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Abstract

This paper evaluates the current maturity of automatic code-generation workflows for
deploying modern CNN-based object detectors on embedded GPU platforms. We compare
a native pipeline against a code generation pipeline through a Model-Based Engineering
(MBE) approach, using YOLOv8/YOLOv9 inference on NVIDIA Jetson Orin Nano and
Jetson AGX Orin as representative edge-GPU workloads. We report detection-quality
metrics (mAP, PR curves) and system-level metrics (latency distribution and initialization
overhead) under a controlled single-class scenario based on a CARLA-generated sequence
with frame-level annotations. Absolute accuracy and latency values are scenario-dependent
and may vary under different camera optics, illumination, motion blur, sensor noise,
occlusion patterns, and multi-class scene. Results quantify the performance gap between
code generation and native pipelines and show that, for the evaluated workloads, the
automated pipeline remains less competitive in both latency and accuracy. We discuss the
implications of this gap for deployment workflows in safety-oriented domains, and we
outline bottlenecks that should be addressed. The study is intended as a controlled traffic-
light detection micro-benchmark and does not aim to validate full ADAS perception stacks.

Keywords: YOLO; deep learning; embedded systems; traffic light detection; micro-benchmark;
code generation

1. Introduction
Nowadays, artificial intelligence (AI) plays a crucial role in technological development.

One of the fields in which it has had the greatest impact over the past decade is autonomous
driving. The emergence of one-stage Neural Networks (NNs) [1], such as You Only Look
Once (YOLO) [2], has revolutionized this field by achieving a remarkable balance between
detection speed and accuracy [3]. The implementation of such algorithms enables real-
time object detection as a key building block of perception pipelines. This is focused
on the traffic-light detection subtask, which is safety-relevant and latency-sensitive in
embedded deployments. In this work, traffic-light detection is used as a representative
case study for deployment-oriented benchmarking, rather than as a claim of full-stack
perception validation.

One of the most relevant tasks of any autonomous vehicle is the reliable detection of
traffic light signals [4], a process that can be challenging due to the variability of lighting
or weather conditions, occlusions, and design variations. Failure to accurately detect or
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interpret a traffic light can result in catastrophic consequences, including traffic collisions
that may lead to serious injuries or even fatalities, highlighting the critical importance of
robust and reliable detection systems in autonomous vehicles [5].

While real-world traffic-light detection is affected by camera optics, illumination
changes, motion blur, sensor noise, multi-class clutter, and diverse occlusion patterns,
systematically covering this operational diversity is outside the scope of this manuscript.
Instead, we intentionally adopt a controlled single-class CARLA sequence to maximize
internal validity and isolate the impact of the deployment pipeline itself. Consequently, the
reported accuracy and latency results should be interpreted as pipeline-level comparative
measurements under the stated configuration, rather than as general claims about traffic-
light perception robustness in unconstrained driving conditions.

Despite advances in the development of AI-based object detection algorithms, their
deployment in autonomous vehicles must consider the practical constraints of embedded
systems. As these systems rely on edge computing, where a large amount of data is
processed locally in the vehicle [6], they must operate with limitations on battery capacity,
computational power, and storage [7]. Given that AI-based algorithms are among the most
computationally demanding components, these limitations directly impact the feasibility
of deploying complex models in real-time scenarios.

In light of these challenges, there is a growing need for object detection models that
can maintain high accuracy while meeting the constraints imposed by embedded systems.
This study is motivated by the safety relevance of traffic-light detection and the practical
constraints of deploying object detectors on embedded platforms. Despite the growing
adoption of Model-Based Engineering and automatic code generation in safety-oriented
domains, there is limited public evidence on how close these toolchains are to state-of-
practice native pipelines for modern deep learning workloads on embedded GPUs. In
practice, engineers must trade off development productivity, certification arguments, and
portability against latency and accuracy. This paper addresses the following question:
how large is the current performance gap between automatic code-generation and native
pipelines when deploying modern object detectors on embedded GPU platforms?

Accordingly, this work contributes a controlled deployment-oriented benchmark for
comparing native inference and automatic code generation under identical weights, input
resolution, and evaluation criteria on embedded GPUs. Using NVIDIA Jetson Orin Nano
and Jetson AGX Orin (NVIDIA Corporation, Santa Clara, CA, USA), we quantify the
resulting gap in detection quality and latency, and we summarize practical insights into the
maturity and limitations of current code-generation workflows, including failure cases for
larger models.

2. Related Work
In urban environments, autonomous vehicles rely on comprehensive environment

perception and intelligent control systems to navigate safely and efficiently. In order to
operate safely, an autonomous vehicle must be equipped with a reliable perception system
capable of detecting, identifying, and tracking various types of objects in its environment,
including traffic signals, other vehicles, pedestrians, and cyclists. This task is particularly
complex, not only because of the high accuracy required for reliable object detection, but
also because environmental changes often cause discrepancies in the data captured by the
vehicle’s sensors [8,9]. While full-stack perception systems typically address multiple road
users and objects, controlled single-class benchmarks remain useful to isolate deployment
effects and study latency trade-offs on embedded hardware; traffic-light detection is used
here as a representative case study.
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Modern self-driving cars integrate multiple sensor modalities, including LiDAR, radar,
cameras, and ultrasonic sensors to capture a robust view of their surroundings [10–12].

Once the environment has been perceived through the vehicle’s integrated sensors,
the acquired data must be interpreted in real time to enable accurate and responsive vehicle
control. Over the past decade, traffic light detection has undergone a significant evolution,
transitioning from traditional image processing techniques to predominantly deep learning-
based approaches [13–19], which have become the standard due to their enhanced accuracy,
adaptability, and robustness, especially in real-time applications.

Among the various approaches based on deep learning, Convolutional Neural Net-
works (CNNs) have emerged as the most effective tools for object detection tasks, including
traffic light recognition [20,21]. Architectures such as YOLO (You Only Look Once) [22,23],
SSD (Single Shot MultiBox Detector) [24,25], and R-CNN (Region-Based Convolutional
Neural Networks) [15,26,27] have demonstrated remarkable performance in detecting traf-
fic lights with high precision and low latency, which makes them particularly well suited
for real-time autonomous driving scenarios. These models differ fundamentally in their
detection pipelines: single-stage detectors perform object localization and classification
in a single forward pass through the network, enabling faster inference. In contrast, two-
stage detectors first generate region proposals and then classify each proposed region in
a second pass, typically achieving higher accuracy at the cost of increased computational
complexity [28,29]. These differences are illustrated in Figure 1.

Figure 1. Single-stage and two-stage architectures.

To better illustrate the comparative strengths of the mentioned architectures in the
context of real-time object detection, Table 1 compiles the general characteristics and
performance aspects reported in the literature [30,31]. As shown, YOLO achieves the
most balanced trade-off between detection precision and processing efficiency, making it a
preferred choice for deployment in autonomous vehicles.

Table 1. Comparison of CNN-based object detection architecture performance.

Model Architecture mAP (%) Inference Speed Usability

Faster R-CNN Two-stage 83 Low Avoid
SSD Single-stage 75 Medium Poor choice
YOLOv8 Single-stage 89 High Best compact model

YOLO is widely recognized as the practical standard for object detection in au-
tonomous driving [32]. Unlike traditional approaches that rely on multistage object detec-
tion pipelines, such as R-CNN and its variants [33], YOLO adopts a unified architecture
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that performs object detection in a single pass through the neural network. This results in
significantly faster processing speeds without substantially compromising accuracy [34,35],
making YOLO especially suitable for real-time scenarios [36].

Throughout its successive versions, the YOLO architecture has consistently improved
its detection accuracy and computational efficiency [37–41]. Key advancements include the
adoption of multiscale detection strategies, spatial attention mechanisms, and optimized
loss functions, all contributing to more robust performance in real-time and complex
traffic scenarios.

Given these continuous improvements in accuracy and efficiency, recent YOLO ver-
sions have become increasingly viable for deployment in embedded systems, which are
commonly used in autonomous vehicles and traffic monitoring infrastructure. However,
implementing YOLO in such resource-constrained environments presents several chal-
lenges. Embedded systems often have limited computational power, memory capacity,
processing speed, and energy availability [42,43], making it essential to optimize the size of
models and their inference time [7,44]. These studies [45,46] demonstrate that lightweight
versions of YOLO, such as YOLOv8n, have been specifically developed to balance de-
tection performance with inference speed, making them well suited for deployment on
resource-constrained embedded hardware.

More recently, several works have proposed architecture-level optimizations to fur-
ther improve YOLO-based detection in resource-constrained environments. For instance,
Chen et al. propose a lightweight perception framework for railway foreign object detec-
tion that integrates re-parameterizable bottlenecks and lightweight self-attention mecha-
nisms, achieving competitive accuracy at only 1.7 GFLOPs and demonstrating deployment
feasibility on embedded platforms such as Jetson TX2 [47]. Similarly, recent embedded-
oriented YOLO variants have explored structural redesign, feature refinement strategies,
and task-specific enhancements to balance detection performance and computational cost
in UAV and edge-computing scenarios [48,49]. In the context of autonomous driving,
Wang et al. propose TCE-YOLOv5, a lightweight object detection architecture based on
YOLOv5 that incorporates structural compression and efficiency-driven enhancements to
achieve real-time performance while reducing parameter count [50].

These approaches primarily focus on modifying the network architecture, introduc-
ing pruning strategies, or incorporating attention mechanisms to reduce computational
complexity while preserving accuracy. In contrast, the present work does not alter the
internal architecture or training procedure of the evaluated YOLO models. Instead, it
investigates how different deployment paradigms, the native pipeline versus the code-
generation pipeline, affect inference performance under identical model configurations.
Therefore, our contribution is complementary to architecture-level optimization studies, as
it isolates and quantifies the impact of the implementation pipeline itself.

However, the deployment of CNNs in embedded systems has progressed through
various strategies, with one of the most prominent being the integration of deep learning
into Model-Based Engineering (MBE) [51] and automatic code generation. The litera-
ture [52] provides a comparative analysis of automatic code generation versus manual
coding, highlighting the respective benefits and limitations of each approach.

While automatic code generation and Model-Based Engineering have been widely
adopted in safety-critical software development, relatively few studies provide systematic
performance evaluations of deep learning inference pipelines generated through these
workflows on embedded GPU platforms. Most existing works focus either on architectural
optimization of neural networks or on high-level productivity and maintainability aspects
of model-based design, rather than on quantitative latency and accuracy comparisons be-
tween native deep learning frameworks and automatically generated code under identical
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deployment conditions. Consequently, empirical evidence regarding the maturity and
performance gap of code-generation toolchains for modern object detection models on
embedded hardware remains limited.

Based on this context, the present study focuses on analyzing the performance of
YOLOv8 [53] and YOLOv9 [54] by comparing their deployment through two distinct
deployment pipelines: a native pipeline and a code-generation pipeline based on a Model-
Based Engineering (MBE) workflow.

3. Materials and Methods
The proposed methodology follows the complete embedded vision pipeline, beginning

with the systematic generation and validation of a traffic light Ground Truth. Then it
proceeds with the deployment of each model using both the native pipeline and the code-
generation pipeline, and the definition of evaluation metrics that consider both detection
accuracy and computational efficiency. These methodological steps provide a structured
and consistent basis for the comparative analysis developed in the subsequent sections.

3.1. Ground Truth

The reference data, or Ground Truth, used for evaluation was obtained through system-
atic annotation of a sequence generated in the CARLA (Car Learning to Act) simulator [55],
depicting a realistic urban driving scenario. The sequence includes a clearly visible moving
traffic light as the sole object of interest and was rendered at a resolution of 640 × 640.
This setup allows for controlled testing of perception models under consistent and repro-
ducible conditions. A systematic annotation approach was adopted to ensure high accuracy,
which is essential for a reliable evaluation of the YOLO algorithm. Annotation was per-
formed following a well-defined set of criteria, illustrated in Figure 2, which specify the
conditions under which a label is considered valid. This protocol was designed to minimize
subjectivity and to ensure consistency between annotations. Deviations from established
criteria would compromise the integrity of Ground Truth data and, consequently, affect
the validity of the results presented in this study. Since YOLO’s performance is evaluated
based on its ability to detect traffic lights with respect to this dataset, any inconsistencies in
the labeling process would directly impact the reliability of the evaluation metrics and the
conclusions drawn from them.

Figure 2. Ground Truth labeling acceptance criteria, representing the minimum valid annotation and
defining the required object localization and bounding-box precision.

3.2. Dataset Composition and Annotation Protocol

The evaluation dataset consists of 400 consecutive frames extracted from a video
sequence generated in the CARLA simulator (v0.9.14; CARLA Team, Computer Vision
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Center, Bellaterra, Barcelona, Spain). The video was directly rendered at a fixed spatial
resolution of 640 × 640 pixels, matching the input resolution of the pre-trained YOLO
models used in this study (trained on the COCO dataset (Microsoft Research, Redmond,
WA, USA)). No additional resizing was applied during evaluation.

Frames were processed independently; although they originate from a continuous
driving sequence and therefore exhibit temporal correlation, no temporal filtering, tracking,
or smoothing was applied. Each frame was treated as an independent image during
inference and evaluation.

All annotations were performed manually on a frame-by-frame basis using the MAT-
LAB Video Labeler tool (Computer Vision Toolbox, MathWorks, Version 24.2, Release
R2024b). Bounding boxes were defined as the minimal axis-aligned rectangle tightly en-
closing the visible traffic light, following the strict acceptance criteria illustrated in Figure 2.
The annotation protocol intentionally avoided oversized or loosely fitted bounding boxes
to minimize localization ambiguity.

The dataset includes frames both with and without visible traffic lights, reflecting real-
istic driving conditions. Frames without annotated objects were retained in the evaluation,
and any detections in such frames were counted as false positives.

Since the dataset contains a single object class and was annotated by a single oper-
ator under a predefined labeling protocol, inter-annotator variability was not applicable.
A second manual verification pass was performed to ensure labeling consistency across
the sequence.

The objective of this dataset is not to provide statistical generalization across diverse
domains, but to enable a controlled, deployment-oriented comparison under consistent
visual and environmental conditions.

3.3. Pre-Processing and Post-Processing Pipeline

The pre-processing and post-processing stages were not modified from their default
configurations in the respective deployment frameworks. Since the input sequence was
already rendered at 640 × 640 pixels, no additional resizing or letterboxing was required.

For the native pipeline implementation, the standard YOLO inference pipeline pro-
vided by the Ultralytics framework was used without modification. This includes nor-
malization of input pixel values to the range [0, 1], channel reordering as required by the
model, and built-in non-maximum suppression (NMS).

Similarly, the code-generation pipeline (Model-Based Engineering, MBE) followed
the default preprocessing and post-processing settings defined by the corresponding MAT-
LAB/Simulink YOLO implementation.

In all experiments, pre-processing, neural inference, and post-processing were ex-
ecuted as an integrated pipeline. Inference time measurements therefore include the
complete processing chain rather than isolated forward-pass latency.

Inference was executed using the default confidence and non-maximum suppression
(NMS) parameters defined by each framework (Ultralytics for the native pipeline and the
corresponding MATLAB/Simulink backend for code generation). No modifications were
applied at inference time. For evaluation purposes, detections with confidence scores below
0.3 were discarded during post-processing in MATLAB prior to computing performance
metrics. This additional filtering step was applied uniformly to both deployment pipelines
to ensure consistent metric extraction.

The objective of this work is to compare complete deployment pipelines rather than
isolated neural forward passes; therefore, all reported latency measurements and detection
metrics reflect end-to-end behavior under default backend configurations.
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3.4. Evaluation Metrics

To comprehensively assess the performance of YOLOv8 and YOLOv9 in the task of
traffic light detection within embedded systems, a set of well-established evaluation metrics
has been defined, following the definitions and formulations presented in the literature [56].
These metrics are selected to reflect both detection accuracy and computational efficiency,
which are critical factors in real-time applications. The evaluation considers inference
time, mean Average Precision (mAP), precision–recall (PR) curves, and confusion matrices
computed across multiple Intersection over Union (IoU) thresholds. In this study, IoU
thresholds range from 0.5 to 0.9 in increments of 0.1, allowing a detailed analysis of the
detection robustness under varying localization strictness. All detection metrics (includ-
ing mAP@0.5 and mAP@0.5:0.95) were computed deterministically over the complete
evaluation dataset using fixed model weights and a single ground-truth set. Since mAP cor-
responds to a single dataset-level aggregated evaluation rather than repeated independent
trials, confidence intervals were not estimated. Obtaining statistical uncertainty estimates
for mAP would require additional resampling procedures (e.g., bootstrap over images),
which falls outside the scope of this deployment-oriented benchmarking study.

On the other hand, the inference time refers to the time elapsed between receiving
an input frame and generating the corresponding detection output. It is measured in
milliseconds (ms) and represents the computational efficiency of the model on a given
hardware platform. Lower inference times are critical for real-time deployment scenarios,
particularly in embedded systems with constrained processing resources.

3.5. Experimental Setup

The experimental setup relies on the coordinated use of several tools and platforms,
each selected for its suitability to the requirements of embedded perception systems and
real-time evaluation. For this purpose, MATLAB/Simulink (Version 24.2, R2024b; Math-
Works, Natick, MA, USA). was used in its R2024b release [57], which represents the latest
advancements in the MBE workflow for control and perception software. This environ-
ment allows engineers and researchers to model algorithms graphically, validate them via
simulation, and generate production-grade C/C++ or CUDA code for embedded ECUs
and GPUs within a unified toolchain. MATLAB/Simulink provides an ISO 26262 quali-
fication kit and tool certification support up to Automotive Safety Integrity Level (ASIL)
D for specific toolchains and usage conditions [58]. This certification applies to the tool
qualification process, not to the generated application software itself. The object detection
system evaluated in this work is a research prototype and is not safety-certified.

Robot Operating System 2 (ROS 2) Humble Hawksbill (Open Robotics, San Jose,
CA, USA) was selected as middleware for communication and synchronization between
modules, specifically the Humble Hawksbill distribution. While the original ROS [59]
introduced a master-based architecture for rapid message passing, it lacked real-time deter-
minism and Quality of Service (QoS) guarantees [60]. ROS 2 addresses these limitations by
leveraging the Data Distribution Service (DDS) standard, eliminating the central master,
and introducing features such as configurable QoS policies, multicast discovery, and secure
communication. These capabilities enable submillisecond latencies and bounded jitter
in multicore embedded systems [61], making ROS 2 a suitable middleware for real-time
applications in autonomous driving. This tool has enabled us to develop a synchronized
system capable of ensuring that no data is duplicated or lost during the evaluation.

The object detection models selected for this research are recent high-performing
architectures widely adopted in computer vision tasks. Since network training is not part of
the scope of this evaluation, the selected models were verified to share an identical training
dataset and input resolution to ensure a fair and objective comparison. Specifically, for
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the native pipeline approach, the Ultralytics-developed YOLOv8 and YOLOv9 models
were used. Ultralytics is the organization responsible for maintaining and advancing the
most recent iterations of the YOLO architecture, providing high-performance, production-
ready implementations widely adopted in the computer vision community. These models
were trained on the COCO dataset [62] with 640 × 640 input images, ensuring consistent
training conditions for a fair and objective comparison. Correspondingly, the MBE approach
employed the MATLAB-adapted versions of YOLOv8 [63] and YOLOv9 [64], trained under
the same conditions.

Regarding computing platforms, Ubuntu 22.04 [65] was used as the operating system
for development and testing on PC, while JetPack 6.2 [66] was used for the deployment
on NVIDIA embedded hardware. Two NVIDIA platforms were selected for evaluation
under realistic embedded conditions: the Jetson Orin Nano and the Jetson AGX Orin,
both of which support GPU acceleration and real-time processing capabilities required for
autonomous perception tasks [67].

For the native pipeline, Python version 3.10 was used in combination with PyTorch
2.3.0 [68] as the primary deep learning framework. This configuration ensures compatibility
with the latest YOLO implementations while leveraging the hardware acceleration features
of the underlying GPU architectures. The experimental setup was designed to validate and
compare the performance of YOLOv8 and YOLOv9 models under realistic deployment
conditions using a combination of X-in-the-Loop (XiL) strategies [69], specifically Model-
in-the-Loop (MiL) [70] and Hardware-in-the-Loop (HiL) [71]. This hybrid evaluation
approach enables both early-stage functional testing and final-stage validation on target
hardware, ensuring consistency and reliability throughout the development cycle. The
MiL stage, illustrated in Figure 3, was used to simulate and verify model behavior in a
controlled environment, while the HiL stage, illustrated in Figure 4, allowed real testing
using embedded hardware.

Figure 3. Model in the Loop scheme.

Figure 4. Hardware in the Loop scheme.
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3.6. Hardware and Software Configuration

All experiments were conducted on NVIDIA Jetson Orin Nano and Jetson AGX Orin
platforms running JetPack 6.2. Both devices were configured in MAXN/60 W power mode,
respectively, to enable maximum performance.

No manual clock locking was applied, and default dynamic frequency scaling was
preserved. The nvpmodel utility was not manually reconfigured beyond selecting the
maximum performance mode.

All measurements were performed under standard laboratory thermal conditions
after system warm-up, allowing the devices to reach steady-state operating temperature.
No active thermal management modifications or forced cooling adjustments were applied.
Therefore, reported results reflect realistic deployment behavior under sustained high-
performance operation.

In addition to the sample mean and standard deviation, 95% confidence intervals
(CIs) for the mean latency were computed as t̄ ± t0.975, n−1 s/

√
n, with n = 400 frames and

t0.975,399 ≈ 1.966. Although frames originate from a continuous sequence, the CI is reported
as an approximate uncertainty estimate for the sample mean over the evaluated sequence.

3.7. Reproducibility Checklist

To ensure transparency and facilitate independent replication of the experimen-
tal setup, a concise summary of all relevant configuration parameters is provided in
Table 2. This checklist consolidates dataset characteristics, annotation protocol, inference
settings, hardware configuration, and runtime conditions under which all measurements
were obtained.

Table 2. Reproducibility checklist table.

Category Configuration

Dataset size 400 consecutive frames

Input resolution 640 × 640 pixels

Temporal correlation Yes (continuous video sequence)

Classes 1 (traffic light)

Annotation method Manual frame-by-frame labeling

Bounding box policy Tight axis-aligned bounding box

Confidence threshold (evaluation) 0.3

NMS IoU threshold Default framework value

Evaluation IoU range 0.5–0.9 (step 0.1)

Batch size 1

Precision mode FP32

Latency measurement End-to-end (pre + inference + post)

Jetson Orin Nano power mode MAXN

Jetson AGX Orin power mode 60W

Clock locking Not applied

Dynamic frequency scaling Enabled (default)

Thermal condition Steady-state after warm-up

JetPack version 6.2

PyTorch version 2.3.0

MATLAB/Simulink version R2024b
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3.8. Latency Benchmarking Methodology

Latency was measured as end-to-end per-frame processing time, including pre-
processing, neural inference, and post-processing. The neural forward pass was not isolated
from the complete execution pipeline. All experiments were conducted with batch size
equal to 1, consistent with real-time embedded perception scenarios.

For each model and deployment configuration, latency statistics were computed over
the complete evaluation sequence of 400 frames (i.e., 400 iterations). The reported “Avg
inference time” corresponds to the arithmetic mean across all frames, and the standard
deviation reflects variability across the same 400 measurements. The maximum observed
latency and its corresponding frame index are also reported to characterize worst-case
behavior. No outlier removal or post hoc filtering was applied.

All measurements on Jetson platforms were performed after system warm-up un-
der steady-state thermal conditions, as described in Table 2. Devices were configured in
MAXN power mode, with default dynamic frequency scaling enabled and without manual
clock locking.

3.9. Model Training Configuration and Domain Considerations

The YOLOv8 and YOLOv9 models used in this study were pre-trained on the COCO
dataset and were not fine-tuned on the CARLA-generated sequence. The objective of
this work is not to optimize detection performance for a specific domain, but to compare
deployment pipelines under identical model conditions.

We acknowledge that evaluating COCO-pretrained models on a synthetic CARLA
environment introduces domain shift, which may affect absolute detection performance.
However, since all deployment approaches use the same model weights and are evaluated
on the same dataset, relative performance differences between native and code-generated
implementations remain comparable.

Therefore, reported accuracy metrics should be interpreted as deployment-level com-
parative indicators rather than as optimized domain-specific detection results.

3.10. Model Selection Rationale

YOLOv8 and YOLOv9 were selected because they represent relatively recent, high-
performance single-stage detectors widely adopted in both academic and industrial con-
texts. Additionally, MATLAB-compatible implementations were available for these model
families, enabling a fair comparison between the native pipeline and the code-generation
pipeline under identical training conditions.

Within each family, multiple size variants (e.g., n, s, m, l, x/e) were evaluated to cover
a broad range of parameter counts and computational budgets. The objective is not to
compare YOLOv8 against YOLOv9 as competing architectures, but to assess whether the
relative performance gap between the native pipeline and the code-generation pipeline
remains consistent across different model complexities.

All evaluated models share the same input resolution (640 × 640) and pre-training
dataset (COCO), ensuring comparable baseline conditions. Complexity metrics (pa-
rameter count, FLOPs, and model size) were obtained from the official Ultralytics
documentation [53,54] and are summarized in Table 3 to facilitate transparent compar-
ison across variants.
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Table 3. Model complexity summary (640 × 640 input resolution).

Model Parameters (M) FLOPs (B) Model Size (MB)

Yolov9t 2.0 7.7 4.73

Yolov9s 7.2 26.7 14.6

Yolov9m 20.1 76.8 39.0

Yolov9c 25.5 102.8 49.3

Yolov9e 58.1 192.5 112.0

Yolov8n 3.2 8.7 6.24

Yolov8s 11.2 28.6 21.5

Yolov8m 25.9 78.9 49.7

Yolov8l 43.7 165.2 83.7

Yolov8x 68.2 257.8 130.0

4. Results
This section presents the results obtained for the selected versions of YOLOv8 and

YOLOv9, differentiating them according to their implementation approach: native or code
generation pipelines in different NVIDIA hardware platforms. Performance metrics such
as inference time, mAP, precision–recall curves, and confusion matrices across different
IoU thresholds are analyzed to assess the effectiveness and efficiency of each configuration.
Acronyms such as YOLOv9s or YOLOv8l used in this analysis represent standardized
naming conventions for YOLO model sizes, where each suffix indicates the scale of the
model, ranging from lightweight to more computationally intensive versions (e.g., n for
nano, t for tiny, s for small, m for medium, l for large, x for extra large, e for extensive and c
for compact).

4.1. Detection Performance

In terms of detection performance, Figures 5–8 present the Precision–Recall curves
for each evaluated model, organized by YOLO version and implementation approach.
Referring to the native pipeline, it can be observed that this approach consistently yields
higher detection accuracy compared to the code generation pipeline. In particular, the
native pipeline of YOLOv9e achieves an average precision (mAP) of 0.602 across IoU
thresholds ranging from 0.5 to 0.9, which is a notably high value given the evaluation
scenario. Similarly, YOLOv9m reaches 0.539 mAP in its native pipeline, while the code-
generation pipeline only achieves 0.443. A comparable pattern is observed in the YOLOv8
family, where the YOLOv8m model records 0.539 mAP in the native pipeline versus 0.491
in code generation. These results reinforce the observation that native pipelines not only
preserve but also enhance detection accuracy in embedded environments.

Additionally, regardless of the implementation strategy, significant variation is ob-
served across models, suggesting that network size alone does not guarantee improved
performance. For instance, models such as YOLOv9c and YOLOv8l, despite having more
parameters than their smaller counterparts, do not necessarily yield better accuracy. This
highlights the importance of considering architectural efficiency and domain generalization
capabilities rather than model size alone when selecting neural networks for traffic light
detection in embedded systems.
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Figure 5. Precision–Recall curves of YOLOv8 code generation pipeline.

Figure 6. Precision–Recall curves of YOLOv8 native pipeline.

Figure 7. Precision–Recall curves of YOLOv9 code generation pipeline.
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Figure 8. Precision–Recall curves of YOLOv9 native pipeline.

Tables 4 and 5 present the confusion matrices obtained for each type of implementation.
These tables not only provide a detailed breakdown of classification performance across
different IoU thresholds, but also support the Precision–Recall curves discussed earlier,
due to the direct mathematical relationship between confusion matrix components and
precision–recall metrics. The TP, FP, and FN values are computed using dataset-level
aggregation. Detections are matched to ground-truth bounding boxes on a per-frame basis
using one-to-one IoU-based assignment, and the final TP, FP, and FN counts are obtained
by summing the results across all frames in the test sequence.

In our evaluation of traffic light detection using pre-trained YOLOv9 models on synthetic
data generated from the CARLA simulator, we observed that YOLOv9c performs poorly
compared to YOLOv9m, although it is a larger model. Specifically, YOLOv9c exhibits a higher
rate of false negatives and a lower number of true positives, suggesting a reduced reliability
in detecting traffic lights within this domain. These specific True Positive (TP) and False
Negative (FN) values for YOLOv9c are highlighted in bold within the tables to emphasize
the performance gap. This gap is likely attributed to a domain shift between the real-world
COCO dataset on which the models were originally trained and the synthetic environment
of CARLA. Larger models such as YOLOv9c are more prone to overfitting to the source
domain, which can result in poor generalization when applied to unseen or synthetic data
without additional fine-tuning. In particular, this issue does not arise with YOLOv9e, which
demonstrates strong performance under the same conditions. This suggests that the limitation
is model-specific rather than an inherent drawback of larger architectures.

A similar pattern is observed with the YOLOv8 models, where YOLOv8m and
YOLOv8l exhibit comparable performance despite their architectural differences. As with
YOLOv9c, YOLOv8l shows a slightly higher tendency toward false negatives, which is
also highlighted in bold in the corresponding confusion matrix, supporting the hypothesis
that increased model complexity does not necessarily translate to better generalization in
synthetic environments when domain adaptation is not applied.

Moreover, the tables also highlight in bold the models with the best performance for
each implementation strategy, YOLOv8x and YOLOv9e in native execution, and YOLOv8m
and YOLOv9s in code generation. These highlights align with the mAP results previously
discussed, further validating the observed trends in detection accuracy across different
models and deployment approaches.
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Table 4. Confusion matrix for the native pipeline YOLO models at different IoU thresholds. Boldface
indicates the model variants selected as representative configurations for subsequent analysis. Abbre-
viations: IoU, intersection over union; TP, true positives; FP, false positives; FN, false negatives.

Model
IoU = 0.5 IoU = 0.6 IoU = 0.7 IoU = 0.8 IoU = 0.9

TP FP FN TP FP FN TP FP FN TP FP FN TP FP FN

Yolov9t 125 31 129 106 50 148 102 54 152 91 65 163 14 142 240

Yolov9s 188 18 66 183 23 71 180 26 74 145 61 109 43 163 211

Yolov9m 191 5 63 187 9 67 173 23 81 143 53 111 25 171 229

Yolov9c 162 9 92 161 10 93 157 14 97 126 45 128 23 148 231

Yolov9e 213 8 41 210 11 44 200 21 54 161 60 93 27 194 227

Yolov8n 150 36 104 124 62 130 115 71 139 89 97 165 28 158 226

Yolov8s 189 18 65 183 24 71 182 25 72 123 84 131 15 192 239

Yolov8m 197 11 57 194 14 60 174 34 80 140 68 114 22 186 232

Yolov8l 196 12 58 193 15 61 184 24 70 134 74 120 16 192 238

Yolov8x 203 19 51 201 21 53 194 28 60 136 86 118 14 208 240

Table 5. Confusion matrix for the code generation pipeline YOLO models at different IoU thresh-
olds. Boldface indicates the model variants selected as representative configurations for subsequent
analysis. Abbreviations: IoU, intersection over union; TP, true positives; FP, false positives; FN,
false negatives.

Model
IoU = 0.5 IoU = 0.6 IoU = 0.7 IoU = 0.8 IoU = 0.9

TP FP FN TP FP FN TP FP FN TP FP FN TP FP FN

Yolov9t 115 43 139 103 55 151 98 60 156 61 97 193 10 148 244

Yolov9s 188 18 66 180 26 74 166 40 88 72 134 182 5 201 249

Yolov9m 189 7 65 178 18 76 159 37 95 71 125 183 6 190 248

Yolov9c 161 11 93 158 14 96 145 27 109 66 106 188 5 167 249

Yolov8n 110 0 144 110 0 144 103 7 151 79 31 175 16 94 238

Yolov8s 174 2 80 174 2 80 169 7 85 93 83 161 8 168 246

Yolov8m 189 0 65 183 6 71 168 21 86 120 69 134 21 168 233

Yolov8l 183 0 71 181 2 73 174 9 80 112 71 142 14 169 240

In addition to reporting performance across multiple IoU thresholds, Tables 6 and 7
provide mAP@0.5 (Pascal VOC standard) and mAP@0.5:0.95 (COCO-style evaluation) to
facilitate comparison with existing object-detection benchmarks.

Since the task corresponds to single-class object detection, true negatives are not ex-
plicitly reported. Frames without annotated objects are included in the evaluation; any de-
tections produced in such frames are counted as false positives. False negatives correspond
to ground-truth objects that remain unmatched after one-to-one IoU-based assignment.
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Table 6. Detection metrics for native pipeline.

Model
IoU = 0.5

mAP@0.5 mAP@0.5:0.95
P R F1

Yolov9t 0.8026 0.4961 0.6131 0.5136 0.3086

Yolov9s 0.9082 0.7402 0.8156 0.7368 0.5108

Yolov9m 0.9746 0.7559 0.8514 0.7595 0.5020

Yolov9c 0.9474 0.6378 0.7624 0.6402 0.4225

Yolov9e 0.9638 0.8386 0.8968 0.8488 0.5651

Yolov8n 0.8065 0.5906 0.6818 0.6210 0.3464

Yolov8s 0.9130 0.7441 0.8200 0.7427 0.4676

Yolov8m 0.9471 0.7756 0.8528 0.7972 0.5010

Yolov8l 0.9423 0.7717 0.8485 0.8000 0.5084

Yolov8x 0.9103 0.7992 0.8512 0.8132 0.5302

Table 7. Detection metrics for code generation pipeline.

Model
IoU = 0.5

mAP@0.5 mAP@0.5:0.95
P R F1

Yolov9t 0.7296 0.4567 0.5617 0.4641 0.2585

Yolov9s 0.9082 0.7402 0.8156 0.7368 0.4094

Yolov9m 0.9594 0.7441 0.8381 0.7474 0.4070

Yolov9c 0.9361 0.6339 0.7559 0.6358 0.3522

Yolov8n 1.0000 0.4331 0.6044 0.4331 0.2878

Yolov8s 0.9886 0.6850 0.8093 0.6840 0.4068

Yolov8m 1.0000 0.7441 0.8533 0.7441 0.4528

Yolov8l 1.0000 0.7205 0.8375 0.7205 0.4455

4.2. Computational Performance

Tables 8–11 show the inference time measurements for various YOLOv8 and YOLOv9
models executed on the NVIDIA Jetson Orin Nano and Jetson Orin AGX platforms, using
both native and code generation pipelines. As expected, these benchmarks generally reflect
scaling trends based on model size; however, several anomalies emerge, particularly in the
native pipeline on the Jetson Orin AGX.

Table 8. Inference time for native pipeline in NVIDIA Jetson Orin Nano (mean latency with 95% CI
over n = 400 frames).

Model Avg Inference Time
(ms)

95% CI Low
(ms)

95% CI High
(ms)

Max Inference Time
(ms)

Max
Time Iteration

Std Deviation
(ms)

Init Time
(ms)

Yolov9t 64.28 63.33 65.23 215.87 24 9.71 2900.27
Yolov9s 70.67 69.86 71.48 192.68 20 8.26 3063.99

Yolov9m 105.96 105.03 106.89 252.85 26 9.45 3544.03

Yolov9c 123.42 122.43 124.41 282.25 7 10.09 3869.52

Yolov9e 246.58 245.59 247.57 401.87 3 10.08 6122.36

Yolov8n 36.64 35.71 37.57 173.43 29 9.46 2573.73
Yolov8s 54.24 53.41 55.07 162.32 23 8.50 3141.68

Yolov8m 92.25 91.47 93.03 201.57 16 7.97 4243.88

Yolov8l 142.72 141.82 143.62 283.85 8 9.12 5674.63

Yolov8x 191.69 190.78 192.60 335.58 5 9.29 7558.80
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Table 9. Inference time for code generation implementation in NVIDIA Jetson Orin Nano (mean
latency with 95% CI over n = 400 frames).

Model Avg Inference Time
(ms)

95% CI Low
(ms)

95% CI High
(ms)

Max Inference Time
(ms)

Max
Time Iteration

Std Deviation
(ms)

Init Time
(ms)

Yolov9t 63.00 62.03 63.97 89.21 89 9.87 138.10
Yolov9s 149.28 145.88 152.68 213.05 85 34.57 229.44

Yolov9m 369.12 361.11 377.13 431.63 45 81.48 415.87

Yolov9c 616.23 601.42 631.04 727.17 43 150.58 513.44

Yolov8n 79.94 77.55 82.33 122.47 142 24.29 123.13
Yolov8s 197.66 193.76 201.56 233.80 42 39.71 213.77

Yolov8m 420.82 413.30 428.34 455.55 16 76.45 564.38

Yolov8l 730.50 710.59 750.41 858.67 20 202.48 689.86

Table 10. Inference time for native implementation in NVIDIA Jetson Orin AGX (mean latency with
95% CI over n = 400 frames).

Model Avg Inference Time
(ms)

95% CI Low
(ms)

95% CI High
(ms)

Max Inference Time
(ms)

Max
Time Iteration

Std Deviation
(ms)

Init Time
(ms)

Yolov9t 43.08 42.62 43.54 115.09 24 4.69 1753.63

Yolov9s 44.50 44.10 44.90 103.57 20 4.09 1853.36

Yolov9m 35.94 35.48 36.40 106.13 26 4.66 2179.28
Yolov9c 39.49 39.02 39.96 111.56 7 4.83 2334.73

Yolov9e 79.82 78.96 80.68 153.02 3 8.77 3487.42

Yolov8n 20.96 20.49 21.43 91.19 29 4.73 1629.51
Yolov8s 21.16 20.74 21.58 79.25 23 4.23 1877.52

Yolov8m 30.39 29.98 30.80 89.40 16 4.22 2306.58

Yolov8l 44.61 44.13 45.09 121.40 8 4.86 2855.56

Yolov8x 57.89 57.40 58.38 136.94 5 5.00 3817.16

Table 11. Inference time for code generation implementation in NVIDIA Jetson Orin AGX (mean
latency with 95% CI over n = 400 frames).

Model Avg Inference Time
(ms)

95% CI Low
(ms)

95% CI High
(ms)

Max Inference Time
(ms)

Max
Time Iteration

Std Deviation
(ms)

Init Time
(ms)

Yolov9t 19.94 19.53 20.35 33.59 132 4.20 78.75
Yolov9s 36.96 36.50 37.42 46.56 96 4.66 97.97

Yolov9m 77.26 76.47 78.05 93.15 74 8.07 157.32

Yolov9c 102.30 101.28 103.32 112.87 105 10.38 186.76

Yolov8n 20.71 20.16 21.26 32.28 124 5.58 62.04
Yolov8s 40.26 39.60 40.92 54.05 54 6.69 89.00

Yolov8m 84.96 83.93 85.99 98.34 129 10.52 158.90

Yolov8l 151.50 149.87 153.13 189.51 55 16.59 238.77

A particularly unexpected observation involves YOLOv9m and YOLOv9c (highlighted
in bold), which, when executed natively on the Jetson Orin AGX, achieve faster inference
times than YOLOv9t and YOLOv9s, which, due to their smaller architectural size, had
been expected to be faster. This suggests that those YOLO models may be better optimized
to take advantage of specific architectural features of the AGX platform, such as memory
bandwidth, tensor cores, or advanced scheduling mechanisms. It is plausible that their
additional layers or structural complexity align more effectively with the GPU execution
pipeline, resulting in more efficient utilization despite the increased parameter count.
A similar behavior is observed within the YOLOv8 family, where YOLOv8n and YOLOv8s
exhibit nearly identical inference times (both 21 ms) despite differences in model size and
depth, reinforcing the idea that architectural synergy with hardware can outweigh raw
model size.
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The best-performing inference times for each model and implementation strategy
are highlighted in bold within the tables, allowing for quick identification of optimal
configurations. Among these, the fastest overall model is YOLOv9t using code generation,
achieving an inference time of 19 ms. For native pipeline, the fastest models are YOLOv8n
and YOLOv8s, both at 21 ms, with YOLOv8s showing unexpectedly high efficiency despite
its larger architecture.

In contrast, the Jetson Orin Nano platform exhibits inference times that are unsuitable for
real-time applications. For example, YOLOv9t in the code-generation pipeline runs approxi-
mately 315% slower on the Orin Nano compared to the same model on the Orin AGX. Similarly,
YOLOv8n under native execution is approximately 180% slower than on the AGX platform.
These figures underline the performance gap between the two hardware configurations and the
challenges of deploying real-time detection systems on lower-end embedded devices.

Overall, these findings demonstrate that model size alone is not a reliable predictor of run-
time performance on embedded hardware. Factors such as layer composition, operator fusion,
memory access patterns, and backend-level optimizations all play a critical role in determining
execution efficiency. Therefore, empirical benchmarking remains essential when selecting and
deploying models on resource-constrained platforms such as the Jetson Orin family.

As shown in Tables 12–15, the native pipeline on Jetson Orin AGX consistently delivers
the most favorable power–latency trade-off, achieving markedly lower mean inference times at
only moderately higher average power than the Orin Nano. In particular, YOLOv8n on AGX
(native) provides the strongest overall efficiency with 1.70 FPS/W at 20.96 ms, indicating that
the additional power headroom of AGX is effectively converted into throughput. On the lower-
power device, YOLOv8n on Nano (native) remains the best option (1.84 FPS/W at 36.64 ms),
but its latency is substantially higher, reflecting tighter compute and memory constraints even
in MAXN SUPER. For larger models, Nano approaches higher average power while latency
increases sharply (e.g., YOLOv9e and YOLOv8x), which reduces energy efficiency.

Moreover, the tables show that the native implementation is systematically more power-
efficient than the code-generation pipeline on both platforms. The code-generation approach
sustains higher average power consumption while also increasing latency, most prominently
on Nano (e.g., YOLOv8l), driving the lowest efficiencies. Therefore, for energy-aware real-time
deployments, the preferred configuration is native inference with a lightweight model such as
YOLOv8n (on AGX when minimum latency is required and on Nano when the power envelope
is the primary constraint), whereas the code-generation pipeline becomes progressively less
attractive as model size grows due to compounded latency and sustained power draw.

Table 12. Power and energy-efficiency metrics for the native pipeline on NVIDIA Jetson Orin Nano
in MAXN SUPER mode.

Model Avg Inference Time
(ms) PAvg (W) Ppeak (W) Efficiency

(FPS/W)

Yolov9t 64.28 15.34 21.27 1.01
Yolov9s 70.67 15.11 21.69 0.94
Yolov9m 105.96 16.58 23.41 0.57
Yolov9c 123.42 17.06 24.08 0.47
Yolov9e 246.58 19.02 24.96 0.21
Yolov8n 36.64 14.83 20.74 1.84
Yolov8s 54.24 15.27 21.13 1.21
Yolov8m 92.25 16.04 22.39 0.68
Yolov8l 142.72 17.41 24.33 0.40
Yolov8x 191.69 18.11 24.71 0.29
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Table 13. Power and energy-efficiency metrics for the code generation pipeline on NVIDIA Jetson
Orin Nano in MAXN SUPER mode.

Model Avg Inference Time
(ms) PAvg (W) Ppeak (W) Efficiency

(FPS/W)

Yolov9t 63.00 18.24 23.62 0.87
Yolov9s 149.28 19.81 24.37 0.34
Yolov9m 369.12 21.94 24.88 0.12
Yolov9c 616.23 22.47 24.93 0.07
Yolov8n 79.94 18.63 24.05 0.67
Yolov8s 197.66 20.27 24.59 0.25
Yolov8m 420.82 21.71 24.84 0.11
Yolov8l 730.50 23.06 24.95 0.06

Table 14. Power and energy-efficiency metrics for the native pipeline on NVIDIA Jetson Orin AGX in
60 W mode.

Model Avg Inference Time
(ms) PAvg (W) Ppeak (W) Efficiency

(FPS/W)

Yolov9t 43.08 31.27 48.36 0.74
Yolov9s 44.50 31.94 47.85 0.70
Yolov9m 35.94 34.18 51.72 0.81
Yolov9c 39.49 33.62 50.41 0.75
Yolov9e 79.82 41.53 58.92 0.30
Yolov8n 20.96 28.11 43.79 1.70
Yolov8s 21.16 28.74 44.26 1.64
Yolov8m 30.39 31.88 48.97 1.03
Yolov8l 44.61 36.42 54.83 0.62
Yolov8x 57.89 38.67 56.91 0.45

Table 15. Power and energy-efficiency metrics for the code generation pipeline on NVIDIA Jetson
Orin AGX in 60 W mode.

Model Avg Inference Time
(ms) PAvg (W) Ppeak (W) Efficiency

(FPS/W)

Yolov9t 19.94 29.63 44.12 1.69
Yolov9s 36.96 31.02 46.88 0.87
Yolov9m 77.26 35.24 52.33 0.37
Yolov9c 102.30 37.18 55.61 0.26
Yolov8n 20.71 29.18 43.57 1.65
Yolov8s 40.26 31.74 47.46 0.78
Yolov8m 84.96 35.91 53.04 0.33
Yolov8l 151.50 40.76 58.44 0.16

4.3. Comparative Analysis

Figures 9 and 10 provide a visual comparative analysis that combines the metrics
discussed above, mAP, and inference time into a unified representation for each pipeline
and hardware platform. These plots clearly highlight the overall superiority of the native
pipeline over the code-generation one in terms of precision/performance trade-off. Interest-
ingly, regardless of the implementation strategy, the results confirm that achieving higher
detection accuracy generally requires more computational effort. This is particularly evi-
dent in the behavior of YOLOv8 and YOLOv9: while YOLOv8 achieves better performance
in the native pipeline, it underperforms YOLOv9 under code generation.
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Among all evaluated configurations, YOLOv8s (native pipeline) offers the best balance
between precision and computational cost, while YOLOv9e (native pipeline) stands out as
the most accurate model. Based on these findings, for the evaluated traffic-light detection
micro-benchmark, we would recommend models such as YOLOv8s, YOLOv8m, or YOLOv9m
under native execution on a high-performance platform like the Jetson Orin AGX.

The use of COCO-pretrained models without domain-specific fine-tuning may in-
troduce domain shift effects when evaluated on synthetic CARLA data. Larger models
may be more sensitive to such shifts, which could partially explain observed performance
variations across architectures.

Figure 9. mAP-Inference time for NVIDIA Jetson Orin Nano.

Figure 10. mAP-Inference time for NVIDIA Jetson Orin AGX.

4.4. Limitations

This study has faced several technical limitations that have influenced the scope
of the evaluation and the applicability of certain models within the proposed workflow.
One of the most relevant constraints has been the impossibility of evaluating the larger
YOLOv8x and YOLOv9e models in embedded environments. This limitation is the result of
a combination of factors. On the ond hand, prior tests conducted with smaller models such
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as YOLOv8l and YOLOv9c already revealed inference times that were clearly unsuitable
for real-time applications, especially when using code generation approaches. This led
to the reasonable assumption that larger models such as YOLOv8x or YOLOv9e would
perform even worse under the same conditions, thus offering limited practical value for the
intended use case. On the other hand, in the specific case of YOLOv9e, the code generation
tool used for converting the model into Simulink-compatible blocks was not capable of
handling the network due to its size and internal complexity. This restriction comes from
the third-party repository used for the integration of YOLOv9 into Simulink.

In addition to model-size constraints, the experimental design intentionally focuses on
a controlled single-class scenario (CARLA-generated sequence, fixed input resolution, and
a single object category) to isolate deployment-pipeline effects. As a result, the reported
performance gap between native and code-generation pipelines should not be interpreted
as a general robustness statement under diverse sensing conditions. In real deployments,
absolute accuracy and latency may vary substantially with camera optics and calibration,
illumination changes (day/night, glare), motion blur, sensor noise, occlusions, and multi-
class scene composition, which can also alter post-processing load (e.g., NMS behavior)
and end-to-end latency. These factors were not systematically varied in this work and are
left for future extensions of the benchmark.

Finally, since the evaluated dataset is a short controlled sequence, it does not support
statistical generalization across traffic-light designs, geographic regions, weather conditions,
or sensor configurations. The primary objective is a reproducible pipeline-level comparison
under fixed and documented conditions, rather than a comprehensive operational-design-
domain validation.

5. Conclusions
This work quantifies the current gap between automatic code generation and na-

tive pipelines for object detection inference on embedded GPU platforms. Across
YOLOv8/YOLOv9 workloads on Jetson Orin devices, the native pipeline consistently
provides a better accuracy–latency trade-off, while the evaluated code-generation pipeline
remains limited for larger models and shows poorer scaling with model complexity. To the
best of our knowledge, relatively few studies have examined these deployment paradigms
on real embedded hardware under unified and consistent evaluation criteria. These con-
clusions are restricted to the measured end-to-end pipelines and the stated experimental
configuration (single-class traffic-light micro-benchmark, fixed input resolution, batch size
1, and default pre/post-processing settings).

In this context, we benchmarked multiple YOLOv8 and YOLOv9 model variants on
Jetson Orin Nano and Jetson AGX Orin, reporting both detection-quality metrics and system-
level latency measurements on a controlled single-class scenario, built from CARLA-generated
data. The results highlight that runtime performance cannot be inferred from model size
alone, and that the interaction between model variant, backend, and target platform can lead
to non-intuitive behaviors that require further empirical validation.

From a practical perspective, our findings provide guidance for deployment decisions
in real-time perception systems. For the evaluated setting, native pipeline of mid-sized mod-
els (e.g., YOLOv9s, YOLOv8m, and YOLOv9m) on Jetson AGX Orin offer the most promis-
ing balance between detection quality and computational cost. Since no domain-specific
fine-tuning was performed, reported accuracy values reflect out-of-domain generalization
behavior rather than optimized detection performance. Importantly, absolute accuracy
and latency values should not be extrapolated to unconstrained driving conditions, where
camera optics and calibration, illumination variability, motion blur, sensor noise, occlusions,
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and multi-class scene composition can substantially change both detection difficulty and
post-processing load (e.g., NMS behavior).

Although the MATLAB/Simulink toolchain provides ISO 26262 qualification support
up to ASIL D under specific documented conditions, the perception pipeline evaluated
in this study has not undergone functional safety certification. The results presented here
correspond to a research-oriented benchmarking study and should not be interpreted as
evidence of safety compliance for end-to-end deployment.

Finally, this study should be interpreted as a controlled traffic-light detection micro-
benchmark rather than a comprehensive evaluation of full autonomous-driving or ADAS
perception stacks. Broader claims would require multi-class datasets, diverse operational
conditions (illumination, weather, sensor modalities), and validation on real-world data.
Likewise, a broader assessment of robustness would require systematic variation of sensing
conditions (e.g., optics, exposure, blur/noise) and scene complexity (e.g., multiple object
categories and clutter) under a statistically grounded experimental design.

As a natural continuation of this work, several future research directions are proposed.
First, a deeper analysis of the code generated by Simulink could offer valuable insights into
the performance limitations observed on embedded hardware. By profiling the generated
C/C++ or CUDA code, it would be possible to identify specific bottlenecks and assess the
efficiency of automatic code generation in safety-critical real-time contexts.

Second, incorporating domain-specific fine-tuning on traffic-light datasets or CARLA-
based annotations would allow us to quantify the impact of domain adaptation on detection
performance and to evaluate whether the relative performance gap between native and
code-generation pipelines persists under adapted weights. This would help distinguish
between domain-shift effects and deployment-related limitations.

Third, recent work has explored machine-centric image processing techniques that pri-
oritize information relevant for algorithmic perception rather than human visualization. For
example, Wiseman [72] proposes an FDCT-based vision processing approach that reduces
image data size while preserving features critical for robotic perception tasks. Integrating
such machine-oriented compression or preprocessing strategies into the embedded YOLO
pipeline could potentially reduce memory bandwidth usage, lower energy consumption,
and improve inference latency. Evaluating the interaction between machine-centric visual
encoding and deployment pipelines constitutes an interesting direction for future study.

Finally, extending the study to include additional neural network architectures or
further YOLO variants would broaden the comparative analysis, enabling a more com-
prehensive evaluation of model–deployment interactions. Testing the proposed method-
ology on alternative embedded platforms would further allow assessment of portabil-
ity and hardware-dependent behavior, strengthening the generality of the presented
benchmarking framework.
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