geographic and contextual scope. The dataset was collected exclusively in the Historic
Center of Ayacucho (2761 m a.s.1.), a single Andean city with specific colonial morphology,
signage conditions, and atmospheric characteristics. Generalization to other Andean cities
(Cusco, Huancavelica, Puno) or to coastal and jungle urban environments with different
signage standards, vegetation interference, and climatic patterns has not been evaluated.
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Cross-domain validation across geographically diverse Peruvian cities is required before
broader deployment claims can be made.

Dataset size and class balance. Although cross-architecture consistency analysis provides
indirect evidence of dataset adequacy (Section 4.6), the dataset comprises 2250 images with
2450 instances distributed across 14 classes, with an imbalanced range from 89 (CV) to
412 (NE) instances per class. No systematic learning curve analysis with incremental dataset
fractions was conducted. The minimum representation class (Speed Control, CV) exhibited
the lowest performance across all architectures (AP@0.5 of 0.961-0.978), suggesting that
targeted augmentation or additional data collection for underrepresented classes could
further improve detection equity.

Single training run and statistical variance. All model training experiments were con-
ducted as single runs without repeated trials, cross-validation, or variance analysis. While
the stochastic nature of deep learning training (random weight initialization, data shuffling,
augmentation randomness) can produce variation between runs, the consistency across five
architecturally diverse models, all converging to mAP@0.5 within the 0.993-0.994 range,
provides indirect evidence of result stability. Nevertheless, formal multi-run experiments
with confidence intervals would strengthen the statistical rigor of the reported metrics.

Temporal filtering vs. multi-object tracking. The rule-based temporal filtering system
(Section 2.6) employs heuristic spatial association (70-pixel tolerance) and confidence decay
mechanisms rather than established multi-object tracking algorithms such as SORT [49],
DeepSORT, or ByteTrack. This approach cannot handle identity switches when multiple
signs of the same class appear simultaneously; in addition, the fixed positional tolerance
may prove insufficient at varying vehicle speeds. Integration of learning-based tracking al-
gorithms would improve temporal consistency, particularly in dense signage environments.

Hardware and real-time deployment. All experiments were conducted on an NVIDIA
RTX 5080 desktop GPU (16 GB VRAM). Inference performance on edge devices relevant
to vehicular deployment, such as NVIDIA Jetson Nano, Jetson Orin, or Raspberry Pi with
neural accelerators, has not been benchmarked. The transition from desktop to embedded
platforms may reveal latency bottlenecks that are not captured in the current evaluation,
particularly for the larger models (YOLOv8m, RT-DETR-]).

Validation methodology. System validation was conducted through recorded vehicular
simulations rather than real-time in-vehicle testing with actual drivers. The 94.7% detection
rate was measured under controlled replay conditions, and may not reflect performance
under real driving conditions with variable vehicle speed, driver behavior, and environ-
mental variability. No user experience evaluation (e.g., cognitive load assessment, alert
comprehension surveys, or System Usability Scale) was performed with actual drivers.

Environmental robustness. Although the dataset includes both daytime and nighttime
captures, systematic evaluation under extreme conditions such as heavy rain, fog, direct sun
glare, or severely deteriorated signage was not conducted. Adversarial robustness testing
against input perturbations was not performed, which is a consideration for safety-critical
ADAS deployment.

Signage coverage. The 14-class taxonomy covers the most prevalent vertical signs in
the Historic Center of Ayacucho but does not encompass the complete Peruvian MTC
signage catalog, which includes over 100 regulatory, warning, and informational sign
types. Extension to horizontal signage (road markings, lane indicators) and temporary
construction signs was not addressed.

6. Conclusions and Future Work

This research has presented ADAS-TSR, a deep learning-based advanced driver as-
sistance system for vertical traffic sign recognition with differentiated voice alerts, that
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is specifically designed for the colonial morphology and high-altitude conditions of the
Historic Center of Ayacucho, Peru (2761 m a.s.l.). The principal contributions and findings
are summarized below.

An original dataset comprising 2250 images with 2450 annotated instances across
14 sign classes was constructed according to the Peruvian MTC Traffic Control Device
Manual. The dataset was captured under real operational conditions, including deterio-
rated, partially occluded, and vehicle impact-deformed signage. This constitutes the first
vertical signage dataset specific to the Peruvian Andean context, addressing the critical gap
identified by Linardi et al. [29] regarding the severe performance degradation of models
trained on international datasets when applied to local contexts.

A comprehensive multi-model benchmark comparing five detection architectures—
four CNN-based (YOLOv8m, YOLO11n, YOLO26n, YOLO26s) and one Transformer-based
(RT-DETR-l)—demonstrated that modern lightweight CNN models achieve equivalent
or superior performance to heavier architectures. YOLO26s achieved the best overall
mAP@0.5:0.95 of 0.989 with only 9.5 M parameters, while YOLO26n attained the highest
mAP@0.5 of 0.994 with merely 2.4 M parameters, representing a 10.8x reduction from
YOLOvV8m (25.9 M) with no loss in detection quality. This finding has direct implications
for edge deployment in resource-constrained ADAS hardware in developing countries,
where model size directly impacts cost, power consumption, and deployment feasibility.

The cross-paradigm analysis revealed that CNN-based models maintain a significant
advantage over the transformer-based RT-DETR-1 in bounding box precision (mAP@0.5:0.95
of 0.987-0.993 vs. 0.907) while achieving 50% higher inference throughput (35 FPS vs.
23 FPS). This 8-percentage-point gap, established early in training and persistent through-
out, suggests that the inductive biases of CNNs remain advantageous over global attention
mechanisms for closed-set TSR tasks with well-defined object categories.

Uncertainty analysis demonstrated that modern architectures (YOLO11n, YOLO26s)
exhibit significantly improved prediction calibration, with 93-97% of detections above the
0.9 confidence threshold compared to 85% for YOLOv8m. Cross-class fairness analysis
confirmed equitable detection across all 14 sign classes, with Gini coefficients below 0.002
for CNN models. Finally, cross-architecture consistency analysis revealed that 10 out of
14 classes achieved identical AP@0.5 across all five architectures (¢ = 0), providing indirect
evidence of dataset adequacy.

The rule-based temporal filtering system reduced redundant voice alerts by 73% while
maintaining a detection coverage of 94.7% across 14.11 km of validation circuits spanning
five representative urban scenarios.

Future Work

Building upon the limitations identified in Section 5 and the findings of this study,
several directions for future research are planned.

Dataset expansion and cross-domain validation. Systematic learning curve analysis with
incremental dataset fractions (25%, 50%, 75%, 100%) will be conducted to quantify the
relationship between dataset size and model performance. The dataset will be expanded
to include signage from additional Andean cities (Cusco, Huancavelica, Puno) in order to
evaluate geographic generalization, and will also be extended to encompass horizontal
signage (road markings, lane indicators) and temporary construction signs in order to
progress towards comprehensive coverage of the Peruvian MTC signage catalog.

Multi-object tracking integration. The current rule-based temporal filtering system will
be replaced with established multi-object tracking algorithms (DeepSORT, ByteTrack, or
BoT-SORT) to enable robust identity association across frames, particularly in dense signage
environments where multiple signs of the same class may appear simultaneously. This
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integration will also enable trajectory-based analysis for improved alert timing based on
vehicle approach dynamics.

Edge deployment and embedded benchmarking. Model optimization through quantization
(INTS, FP16), pruning, and knowledge distillation will be explored for deployment on edge
computing platforms, including the NVIDIA Jetson Orin Nano, Jetson AGX Xavier, and
Raspberry Pi 5 with Hailo-8 neural accelerators. Real-time inference benchmarks on these
platforms will establish practical deployment constraints for vehicular ADAS applications.

User experience evaluation. In-vehicle real-time testing with actual drivers will be
conducted to assess detection reliability under real driving conditions. User experience
evaluation through the System Usability Scale (SUS), NASA-TLX cognitive load assessment,
and alert comprehension surveys will guide iterative refinement of voice alert design,
timing, and priority management.

Environmental robustness enhancement. Systematic evaluation under extreme conditions
(heavy rain, fog, direct sun glare, severely deteriorated signage) will be performed. Data
augmentation strategies including synthetic degradation, weather simulation, and domain
randomization will be explored to improve model robustness. Adversarial robustness
testing against input perturbations will be conducted to assess system reliability under
potential edge cases relevant to safety-critical deployment.
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