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Abstract

Given that approximately 70% of traffic accidents are attributable to driver-related factors,
it is necessary for vehicles to incorporate technologies that reduce risk through preventive
actions derived from traffic-scene analysis. Interpreting the driving environment is non-
trivial and is commonly decomposed into sub-tasks; among them, traffic light perception
is critical due to its role in regulating vehicular flow. This paper evaluates five YOLO
CNN families (YOLOv8-YOLOvV12) on two tasks: (i) traffic light detection and (ii) traffic
light state recognition (green, yellow, red). The evaluation uses a hybrid dataset compris-
ing the public LISA traffic light dataset and a custom dataset with images from Mexico
City captured under diverse lighting conditions—a relevant setting given the city’s high
traffic intensity. The results show mAP@0.50 = 94.4-96.3% for traffic light detection and
mAP@0.50 = 99.3-99.4% for traffic light state recognition, indicating that modern YOLO
variants provide highly reliable performance for both tasks under natural
illumination variability.

Keywords: traffic light detection; traffic light state recognition; traffic signal detection;
YOLO; YolovS; Yolov9; Yolov10; Yolov1l; Yolov12; CNN; autonomous driving; ADAS/ADS;
hybrid dataset (LISA + Mexico City)

1. Introduction

According to the 2025 TomTom Traffic Index report [1], Mexico City ranks as the
most congested urban area worldwide, a condition that contributes to several mobility-
related issues, including an increased incidence of traffic accidents. Findings from studies
conducted by the Mexican Ministry of Communications and Transportation (SCT) indicate
that approximately 71% of traffic incidents are attributable to driver-related factors. Of
this percentage, 20% result from recklessness or inattention, 12% from speeding, 11% from
lane violations, and another 11% from failing to maintain a safe following distance [2].
Additionally, emerging technologies, particularly mobile phones, have rapidly become a
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major source of driver distraction [3]. In response, various intelligent vehicular technologies
have been developed to support preventive actions and reduce accident rates [4].

Recent advances in intelligent transportation systems have significantly impacted road
safety, mobility, and the development of autonomous vehicles (AVs) [5], one of the aspects
that has benefited greatly is automated driving systems (ADSs) [6], which are expected to
improve road accident rates attributed to drivers by 94% [7,8]. Consequently, intelligent
decision-making modules embedded within AVs aim to minimize these human-factor
failures by generating safe and consistent driving actions [9,10].

Within the broader framework of advanced driver assistance systems (ADASs), several
perception and decision-making challenges must be solved to achieve Levels 3-5 autonomy,
as defined in the SAE taxonomy. These challenges include vehicle detection and track-
ing [11], traffic sign and traffic light recognition [12-14], pedestrian detection [15,16], lane
and curve detection [17], road object localization [18-20], and traffic scene analysis [21],
among others [22]. Addressing these tasks requires the integration of specialized hardware
capable of processing multimodal sensor data (camera, LiDAR, radar), as well as software
based on artificial intelligence (Al) capable of interpreting such information and generating
optimal driving decisions [23].

Traffic lights represent a fundamental component for regulating vehicle flow at inter-
sections; therefore, an autonomous vehicle must be capable of detecting them and correctly
identifying their state (green, yellow, or red) to comply with traffic regulations and operate
safely within the road network [14]. Figure 1 illustrates an example of an AV equipped

with an ADS module for traffic light detection and state recognition.

Figure 1. Example scenario of an advanced driver assistance system (ADAS) detecting traffic lights.

1.1. Introduction Background and Scope of This Study

Traffic lights are a core element within the broader problem of perceiving and interpret-
ing the navigation environment for autonomous vehicles equipped with automated driving
systems (ADSs) and advanced driver assistance systems (ADASs). As regulatory devices,
traffic lights regulate vehicular flow at intersections and crossings; consequently, their
detection and state recognition constitute a recognized research challenge in autonomous
driving [24]. Improving reliability in traffic light perception is essential to enhancing road
safety and optimizing traffic flow. Despite remarkable progress, several open challenges
remain. A clear understanding of the relevance of traffic light perception and the associated
failure modes is therefore crucial to developing more effective solutions.
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Automatic traffic light interpretation must operate in uncontrolled outdoor envi-
ronments, where performance depends on environmental variability (e.g., illumination,
weather, occlusions) and system-level response requirements (latency, throughput, mem-
ory). These challenges can be organized into three overarching categories—environmental
conditions, physical attributes, and system requirements—within which learning-based
algorithms typically provide task-specific responses depending on the primary difficulty
being addressed.

Figure 2 illustrates the challenges involved in traffic light detection and state recogni-
tion, grouped into environmental conditions, physical attributes, and system requirements.
Figure 3 presents example images illustrating representative challenges faced by automatic
traffic light detection.

Challenges of Traffic Light Detection and State Recognition
Environmental Conditions Phy5|cal Attributes System Requwements

J

-

{ Lighting Variationj — » Traffic Light Types » Multi-Detection
> Weather —»|  Viewing Angle —»  Databases
4 Occlusion — Motion Blur > Real-Time

Figure 2. Schematic of the main challenges in automatic traffic light detection and state recognition.

Weather Traffic lights types Viewing angle
p Tl W] :

Lighting variations

Figure 3. Example images illustrating representative challenges faced by automatic traffic light detection.

Within this context, the present study focuses on the challenge of natural illumination
variability, which falls under environmental conditions. Because traffic lights are installed
outdoors, they are exposed to changes in illumination caused by sunlight and indirect
lighting effects. Addressing this problem is non-trivial; automatic detection and state-
interpretation systems can be adversely affected by shadows, specular reflections that alter
apparent color, insufficient illumination, and over-exposure, among other factors.

A second challenge tackled in this work is simultaneous multi-instance detection a
system-level requirement for practical deployment since intersections commonly contain

“multiple traffic lights”. This is compounded by the heterogeneity of signal types (vehicu-

lar, pedestrian, and bicycle signals) that may coexist and interact within the same scene;
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accordingly, the algorithm is trained to detect all vehicular traffic lights present in the field
of view.

Finally, we address the challenge of dataset design and domain specificity, which has a
significant impact on real-world deployment (e.g., in Mexico City). Cities exhibit distinctive
traffic-scene characteristics such as extreme congestion and complex intersection layouts
that induce domain shifts the CNN must learn to model and generalize over. Consequently,
dataset composition and curation become critical to ensure robust performance beyond
controlled benchmarks.

1.2. State of the Art

Research in computer vision and artificial intelligence has produced a broad family of
Convolutional Neural Network (CNN)-based detectors that underpin robust perception
technologies across domains; a key application is ADAS/ADS perception for identifying
and recognizing elements in the driving environment [18]. Humans acquire driving cues
visually; building on this premise, current perception pipelines aim to replicate these
capabilities artificially [25]. Within road-scene understanding, traffic signals constitute
a critical source of regulatory information. For example, Galvao et al. [16] summarize
perception systems for traffic light and vehicle detection, reporting a strong shift toward
deep learning for object detection in driving environments. Prominent detector families
include YOLO (You Only Look Once), SSD (Single-Shot MultiBox Detector), Faster R-CNN,
and Mask R-CNN; common challenges remain adverse weather, illumination changes, and
occlusion. Liang et al. [26] examine object detectors for autonomous vehicles (AVs) and
highlight sensor fusion processed through CNN-based architectures (e.g., YOLO, Faster
R-CNN) as an effective strategy, while emphasizing persistent issues such as real-time
performance, robustness under adverse conditions, the accuracy—efficiency trade-off, and
multimodal learning. Regarding datasets, Karangwa et al. [27] compile corpora widely
used for vehicle detection, and Liu et al. [28] analyze 265 autonomous-driving datasets
from the perspectives of sensing modality, data volume, tasks, and contextual conditions.
Complementarily, Song et al. [29] evaluate synthetic datasets, discussing their benefits
and drawbacks for training intelligent models. In traffic-sign analysis, Zhao et al. [30]
propose TSD-YOLO, a hybrid model for four signal categories (Warning, Information,
Regulatory, Complementary) leveraging Mamba and YOLO, trained on MTSD, TT100K,
and GTSDB; they report mean accuracies of 86.44%, 70.95%, 82.72%, and 76.59% for each
class, respectively. Finally, beyond detection, recognition and interpretation of traffic
signals [31], information remain essential for enforcing driving rules, where CNN-based
approaches are widely adopted [28]. Pavlitska et al. [32] survey the main traffic light
detection datasets and compare representative methods, noting the prevalence of YOLO,
Faster R-CNN, and ResNeSt backbones.

Yang et al. [33] detect traffic lights using an improved YOLOv4-based detector trained
on the LISA dataset, reporting 90% accuracy with 15 ms inference time. In comparisons
against Faster R-CNN and SSD, YOLOv4 achieves a more favorable speed—-accuracy trade-
off. Yoneda et al. [34] develop a method to identify sun-glare regions using CNN-based
visual explanations: the network produces Grad-CAM attention maps, and the general
direction of glare is then estimated via time-series analysis. This approach supports
robust image recognition by explicitly modeling how direct and building-reflected sunlight
degrades visibility.

Wang et al. [35] propose detecting traffic lights using an improved YOLOv4 trained on
the LISA database, achieving 90% accuracy with inference times of 15 ms. They compare
YOLOv4 with Faster R-CNN and SSD, finding the former to perform better and show a
better balance of speed and accuracy. Song et al. [36] introduce Mosaic-9 to augment the
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training set and enhance generalization to real-world scenarios; they curate 2000 images
containing traffic lights in diverse positions and states (red, green, yellow) and integrate
a Squeeze-and-Excitation (SE) attention mechanism, achieving 99.5% accuracy at 74 FPS.
Meanwhile, Kumar et al. [21] present 3D YOLO-SM (3D Depth Perception based on 2D
Object Detection with YOLO, with an integrated Neural State Machine (NSM)), which
combines an enhanced YOLOv8-based detector with an NSM and uses images from a
stereo camera. Their model attains mAP@0.5 scores of 92.5% on LISA and 89.3% on Bosch.
Table 1 presents a concise summary of recent studies addressing traffic light detection
and state recognition (green, yellow, red). Most works adopt YOLO-based CNNSs in differ-
ent versions; the last row reports the approach proposed in this study. The contribution of
our work focuses on detecting and interpreting traffic light information with YOLO [37-39],
one of the most frequently cited detector families for this task. A key challenge is illumina-
tion variability, since performance is highly sensitive to diurnal changes in light level. To
mitigate this, we train with a hybrid dataset that combines the public LISA dataset with a
proprietary dataset captured at 10 locations in Mexico City across different times of day.
Our goal is to identify the YOLO version and hyperparameter regime that best address
detection and state recognition under varying illumination. Accordingly, we evaluate
the five latest YOLO versions—YOLOv8m, YOLOv9m, YOLOv10m, YOLOv1lm, and
YOLOv12m—and determine which offers the best accuracy-inference-speed trade-off.

Table 1. Summary of the most relevant studies focused on the detection and state recognition of
traffic lights: a comparative analysis of datasets, methods, and model performance.

Author Dataset Problem Image Model Accuracy Observations
Owned with images Traffic light YOLO 0.73 during igiﬁiz;ia;’nznsaﬁiiﬂz
Ma et. al. 2026 [40] from Indonesia and status 1000 real-time ! L.
. L v12n . weather conditions
China recognition operation .
(clear and rainy)
Public TN-TLD Traffic light
Munir and Lin D.atase‘zt (Talwar.l status 36,050 LNT-YOLO mAP@0.5 = 0.781 Trafflc hght dete'ct.lon
2025 [41] Nighttime Traffic i during night driving
Licht recognition
ight)
s M1?<ed public datasets: Traffic light YOLOVS, Meta-YOLOVS is used
Tammisetti et. Kitty, Kaggle, Carla, .
. status 335 Meta- 0.93 to improve YOLOVS
2025 [42] LISA, Cityscapes and r
E . recognition YOLOvVS performance
urocity
- Depthwise Separable
. Github dataset 2023 Traffic light Traffic light 0.943 Convolutions (DISCs)
Yagob and Sasiadek . Red 0.992 -
) GitHub y de status 650 YOLOv8 are integrated
2025 [43] L Yellow 0.995
Roboflow recognition Green 0.853 throughout the
’ backbone and head
Traffic light Red (1.00), Yellow
Own, real Mississippi recognition (1.00), Green NVIDIA A100 GPUs
. YOLOv10n . ..
Khaled et. al. data and simulated and 54000 ResNet-18 (0.98), Flashing were used, achieving a
2025 [44] data using classification . eIfSTeM Red (0.92) and performance of
RoadRunner of flashing Flashing Yellow 67.15 FPS
traffic lights (0.92)
Frames of
olet Yolov8 Performance
Mixed database: Own  Traffic light comprete o OV Traffic light 0.93  comparison of YOLO v8
. - scenarios Yolov9 .
Proposed database of images of recognition Red 1.0 to YOLO v12 in
. . 22,217 and Yolov10, ..
2026 Mexico City and and status : Yellow 1.0 real-time images under
X P 36,000 traffic Yolov1l, X
public LISA database classification li Green 0.98 different natural
ight Yolov12 lichti i
ighting conditions
segments

Section 1 reviews related studies and methodologies. Section 2 describes the proposed
system and methodology and outlines the theoretical foundations of the models and
techniques employed. Section 3 details the experimental setup used to demonstrate the
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competitiveness of the proposed approach and reports the results. Section 4 presents
conclusions and a discussion.

2. Materials and Methods

We propose a two-step methodology for traffic light perception in images.
Step 1 (detection): identify all traffic lights present in the scene using YOLO-based CNNSs,
specifically YOLOv8m, YOLOv9m, YOLOv10m, YOLOv11m, and YOLOv12m, and report
their detection performance. Step 2 (state recognition): determine the state (green, yellow,
red) of each traffic light detected in Step 1. The same YOLO versions are evaluated for this
second task, and their results are likewise reported.

Figure 4 depicts the end-to-end pipeline. The input image is first processed by one
of the YOLO models (versions v8-v12) to perform simultaneous multi-instance detec-
tion of traffic lights. Predictions meeting a confidence threshold of 0.90 are retained,
and the corresponding regions are cropped. Each crop is then passed again through the
YOLO v8-v12 variants to perform the state recognition task.

Segmented CNN . C‘ollor .
Images YOLOv8-YOLOv12 identification

Figure 4. Proposed pipeline for traffic light detection and state recognition.

2.1. Methodology

The problem is decomposed into two tasks because preliminary experiments (beyond
the scope of this paper) attempting single-network joint detection and state classification
by labeling each state as a separate class produced suboptimal results, particularly under
natural illumination variability. Additionally, intersections in Mexico City contain numer-
ous non-signal objects that resemble traffic lights; under low-light conditions, this visual
ambiguity is exacerbated. Consequently, we adopt a two-stage strategy: (i) traffic light
detection, followed by (ii) state recognition (green, yellow, red).

A primary objective is to ensure balanced generalization under varying natural lighting
(i.e., across different times of day). Moreover, since the algorithm will be assessed in Mexico
City, a highly congested urban setting with many distractors, we construct a hybrid dataset
combining (i) the LISA public dataset and (ii) a custom dataset captured at 10 intersection
locations across the city and at multiple times of day (see Section 2.2). This enables a
controlled study to identify the YOLO version and hyperparameter configuration that best
address detection and state recognition under illumination shifts.

We select the latest YOLO families (v8—v12, “m” variants) due to their high real-time
accuracy, single-stage design that naturally supports joint localization and classification,
and robustness to variations in illumination, weather, and distance. YOLO also performs
well on small objects such as traffic lights; it is straightforward to fine-tune for task-specific
classes and can be deployed on low-cost embedded systems, making it an efficient, accurate,
and practical solution for intelligent mobility and autonomous driving applications.

https:/ /doi.org/10.3390/vehicles8040090
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Step 1 (Traffic Light Detection). As shown in Figure 5, the first stage detects all traffic
lights in road-intersection scenes. We selected 1290 images from the LISA dataset [40,41]
and 18,570 images from an in-house dataset and merged them into Dataset A (19,860 images)
with a single label, traffic_light. We applied an 80/20 holdout split to create Training Set
A (80%) and Validation Set A (20%). Additionally, we built an independent real-time
test set with 500 images captured at 10 intersections in Mexico City; this set was never
used during training or validation and serves to assess model performance under real
operating conditions.
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Figure 5. Dataset structure, management, and training workflow. Each YOLO variant (v8m, vOm,
v10m, vllm, v12m) was trained on Training Set A and validated on Validation Set A. We conducted
ablation studies to select task-appropriate hyperparameters for traffic light detection. After achieving
stable convergence for each version, we evaluated the models on the real-time test set to quantify
performance in the wild.

Step 2 (State Recognition). After training the five YOLO variants for simultane-
ous multi-instance detection, we proceeded to state recognition (red/yellow/green). We
generated a new image set by cropping the regions where traffic lights were detected in
Step 1 (noting that multiple traffic lights may appear per scene). These crops compose
Dataset B (30,000 images) annotated with three labels: trafficlight_green, trafficlight_red,
and trafficlight_yellow. We applied an 80/20 holdout to obtain Training Set B (80%) and
Validation Set B (20%), and we created Testing Set B with 6000 images to evaluate the state
recognition models under real-world conditions.

2.2. Dataset

For this study, we used two data sources (see Table 2). The first is the public LISA
Traffic Light Dataset [40,41], which provides sequences captured in San Diego, California
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(USA), under daytime and nighttime conditions at 1280 x 960 px. From LISA, we selected
1290 images for training and 127 for testing.

Table 2. Datasets used for traffic light detection and state recognition.

Database Set Characteristics
# Images # Class Class Resolution
LISA Traffic light detection 1290 - 1280 x 960
Own training 18,570 L traffic_light 4000 x 2992
LISA Traffic light detection 127 . 1280 x 960
Own testing 1730 L traffic_light 4000 x 2992
i trafficlight_green
Own an.d State re'co.gmnon 30,000 3 trafficlight_yellow 1280 x 960
LISA mix training . 4000 x 2992
trafficlight_red
o trafficlight_green
Own and State recognition 21 1280 x 960
LISA mix test 6000 3 trafficlight_yellow 4555 290
trafficlight_red
traffic_light
Own Real-time traffic light 500 1 trafficlight_green 4000 x 2992

detection test trafficlight_yellow

trafficlight_red

The second source is a proprietary dataset comprising 1,989,874 images collected
at 10 intersection locations in Mexico City across different times of day, yielding variations
in illumination (diurnal changes and reflectance) and environmental conditions. From
this dataset, 18,570 images were selected for training and 1730 for testing. Additionally,
500 real-time images were captured from the same locations/cameras to test the trained
models under operational conditions, both for traffic light detection and state recognition.

Figure 6 illustrates representative samples employed in our experiments across the
training, validation, and test splits for all evaluated YOLO versions.

LISA Database

Own Database

Figure 6. Example images from the LISA dataset and the custom dataset used during the training,
validation, and testing phases.
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2.3. You Only Look Once (YOLO) Architecture

Because one objective of this study is to analyze the performance of five YOLO versions
on vehicular traffic light detection and state recognition, we first provide a concise overview
of the YOLO family considered in our experiments. The original YOLOV1 architecture
was inspired by GoogLeNet [45]. It comprises 24 convolutional layers followed by 2 fully
connected layers, producing a 7 x 7 x 30 prediction tensor for grid-based detection. Instead
of the early Inception modules used in GoogLeNet, YOLOv1 employs 1 x 1 reduction
layers followed by 3 x 3 convolutions, in line with the design principles popularized by
Lin et al. [46].

As detailed in Figure 7, input images are resized to 448 x 448 px (RGB) before infer-
ence. Subsequent layers specify the kernel sizes, number of filters, and strides for each
convolutional block; certain blocks repeat (x2, x4). The output layer encodes the model’s
prediction bounding boxes and class probabilities for each grid cell.

448 auid
Image Recognition
7. 112
7
3
3 56 3 28 . 14
3 3 7 T
3
56 28 14 A T >< ><7
3 192 256 512 1024 L 1024 1024 4096 30
Conv. Layer Conv. Layer Conv.Layer  Conv. Layer Conv, Layer Conv. Layer  Conv.Layer Conv. Layer
7X7X64-5-2 3X3X192 1X1X128 1X1)(256}x4 1X1X512 X 3X3X1024
Maxpool Layer Maxpool Layer 3X3X256  3X3X512 3X3X1°24} 3X3X1024
2x2-5-2 2x2-5-2 1X1X256  1X1X512  3X3X1024
Conv. Layer 3X3X512 3X3X1024  3x3x1024+2
TXTX64-5-2 Maxpool Layer Maxpool Layer

2X2+52 2X2+2

Figure 7. Schematic of the YOLOv1 architecture, showing kernel sizes, the number of filters, and
strides; repeated blocks are indicated by multiplicity markers (e.g., X2, x4).

2.3.1. YOLOvS

The YOLOvV8 model [47] supports complex tasks such as instance segmentation,
keypoint/pose estimation, and oriented object detection. Key features include real-time
performance, high inference speed, comprehensive Ultralytics Python tooling for training
and deployment, and multiple model variants (n, s, m, 1, x).

Training is simplified through an anchor-free head. However, several limitations are
anticipated, including reduced sensitivity to very small objects, a higher computational
cost than some earlier versions, and an increased dependence on training-data quality. As
shown in Figure 8, the YOLOVS architecture comprises three main blocks: the Backbone
(feature extraction), the Neck (multi-scale feature aggregation), and the Head (prediction of
classes and boxes).

https://doi.org/10.3390/vehicles8040090
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Figure 8. YOLOVS structure, divided into Backbone, Neck, and Head.

2.3.2. YOLOvV9

YOLOV9 [48,49] explicitly addresses information loss as network depth increases. To
this end, it introduces Programmable Gradient Information (PGI), a supervisory framework
to preserve gradient quality, and a hybrid architecture, the Generalized Efficient Layer
Aggregation Network (GELAN), which combines the strengths of CSPNet and ELAN to
improve efficiency, accuracy, and adaptability while remaining conceptually aligned with
prior YOLO designs.

As shown in Figure 9, there are three significant differences compared to previous
versions. The first is the incorporation of reversible functions that address the information
bottleneck problem. Their use guarantees reduced information loss by reconstructing
the original input from the network outputs. The second change is the integration of
Programmable Gradient Information (PGI). Implementing reversible functions necessitates
a training method that ensures accurate gradient descent for both deeper and surface layers.
PGI optimizes inference in the main branch, while mitigating information loss from deeper
layers in the reversible auxiliary branch. Additionally, it ensures monitoring for information
loss in multilevel information, enabling the detection of objects of varying sizes. Finally,
YOLOV9 incorporates the Generalized Efficient Layer Aggregation Network (GE-LAN),
which aims to achieve a connection adapted to GPIs, allowing for the integration of the
various blocks.

{ Transition } { Transition \I : Transition \‘
| i I i Il i |
| l ... split l 0 l ... split l 0 l ... split l |
I I I
[ I conv oxn 11 — [
| xn || 1 xn - |
| Any block | | | | I X
I Il xn 11 Any block | |
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Figure 9. YOLOVY structure showing the integration of reversible functions, PGI, and GELAN.
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2.3.3. YOLOv10

YOLOV10 is released in several variants (n, s, m, b, 1, x) and targets post-processing
bottlenecks that limited end-to-end latency in prior YOLO versions. It reduces computa-
tional redundancy by adopting an NMS-free training/inference strategy and improves
gradient flow with an enhanced CSPNet Backbone. The architecture uses dual heads: a
one-to-many head during training to strengthen supervision and a one-to-one head at
inference for object-level predictions without external NMS.

As summarized in Figure 10, the Backbone integrates an improved CSPNet to enhance
gradient flow and reduce redundancy [47]. The Neck employs PAN (Path Aggregation

Network) layers for multi-scale feature fusion.

)

Concat ~—Upsample CSPnet -— Concat ~—Upsample<—| Conv :
|

| |

|

Swin Trans CBJAM |
|

|

Conv Swim Transformer Neck:

D D |

CBAM Sl . Concat CBAM—— R Concat :
sample ' sample o |

|

Swin Trans Swin Trans I

|

)

YOLO Head

YOLO Head YOLO Head

Figure 10. YOLOV10 structure integrating an NMS-free strategy with dual label assignments (one-to-
many for training, one-to-one for inference).

The One-to-Many Head supports multiple predictions per object to improve label
assignment during training, while the One-to-One Head enables NMS-free deployment,
yielding improved accuracy-latency characteristics.

2.3.4. YOLOv11

YOLOv11 [47,50,51] introduces architectural refinements that improve compatibility
with cloud platforms and NVIDIA-GPU systems, while increasing accuracy (mAP) with
fewer parameters. The design adopts PANet (Path Aggregation Network) in the neck for
multi-scale feature aggregation.

It employs C3k2 blocks to enhance feature extraction in the Backbone and uses two
CSP (Cross-Stage Partial) modules placed before the C2PSA blocks to alleviate bottlenecks
and improve gradient flow. These modules operate independently and subsequently
concatenate features (see Figure 11).
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Figure 11. YOLOV11 structure integrating C3k2 blocks and SPPF (Spatial Pyramid Pooling—Fast)
within the Backbone/Neck/Head pipeline.

YOLOv11 models are memory-efficient during both training and inference, facilitating
deployment on dedicated hardware and real-time pipelines. They support exports to
ONNX, TensorRT, CoreML, and TFLite.

2.3.5. YOLOv12

YOLOvV12 [52-54] adopts a Residual-ELAN (R-ELAN) architecture derived from ELAN
to address optimization challenges in large-scale models. It introduces residual connections
(akin to layer scaling), together with feature aggregation mechanisms that function simi-
larly to bottleneck designs. The architecture leverages Flash Attention to reduce memory
overhead. Additionally, the MLP ratio in attention blocks is lowered (e.g., to 1-2 rather
than the typical 4) to reduce computation in the attention layers. It also incorporates
separable 7 x 7 convolutions (often referred to as a position perceptor) to implicitly encode
positional information (see Figure 12).
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| |
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Figure 12. YOLOvV12 structure illustrating R-ELAN-based optimization within the Backbone, with
FlashAttention and separable 7 x 7 convolutions for positional encoding.

A notable limitation is the higher computational cost; exploiting the model’s full
potential typically requires GPUs compatible with FlashAttention. Nevertheless, YOLOv12
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provides broad task coverage, including object detection, instance segmentation, image
classification, pose estimation, and oriented object detection (OBB).

3. Results

This section reports 10 training runs, 5 per methodological stage (see Figure 5). We
evaluate five YOLO versions (v8m-v12m). For each stage, we conduct hyperparameter
ablation studies and select the best-performing configuration per model for subsequent
comparison. Stage 1 addresses traffic light detection, and Stage 2 addresses state recognition
(green/yellow /red). After completing all runs, we compare results per model and across
configurations to identify the optimal baseline for each version.

All experiments were conducted on a laptop running Windows 11 Home, equipped
with an Intel® Core™ i9-14900HX (2.2 GHz base; Intel Corp., Ho Chi Minh, Vietnam)
CPU, an NVIDIA® GeForce RTX™ 4070 (8 GB GDDR6; NVIDIA Corp., Santa Clara,
CA, manufactured in Tainan, Taiwan) GPU, 32 GB DDR5 RAM (SK Hynix Inc., Icheon,
Republic of Korea), and a 1 TB NVMe PCle SSD (Samsung Electronics, Suwon, Repub-
lic of Korea). The software stack comprised Conda 23.1.0+, Python 3.10.12, CUDA 124,
PyTorch 2.5.1+cul21, and Ultralytics 8.3.22.

3.1. Traffic Light Detection (Stage 1) and Traffic Light State Recognition (Stage 2)

The process is divided into two stages: Stage 1 is responsible for detecting traffic lights
within the scene, while Stage 2 classifies their operational state (green, yellow, or red). For
both stages, five versions of YOLO (v8m through v12m) were trained under the conditions
detailed below, and their corresponding performance results are presented in this section.

3.1.1. Hyperparameters for Traffic Light Detection and Traffic Light State Classification

Table 3 lists the models and hyperparameters used for Stage 1 and Stage 2. Most
default values were retained; however, for both stages, the batch size was varied to examine
its effect on the optimization dynamics. As is well established, batch size determines the
number of images processed per iteration, influencing convergence speed, gradient noise
levels, and generalization capability. Consequently, this parameter was adjusted to stabilize
training and maximize detection quality. No explicit regularization (e.g., Dropout) was
applied (Dropout = 0.0).

Table 3. Hyperparameters for traffic light detection and traffic light state recognition.

Hyper-Parameters

Batch
YOLO Size Batch
. . Image Size
Model Epochs  Patience Pretrained . 1r0 1rf Batch Dropout  (Step 1:
Size (Step 2:
Detec-
0 State)
tion)
YOLOvVS 500 100 True 640 0.01 0.01 14 0.0 14 10
YOLOV9 500 100 True 640 0.01 0.01 6 0.0 6 10
YOLOvV10 500 100 True 640 0.01 0.01 10 0.0 10 8
YOLOv11 500 100 True 640 0.01 0.01 6 0.0 6 8
YOLOv12 500 100 True 640 0.01 0.01 10 0.0 10 8

To ensure a fair comparison across YOLOv8-YOLOV12, we adhered to the following
normalization practices:
e  Same dataset, augmentations, and preprocessing across models.
e  Aligned training configuration: epochs, patience, pretrained weights, input size (640),
Ir0, and 1rf.
e  Identical validation protocol (holdout split), metrics, and evaluation code path.
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e  Same input resolution during training and validation.
e  Same hardware and software stack.
e  Same learning-rate scheduler (cosine decay with Irf = 0.01).

Additionally, we scaled the initial learning rate (Ir0) with batch size and adjusted
epochs and patience proportionally to approximately preserve the total number of opti-
mization steps. This protocol reduces artificial sensitivity attributable to batch size and
Ir0, so that observed differences more faithfully reflect architectural effects rather than
training-regime artifacts. We kept critical hyperparameters fixed across models (dataset,
augmentations, pretrained weights, input size, scheduler, validation protocol, and metrics).
As in Step 1, the reported batch size for each model corresponds to the value that achieved
the best generalization after a small batch sweep. While Accuracy and Precision remained
consistently high across models, results indicate moderate sensitivity to batch size (8 vs. 10),
reflecting expected changes in gradient stability; nevertheless, color classification remained
stable across illumination conditions.

Note on batch selection. Although we sought to minimize hyperparameter-induced
bias, we experimented with batch size and reported for each model the configuration that
achieved the best generalization under varying illumination. Because batch size directly
affects gradient stability and optimization dynamics, residual performance differences may
reflect both model architecture and training regime. We did not apply additional cross-
model normalization strategies (e.g., enforcing identical effective batch size via gradient
accumulation or strict proportional LR scaling across all settings). Therefore, a fraction of
the observed variability may stem from batch-related effects rather than architecture alone.

3.1.2. Performance Evaluation Calculation

The results reported in this paper are derived from the confusion matrices computed
for each model. We evaluate Recall (R), Accuracy (A), Precision (P), and Specificity (TNR).
In addition, we inspect the Fl-score vs. the confidence curve to assess the Fl-score at the
selected operating threshold. Finally, we report mean Average Precision (mAP) including
mAP@0.50 and mAP@0.50-0.95 for each class when applicable.

Let TP, TN, FP, and FN denote true positives, true negatives, false positives, and false
negatives, respectively. The metrics are defined as follows:

Recall(R) = TPZ—iPFN 1
Accuracy(Acc.) = TP 1’{"111\)]—-'1—-’171"]1\\[] TP 2)
Specificity(S) = TNTifl—"P ©)
Precision(P) = % 4)
F1-Score = Z(RL_:_(PR) ()

Note. mAP@0.50-0.95 is the mean AP averaged over IoU thresholds 0.50:0.05:0.95;
mAP@0.50 is computed at a single threshold (IoU = 0.50).

3.1.3. Results of Traffic Light Detection

Table 4 summarizes the performance of the five YOLO versions (v8-v12) trained for
the traffic light detection task. The columns report the YOLO version, Class, A (Accuracy),
P (Precision), R (Recall), F1-score, mAP@0.50, and mAP@0.50-0.95.
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Table 4. Traffic light detection performance metrics.

YOLO Class A P R F1-Score mAP50 mAP5-95
Model
YOLOvVS8 traffic_light 0.91 0.963 0.907 0.935 0.944 0.756
YOLOV9 traffic_light 0.93 0.981 0.902 0.940 0.957 0.883
YOLOv10 traffic_light 0.92 0.980 0.915 0.946 0.957 0.812
YOLOv11 traffic_light 0.92 0.947 0.907 0.926 0.941 0.843
YOLOv12 traffic_light 0.91 0.982 0.924 0.952 0.963 0.892

Overall, all YOLO variants achieve high performance, with minor variations across
metrics. YOLOV12 attains the highest scores in five of the six metrics, emerging as the
best-performing model for traffic light detection, with Accuracy = 0.91, Precision = 0.98,
and Recall = 0.92.

Figure 13 plots mAP@0.50-0.95 vs. epochs, showing consistent improvements during
training. YOLOV12 (purple curve) reaches the highest value, followed by YOLOv11 (red),
whereas YOLOVS records the lowest value at the end of training. As the number of epochs
increases, the curves converge, suggesting stabilization of performance.

mAP@0.50-0.95 Detection Comparison
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gg_ —YOLOv8
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0.2
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0
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Epochs

Figure 13. mAP@0.50-0.95 vs. epochs in traffic light detection training.

Figure 14 presents the Fl-score trajectories across epochs for each YOLO version.
Values range from 0 to 1; a higher F1-score indicates a better balance between Precision and
Recall at the selected operating threshold.

F1-score Detection Comparison
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Figure 14. Fl-score vs. epochs in traffic light detection training.

Figure 15 shows the validation loss over epochs, illustrating generalization behavior.
YOLOvV12 demonstrates the most consistent generalization, whereas YOLOV10 exhibits
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larger fluctuations. This variability may be linked to its NMS-free training/inference
regime, suggesting that further hyperparameter ablation could be beneficial.

Validation loss Detection Comparison

Validation loss

1.0

0.5

0.0
0 100 200 300 400 500

Epochs

Figure 15. Validation loss vs. epochs during traffic light detection training.

Figure 16 presents qualitative results for the five networks trained for simultaneous
multi-instance detection of traffic lights at intersections in Mexico City under real-world
conditions; the image is drawn from the 500-image real-time set (see Figure 5). Evalu-
ating all trained networks on the same image reveals their operational behavior beyond
aggregate plots.

YOLO 11

Figure 16. Real-time images used to qualitatively evaluate each trained network (traffic light detection,
YOLO v8-v12).

All five networks correctly detected every traffic light in the scene, each with con-
fidence scores > 0.90. YOLOvV10 produced the highest confidence across the four traffic
lights (~0.96-0.97, predominantly 0.97). In contrast, YOLOv8, YOLOv9, YOLOv11, and
YOLOV12 yielded confidence scores that were 0.01-0.02 lower on this image, with none
exceeding 0.95.

3.1.4. Results of Traffic Light State Recognition

Table 5 indicates that all models achieved high performance, with several reaching
values near 1.00. In particular, Recall and Fl-score were nearly perfect in multiple cases.
Despite the three-class nature of the task, all models successfully identified each traffic
light state.
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Table 5. Performance metrics for traffic light state recognition (green, yellow, red).

YOLO

Model Class A P R F1-Score mAP50 mAP5-95
trafficlight_green 0.98 0.99 0.993 0.993 0.993 0.869
YOLOv8 trafficlight_yellow  0.99 0.99 0.993 0.993 0.993 0.869
trafficlight_red 1.00 0.99 0.993 0.993 0.993 0.869
trafficlight_green 0.98 0.998 0.990 0.994 0.992 0.868
YOLOv9  trafficlight_yellow  1.00 0.998 0.990 0.994 0.992 0.868
trafficlight_red 1.00 0.998 0.990 0.994 0.992 0.868
trafficlight_green 0.98 0.993 0.993 0.993 0.994 0.864
YOLOv10 trafficlight_yellow  1.00 0.993 0.993 0.993 0.994 0.864
trafficlight_red 0.99 0.993 0.993 0.993 0.994 0.864
trafficlight_green 0.98 0.996 0.993 0.995 0.993 0.869
YOLOv11 trafficlight_yellow  1.00 0.996 0.993 0.995 0.993 0.869
trafficlight_red 1.00 0.996 0.993 0.995 0.993 0.869
trafficlight_green 0.98 0.998 0.993 0.996 0.994 0.868
YOLOv12 trafficlight yellow  0.99 0.998 0.993 0.996 0.994 0.868
trafficlight_red 1.00 0.998 0.993 0.996 0.994 0.868

Figure 17 shows rapid improvements during early epochs for all models, indicating a
strong ability to focus on the region of interest.

mAP@0.50-0.95 State Recognition Comparison
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Figure 17. Learning curves (state recognition): metric trajectories vs. epochs.

The Fl-score trajectories (Figure 18) corroborate the above: curves stabilize with
minimal inter-model differences, suggesting that all models learned to identify the region
of interest and maintain a balanced Precision—Recall trade-off.

F1-score State Recognition Comparison
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Figure 18. Fl-score vs. epochs in traffic light state recognition.
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Although earlier plots show minimal fluctuations, Figure 19 reveals that YOLOv10
behaved differently prior to stabilization, indicating initial generalization issues under its
default configuration. In contrast, the remaining models reached a stable value toward the
end of training, with no significant late-epoch improvements.
Validation loss State Recognition Comparison
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Figure 19. Validation loss vs. epochs in traffic light state recognition.
3.2. Summary of Findings
3.2.1. Comparative Analysis of YOLO Models
To facilitate the technical comparison, Table 6 summarizes the most relevant findings
obtained in both stages of the methodology. In the Detection phase (Step 1), the YOLOv12
model emerged as the most robust architecture, achieving an accuracy of 98.2% and a
mAP50-95 of 0.892, representing a substantial improvement over YOLOv8 (mAP50-95
of 0.756). This gain suggests that the optimizations introduced in the most recent versions,
particularly in the feature extraction modules and attention mechanisms, significantly
enhance performance in visually complex urban environments.
Table 6. Comparative analysis of models considering inference time.
mAP50-95
. mAP50-95 Inference Time (ms) Inference Time (ms) -
YOLO Model Step 1 : Step 2: State * Step 1: Detection Step 2: State Loss Stability
Detection
Medium
YOLOVS 0.756 0.869 14.04 20.28 (Initial Fluctuations)
YOLOV9 0.883 0.868 13.22 24.52 High
YOLOvV10 0.812 0.864 11.90 13.42 Very High (More Stable)
YOLOvV11 0.843 0.869 12.92 18.66 High
YOLOvV12 0.892 0.868 12.90 21.91 High

* Note: The mAP50-95 value for the state classification corresponds to the average across the three classes (green,
yellow, red).

In the State Recognition phase (Step 2), which focused on identifying the traffic light
color (green, yellow, red), all evaluated models exhibited outstanding metrics, with F1-score
and Recall values approaching 1.00. However, YOLOv10 demonstrated the highest stability
and consistency across all three classes, especially in the accurate identification of the
“yellow” state, where it slightly outperformed the other versions.

Regarding computational performance, YOLOV10 also emerged as the most efficient
model, achieving the lowest inference times in both stages (11.90 ms in detection and
13.42 ms in classification). This performance contrasts with YOLOv9, which, despite
offering high accuracy, showed the greatest delay in state classification, with an inference
time of 24.52 ms.
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Figure 20 presents the qualitative results obtained from the five architectures trained
for the simultaneous detection of multiple traffic light instances and the estimation of their
operational state in urban intersections of Mexico City under real-world conditions. The
analyzed image originates from the real-time evaluation set, composed of 500 images (see
Figure 5). Evaluating all networks on the same scene enables a direct observation of their

operational behavior beyond aggregated metrics.

Figure 20. Example predictions for the three traffic light states (green, yellow, red) evaluated with
each trained model (YOLO v8-v12).

All five architectures correctly identified each traffic light present in the scene,
achieving confidence scores of >0.90. Among them, YOLOV10 produced the highest
confidence scores across the four traffic lights, with values ranging from 0.96 to 0.97
(predominantly 0.97). In contrast, YOLOvS, YOLOv9, YOLOv11, and YOLOV12 yielded
confidence scores that were 0.01 to 0.02 lower for this image, with none exceeding 0.95.

In the second evaluation step (state recognition), a visual convergence in model
performance is observed: all versions correctly identified the color state of each traffic light
with a high level of reliability. This qualitative validation confirms that although precision
metrics among the more recent versions are comparable, YOLOv10 exhibits a marginal
advantage in detection robustness, reflected in the higher stability and magnitude of its
confidence scores.

3.2.2. Evaluation of Overfitting
Step 1. Traffic Light Detection

To assess the presence of overfitting in the YOLOv8-YOLOv12 models during Step 1,
the mAP@0.50-0.95, F1-score, and validation loss curves obtained over 500 training epochs
were analyzed. These three metrics allow for identifying divergences between training and
validation behavior, which constitute the characteristic indicator of overfitting.

First, the mAP@0.50-0.95 curves (see Figure 13) exhibited a sustained increase during
the first 50 epochs, reaching values close to 0.80 for all versions. Subsequently, the mAP
stabilized without showing late-epoch degradation:

e  YOLOVI12 achieved the highest value, with an mAP of approximately 0.88-0.89.

e  YOLOV9 and YOLOvV11 converged between 0.82 and 0.85.

e  YOLOV10, although less accurate, maintained a consistent mAP of around 0.78 without
regressions throughout the epochs.

This stability indicates that none of the models experience a loss of generalization
capability, since the validation metric does not decrease in the later stages of training.
Consistently, the F1-score (see Figure 14) exhibited stable behavior across all models. After
the initial convergence observed during the first ~20 epochs, all versions maintained
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F1 values between 0.85 and 0.90 during the remaining 480 epochs. No abrupt drops or
progressive degradation were observed, confirming a stable Precision—Recall balance in
validation. The small oscillations present in the curves are minimal and attributable to
validation batch variability rather than overfitting.

Finally, the most sensitive metric for detecting overtraining, the validation loss
(see Figure 15), showed a descending trend followed by a stabilization phase in all configu-
rations. The final loss values were:
YOLOvV12: ~0.30-0.35, the lowest validation error among the models.
YOLOV9 and YOLOv11: ~0.40-0.55, with smooth trends and no late-epoch increments.
YOLOVS: ~0.80-0.90, remaining stable after epoch 100.
YOLOv10: ~1.50-1.70, the highest loss but without progressive increases over the
500 epochs.

Since in none of the cases does the validation loss exhibit a sustained increase—the

classic pattern of overfitting, where training loss continues to decrease while validation loss
deteriorates—it is concluded that the models are not memorizing the training set. Overall,
the stability observed in the mAP, Fl-score, and validation loss confirms that none of the
evaluated YOLO models show evidence of overfitting, even under prolonged training over
500 epochs. The curves demonstrate healthy convergence and sustained generalization
capacity in the traffic light detection task.

Step 2. Traffic Light State Recognition

To determine the presence of overfitting in the YOLOv8-YOLOv12 models during
Step 2 (traffic light state recognition), the mAP@0.50-0.95, Fl-score, and validation
loss curves obtained over 500 training epochs were analyzed. As in Step 1, these
three metrics allow for detecting divergences between training and validation behav-
ior, which constitute the primary indicator of overfitting. First, the mAP@0.50-0.95 curves
(see Figure 17) showed a sharp increase during the first ~20 epochs, reaching values
between 0.78 and 0.82 for all YOLO versions. After this initial rise, the mAP stabilized
without showing late-epoch decreases:

e  YOLOV9 and YOLOV12 reached the highest final values, approximately 0.86.
e  YOLOV11 converged around 0.85.
e YOLOvVS8 and YOLOv10 maintained slightly lower values, around 0.83.

This stability—particularly over the last 400 epochs—indicates that none of the
models exhibit a loss of generalization, as the validation metric remains stable with-
out the downward trends characteristic of overfitting. Consistently, the Fl-score
(see Figure 18) displayed highly stable behavior. After the initial convergence during the
first ~10 epochs, YOLOvVS, YOLOv9, YOLOv11, and YOLOv12 maintained F1 values close
to 0.97-0.99 for the remainder of the training. YOLOv10 showed a lower but stable F1-score
around 0.90-0.92, without degradation across epochs. No abrupt decreases or progressive
deterioration were observed, confirming that the Precision—Recall balance remains stable
in validation. The small oscillations visible in the curves are attributable to minibatch
variability rather than indications of overfitting. Finally, the validation loss (see Figure 19)
exhibited a sharp decline during the initial epochs, followed by an extended stabilization
phase. The final loss values were:

e  YOLOVI11: ~0.68, the lowest validation loss observed.

e YOLOvVS, YOLOV9 and YOLOvV12: ~0.70-0.75, with smooth, stable curves.

e  YOLOV10: ~1.30-1.40, the highest loss value, but without progressive increases across
the 500 epochs.
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In no case did the validation loss exhibit the sustained upward trend typical of over-
fitting, the scenario in which the training loss continues to decrease while the validation
loss increases. Therefore, the models are not memorizing the training data. Overall, the
stability observed in mAP, F1-score, and validation loss confirms that none of the YOLO
models evaluated exhibit evidence of overfitting during the traffic light state recognition
stage, even under prolonged 500-epoch training. All curves display healthy convergence
and robust generalization capacity in this phase of the system.

4. Conclusions and Discussion

This work investigated traffic light detection and state recognition (green, yellow, red)
under natural illumination variability, benchmarking the five most recent YOLO families
(YOLOV8m-YOLOvV12m). A hybrid dataset was used, combining the public LISA traffic
light dataset with a custom corpus acquired at ten intersections in Mexico City across
different times of day, thus reflecting uncontrolled real-world conditions. The study sought
to identify the YOLO variant and hyperparameter regime that best address both tasks
under challenging lighting.

A two-stage pipeline was adopted. Step 1 performs traffic light detection on full-scene
images; the detected regions are cropped. Step 2 performs state recognition on those crops.
This decomposition was motivated by preliminary trials (not included here) where single-
network joint detection and state classification degraded under illumination shifts and
scene clutter; separating the tasks improved stability, generalization, and interpretability
of errors.

4.1. Findings for Step 1: Traffic Light Detection

Training configurations were aligned across models (epochs, patience, pretrained
weights, input size = 640, Ir0, Irf, dropout), while batch size was explored as the principal
degree of freedom due to its known impact on gradient noise, convergence, and general-
ization. Under this regime, YOLOv12 achieved the best aggregate performance, leading
in F1 (0.952), mAP@0.50 (0.963), and mAP@0.50-0.95 (0.892), and obtaining the highest
Precision (0.982) and Recall (0.924) among the compared models. These results indicate
that YOLOV12 combines reliable detection with more precise boxes, which are especially
valuable under illumination changes where contour quality often degrades. Although the
batch size was not fully normalized across models and the learning rate was kept constant,
YOLOV12 consistently dominated the most sensitive metrics, suggesting an intrinsic ar-
chitectural advantage. Normalizing the effective batch (e.g., via gradient accumulation)
and/or scaling the LR with the batch would likely sustain or reinforce its superiority.

4.2. Findings for Step 2: Traffic Light State Recognition

For state recognition, all five YOLO versions exhibited fast initial learning and high
stability thereafter, with minor differences among the models. Across the three states,
the red class generally achieved the best scores, while green/yellow showed small con-
fidence variations (~0.01-0.05). The models converged steadily, and F1-score trajectories
stabilized with minimal divergence, providing evidence that all versions learned to fo-
cus on the region of interest and to maintain a balanced Precision—Recall trade-off under
changing illumination.

4.3. Real-Time Qualitative Evaluation and Model Behavior

Despite YOLOv12’s leadership in the standard offline metrics, the real-time evaluation
(500 in-the-wild images from Mexico City) revealed that YOLOv10 produced the highest
predicted confidences (=0.96-0.97 in the exemplar case) across all three states and for all
traffic lights in the scene, whereas the other versions were 0.01-0.02 lower on the same
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image. This divergence is consistent with the architectural philosophies: YOLOv12, with
attention-centric and fusion refinements, prioritizes accuracy (higher mAP, tighter boxes)
at a higher compute cost; YOLOv10, with NMS-free inference and dual label assignment,
reduces post-processing latency and often yields strong confidence under real-time con-
straints. In short, YOLOvV12 excels in aggregate accuracy/loU-sensitive metrics, whereas
YOLOV10 exhibits operational advantages for edge/real-time deployments.

4.4. Model Suitability for Edge-Based Inference

The joint analysis of the five YOLO models shows that their suitability for deployment
on edge platforms critically depends on the balance between accuracy, stability, and in-
ference latency. In this regard, although YOLOvV12 achieves the highest mAP@0.50-0.95
value during the detection step (0.892), its longer inference time (12.90 ms for detection
and 21.91 ms for classification) limits its performance in scenarios with strict real-time
constraints. Conversely, YOLOv10 stands out as the architecture with the greatest potential
for embedded deployment, as it records the lowest latencies in both stages (11.90 ms and
13.42 ms) and exhibits the highest training stability (“Very High”). This reflects the advan-
tages of its NMS-free design and its optimized label-assignment strategy, both essential
properties for supporting typical edge-hardware optimization processes such as quantiza-
tion, pruning, and TensorRT conversion. Overall, the results indicate that YOLOvV10 offers
the best trade-off between accuracy, robustness, and computational efficiency, making it the
most suitable preliminary candidate for edge systems. However, this conclusion remains
subject to future validation on real embedded hardware, such as Jetson Xavier or Orin, to
evaluate the effects of thermal, power, and memory constraints that are not reflected in
tests performed within a conventional computing environment.

4.5. Representation Choice: Bounding Boxes Are Sufficient

In both detection and state recognition, bounding boxes proved sufficient and ap-
propriate to represent the object of interest. The rectangular ROI aligns with the rigid,
quasi-rectangular morphology of traffic lights, stably capturing position and extent without
resorting to polygonal annotation. This choice balances geometric alignment, semantic
consistency, IoU stability, and model parsimony (Occam’s razor), lowering annotation and
computation costs while maintaining high performance.

4.6. Limitations: Domain Coverage and Generalization

Although the five YOLO models remained stable under illumination variation, such
stability does not guarantee full generalization. The hybrid dataset, while balanced by time
of day and location, does not fully cover adverse weather and rare conditions (e.g., rain,
fog, strong backlight, glare on wet pavement). Given that CNN generalization is strongly
tied to dataset breadth and diversity, broader environmental stratification is needed to
mitigate domain shift at deployment.

4.7. State of the Art

The proposed work stands out by training with a hybrid dataset (LISA + proprietary
captures from Mexico City) and by performing an inter-version performance evaluation of
YOLOv8-YOLOV12 on real-time video streams under variable natural lighting conditions,
achieving 0.93 in detection and 1.0/1.0/0.98 for state recognition (red/yellow /green). These
results match or surpass approaches that incorporate specific architectural enhancements or
operate within more restricted domains. Considering Table 1, the studies most comparable
to the proposed work are those by Kunekar et al. [37] (0.73 in real-time operation) and
Sani et al. [38] (mMAP@0.5 = 0.781 in nighttime driving). In contrast, the proposed approach
demonstrates greater robustness by covering both daytime and nighttime conditions with-
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out specializing in a single illumination regime. Another closely related study is that of
Munir and Lin [41], which achieves comparable per-class results and even classifies flashing
states through a YOLOv10n + ResNet-18 + LSTM pipeline. In our case, the results reveal
a performance comparison across the latest YOLO versions under real-world conditions,
showing that careful dataset curation combined with recent YOLO families is sufficient to
attain competitive performance.

4.8. Practical Implications and Model Selection

e  When latency and deployment constraints on embedded/edge devices dominate,
YOLOV10 offers structural advantages (NMS-free, simpler post-processing) and strong
confidence in real-time inference. However, further experimentation with different
edge platforms is needed to determine its actual performance.

e  For production, a tiered strategy is feasible: YOLOv12 as the high-fidelity model and
YOLOV10 as a low-latency fallback under tight compute budgets.

4.9. Recommendations and Future Work

1.  Dataset expansion and stratification. Augment the corpus with weather-stratified
data (rain, fog, nighttime glare), multiple viewpoints, and context diversity, while
preserving class balance and location-wise group splits to avoid scene leakage.

2. Controlled hyperparameter normalization. Equalize effective batch size (e.g., gradient
accumulation) and apply LRe«batch scaling. Keep total optimization steps constant
across models to isolate architectural effects.

3.  Calibration-aware evaluation. Report ECE/Brier and PR curves by class; re-tune
operating thresholds per deployment scenario (e.g., prioritize Recall in safety-
critical contexts).

4. Ablations for NMS-free regimes. For YOLOV10, run finer ablation studies (label
assignment, confidence matching, loss weighting) to temper early-epoch instability
while preserving speed.

5. Edge-deployment profiling. Benchmark latency/FPS, VRAM, and power on repre-
sentative edge hardware (e.g., Jetson Xavier/Orin) to produce a cost-benefit analysis
before field deployment.

4.10. Final Statement

Under illumination variability, YOLOv12 delivers the best accuracy-localization pro-
file, while YOLOV10 provides operational efficiency and higher real-time confidence. The
two-step pipeline with box-level supervision is adequate for both detection and state
recognition of traffic lights, and the hybrid dataset approach improves robustness to
real-world conditions. Extending environmental coverage, tightening hyperparameter nor-
malization, and profiling on edge hardware are the immediate next steps toward reliable
field deployment.
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