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Traffic sign (TS) detection and recognition are essential components of
advanced driver assistance systems (ADAS), contributing to safer and more
reliable driving. However, deploying deep learning—based vision models on
embedded platforms is challenging due to constraints in computational
power and energy consumption. In this work, a comparative deployment of
you only look once version 7 (YOLOv7) and YOLOv7-tiny deep learning
algorithms is conducted on embedded NVIDIA platforms, namely Jetson
Nano and Jetson Xavier NX, to evaluate their suitability for real-time TS
detection. Following the detection stage, a convolutional neural network
(CNN) is integrated to perform TS recognition, enabling a complete
detection-recognition pipeline. Experimental results show that YOLOv7-
tiny achieves higher detection precision of 97%, while providing better
speed and computational cost on resource-constrained devices, with Jetson
Nano reaching 18.8 frames per second (FPS) and, on Jetson Xavier NX
reaching 43 FPS. The integrated CNN model ensures reliable classification
of detected TS with an accuracy of 99.54%. This work highlights the trade-
offs between precision, speed, and power consumption and provides
practical guidance for selecting detection and recognition architectures for
embedded ADAS applications.
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1. INTRODUCTION

Traffic sign (TS) detection and recognition are fundamental capabilities in advanced driver
assistance systems (ADAS) and autonomous driving, enabling compliance with traffic regulations, improving
driver awareness, and enhancing road safety [1]. Our previous work [2] demonstrated the good performances
of the you only look once version 7 (YOLOvV7) network for TS detection and recognition in Moroccan road
scenes, achieving promising results in terms of precision and real time inference. However, despite advances
in deep learning based object detection, the transition from laboratory settings to real world autonomous
vehicle applications presents significant challenges [3], particularly in terms of deploying these systems on
embedded hardware with limited computational resources.
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The automotive industry requires efficient, reliable, and cost effective solutions that can operate in
real-time within the constrained environment [4] of a vehicle's onboard systems [5]. Even high-performance
graphics processing units (GPUs) can deliver impressive results in research settings [6], they are often
impractical for deployment in production vehicles due to power consumption [7], space constraints and cost.
Consequently, there is a pressing need to adapt and optimize vision models to run efficiently on resource-
constrained embedded platforms without compromising detection performance [8].

In recent years, a diverse array of embedded systems have emerged [9], each with unique
characteristics suited to different aspects of artificial intelligence (Al) implementation, particularly in terms of
frames per second (FPS), which is heavily dependent on the hardware platform used. This variability presents
significant challenges when aiming for real-time performance on edge embedded hardware. Then
comprehensive evaluation of computer vision algorithms across diverse hardware platforms is essential for
real-world deployment. Zagitov et al. [10] conducted a comprehensive evaluation of modern object detectors
on low power devices for real time object detection, including YOLO different versions, EfficientDet Lite and
Mobilenet-single shot multibox detector (SSD). Their work established that for image size 512x512 SSD
Mobilenet V2 models generally offer faster inference times compared to the other methods used, achieving 5.6
FPS using Jetson Nano, 4.5 FPS using Raspberry Pi 4B and 0.9 FPS using Raspberry 3. These results can be
further improved using recent lightweight detection algorithms. Zhu et al. [11], performance evaluations were
conducted by implementing YOLOv3 and PaddlePaddle you only look once (PPYOLO) [12] algorithms on
the Jetson Nano and Jetson Xavier NX platforms, utilizing two different input resolutions, 320x320 and
608%608. The PPYOLO algorithm demonstrated superior processing speed compared to YOLOvV3 across both
computing devices. Their findings revealed that input resolution substantially impacts processing throughput,
with reduced dimensions vyielding accelerated inference rates. Nevertheless, employing smaller input
dimensions results in diminished detection precision. Civik and Yuzgec [13] proposed a novel approach using
deep learning to detect driver fatigue in real-time on the NVIDIA Jetson Nano, despite optimizations, they
achieved only 6 FPS. Sarvajcz et al. [14], SSD-MobileNet implementations, typically achieved 8.7 FPS on the
NVIDIA Jetson Nano. Furthermore, in Luo et al. [15] the deployment of YOLOV8 into Raspberry Pi 4B
reaches 0.79 s (1.26 FPS), illustrating the significant challenge of attaining real-time performance on lower-
cost hardware. Haijoub et al. [16] deployment of YOLOV8 for detection and tracking unmanned surface
vehicles on the NVIDIA Jetson TX2 platform, achieved a 99% mean average precision (mAP) and an
operational speed of 17.99 FPS, with energy consumption of 5.61 watts. This performance approaches real-
time capabilities for many applications. Lopez-Montiel et al. [17] achieved 90 FPS on Jetson Nano and
253 FPS on Jetson Xavier AGX. While FPS is high, it’s a classifier, not a detection pipeline. However, beyond
the deployment aspect, complete detection and recognition pipelines are less frequently benchmarked end-to-
end on embedded devices, limiting practical guidance for ADAS deployment.

Building upon our previous research [2], the present paper aims to address these challenges by
focusing on the deployment of YOLOvV7 based TS detection and recognition system across two distinct
embedded platforms Jetson Nano [18] and Jetson Xavier NX from NVIDIA [19]. The Jetson Nano, with its
128-core Maxwell GPU and modest 5-10W power consumption [20], represents an accessible entry point for
low cost automotive applications, while the Xavier, featuring a more powerful Volta architecture with
dedicated Tensor cores and expanded memory bandwidth, offers enhanced capabilities for automotive
applications with power consumption range of 10-20 W [21]. These embedded Al platforms represent
different points in the performance cost spectrum for edge computing applications [22] allowing evaluation
deployment strategies across varying resource constraints. This work explores the critical balance between
detection precision, inference speed and power consumption within these different embedded platforms,
which provides practical insights for embedded deployment of TS detection systems in ADAS. In this paper,
we present several key contributions:

— Deployment of YOLOV7 and optimized YOLOv7-tiny on the proposed embedded platforms.

— Comprehensive evaluation of the system's performance in terms of FPS.

— Analysis of the model's robustness when deployed on embedded systems, considering factors such as
power consumption.

— Expansion of our recognition dataset to forty-three TS classes.

— Integration of recognition model within YOLOv7 detection model to evaluate the performance of the
whole system.

By addressing these aspects, our research aims to bridge the gap between state-of-the-art TS
detection models and their practical implementation in autonomous vehicles. The insights gained from this
study will contribute to the development of more efficient, reliable, and deployable perception systems for
next-generation intelligent transportation systems.

The remainder of this paper is organized as follows: section 2 describes method used, including
deep learning model overview, embedded system implementation, and experimental setup. Section 3 presents
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and discusses the results of our experiments, focusing on the performance and efficiency of the embedded
systems used. Finally, section 4 concludes the paper and outlines directions for future research.

2. METHOD
2.1. Deep learning algorithms overview

The YOLOV7 network architecture employs an efficient backbone denominated extended efficient
layer aggregation network (E-ELAN) [23], which enhances feature propagation and utilizes computational
resources more effectively. Its architecture consists of three main parts. First the backbone extracts essential
features from the input image using a combination of convolutional, batch normalization (BN), Leaky
rectified linear unit (ReLU) activation function (CBL) layers and multi-scale convolutional blocks (MCB)
[24]. Max pooling (MP) layers down sample feature maps, reducing spatial dimensions while retaining
important information. The final stage includes a spatial pyramid pooling cross stage partial concatenation
(SPPCSPC) module, which captures multi-scale features to enhance the model’s ability to detect objects of
different sizes. Second, the neck further processes the extracted features to strengthen spatial and semantic
information. It uses a combination of CBL layers, MCBs, and concatenation layers to fuse features from
different scales. These fused features are refined using upsampling layers, improving the detection of smaller
objects. Finally, the head generates the final predictions for object detection. It consists of multiple CBL
layers to process the fused features and produce output feature maps at different resolutions (80x80, 40x40,
and 20x20), enabling detection across multiple scales. Each output contains object classifications, bounding
box coordinates, and confidence scores.

The overall YOLOv7-tiny architecture used in this work is illustrated in Figure 1, while the detailed
internal structure of its core building blocks (MCB and SPPCSP) are shown in Figure 2. The tiny variant
significantly reduces the computational requirements, making it more suitable for real-time processing on
embedded systems.
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Figure 2. Detailed view of the YOLOvV7-tiny modules
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In the other hand, a proposed CNN sequential architecture, presented in Figure 3, was used for TS
recognition, consists of four convolutional layers, each followed by ReLU activation functions to establish
non-linearity [25]. After every two convolutional layers, a MP layer with a pool size of 2x2 reduces the
spatial dimensions while retaining important features. BN is applied after each MP layer to stabilize training
and improve convergence by normalizing the activations. The extracted features are then flattened and passed
through a dense layer with 512 units, subsequently BN is applied followed by a dropout layer to avoid
overfitting [26]. Finally, the output layer consists of 43 neurons with a SoftMax activation function,
corresponding to the 43 TS classes. This architecture effectively balances extraction and dimensionality
reduction, ensuring robust performance in TS recognition tasks.
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Figure 3. Proposed CNN sequential architecture

2.2. Traffic sign datasets

The dataset consists of 805 images, containing a total of 1,216 TS. Of these, 732 images originate
from German TS datasets GTSDB, while 73 images were collected from Moroccan roads environments [2].
TS were categorized into five groups based on color and shape, as detailed in Table 1. The distribution of
these categories is illustrated in Figure 4. Roboflow tool [27] was used to label TS datasets, subsequently,
data augmentation techniques were employed on the labeled datasets, such as: maximum zoom to 30%, blur
up to 0.5px, brightness between -35% and +35%, resulting in a final dataset of 2,403 images, split it to 85%
for training, 10% for test, and 5% for validation.

Table 1. TS categories studied

Classes Examples Description
Mandatory Blue rectangular or circular sign with a white pictogram indicating
@S @@ the required action. May have a thin white border.
Yield i Inverted triangle, white background with red border.

Prohibitory @ E @@ Circular shape, with a red border, white background, and a black

pictogram or text indicating the prohibited action.
Warning 5 Triangular shape pointing upward, with a red border, white
g background, and a black pictogram indicating a potential hazard or
= caution ahead.
cas o

Octagonal shape, with a red background, white border, and white
text indicating the word "STOP" in French or Arabic language.

Stop

For the recognition stage, the GTSRB dataset is used [28], comprising 43 TS classes, split into
39,209 training images and 12,630 test images. Figure 5 shows the numbers of samples across 43 TS classes.
Based on datasets distribution in Figures 4 and 5, certain signs, such as prohibitory and speed-limit signs,
appear far more frequently, whereas others are rarely represented. This type of imbalance is common in TS
datasets, as some signs simply occur more often on real roads. Organizing the signs by their form and color
in Table 1, as previously described, helps clarify the overall structure of the dataset despite these unequal
class frequencies.
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The detection and recognition models were trained using the parameters listed in Tables 2 and 3
respectively. The training was carried out using Google colab GPU (NVIDIA SMI, Cuda version 12 torch
2.0.1 + cull8 CUDA:0, and Tesla T4).

Distribution of Traffic Sign categories
[ ] Mandatory
9.5% I Prohibitory
15.3% | Warning
5.1% B Stop
B Yicld

18.7%

51.4%

Figure 4. Distribution of TS detection categories
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Figure 5. TS recognition classes distribution

Table 2. Training parameters for YOLOv7

Parameter Value
Epochs 160
Weight_decay ~ 0.0005
Momentum 0.937
Learning rate 0.01
Batch size 16
Image size 640x640x3
Workers 8

Table 3. Training parameters for CNN
Parameter Value
Epochs 30
Batch_size 32
Optimizers Adam
Image size 30x30x%3
Learning rate  0.001
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2.3. Embedded platforms overview

To offer a practical solution for TS detection and recognition in autonomous vehicles, the developed
system is implemented on two embedded system platforms, as illustrated in Figure 6. This figure provides an
experimental setup, showcasing the key components of our testbed. Figure 6(a) presents the experimental
testbed using the Jetson Xavier NX. It contains the Jetson Xavier NX, Figure 6(b) shows the device in close-
up, it is a high-performance Al computer designed for autonomous machines, connected to a display screen.
This screen is used to visualize the output of the TS detection and recognition system. Figure 6(c) shows the
experimental testbed utilizing the Jetson Nano, a more compact and energy-efficient Al computing platform
from NVIDIA, connected to a display screen to monitor the system's output. Both the Jetson Xavier NX and
Jetson Nano are heterogeneous computing platforms, combining CPU, GPU, and deep learning accelerators.
This architecture is particularly suited for Al applications like the TS detection system. The Xavier NX, with
its enhanced computational capabilities, is designed for more demanding Al tasks, while the Nano offers a
balance between performance and power efficiency, making it ideal for entry-level Al applications. Table 4
outlines the detailed specifications of both NVIDIA platforms used in the experiments.

(b)

Figure 6. Experimental testbed configurations; (a) testbed with Jetson Xavier NX, (b) close-up of the
NVIDIA Jetson Xavier NX module, and (c) testbed with Jetson Nano

Table 4. Embedded platforms specifications

Specifications Jetson Nano Jetson Xavier NX
GPU NVIDIA Maxwell architecture with 128 384-core NVIDIA Volta GPU with 48 Tensor Cores
NVIDIA CUDA® cores
CPU Quad-core ARM Cortex-A57 MP Core processor 6-core NVIDIA Carmel ARM v8.2 64-bit
Memory 4 GB 64-bit LPDDR4, 1600 MHz, and 25.6 GB/s 8 GB 128-bit LPDDR4x, 1600 MHz, and 51.2 GB/s
Power consumption 5-10 watts 10-20 watts
Computing performances 472 GFLOPS 21 TOPS

2.4. Implementation process

To assess the real-time capability of the proposed TS detection and recognition system, a recorded
real-world driving video is processed instead of a live camera feed. The algorithm analyzed frames
sequentially during playback, each frame is preprocessed using several preprocessing steps like resizing to
match the neural network's input requirements and normalization to standardize pixel values. The
preprocessed image is then passed through a pretrained deep learning model, YOLOvV7 for detection and
sequential CNN model for recognition running on the embedded system NVIDIA GPU, which performs TS
detection and recognition by analyzing the image features and identifying road signs. The model outputs
bounding box coordinates, class labels, and confidence scores for each detected TS. This information is then
processed by the system's post-processing algorithm, which filters detections based on confidence thresholds
and applies non-maximum suppression to eliminate redundant detections [29]. The processed results are used
to generate visual feedback by drawing bounding boxes and labels on the display screen immediately,
simulating real-time conditions. This approach ensures reproducibility and controlled testing while
demonstrating the system’s potential for real-time deployment.

Embedded deployment of traffic sign detection and recognition systems (Imane Taouqi)
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3. RESULTS AND DISCUSSION
3.1. Model training and evaluation

Both YOLOvV7 and YOLOV7 tiny were trained and evaluated on the dataset, Table 5 summarizes
their performance. Since YOLOV7 tiny achieved the highest mAP and offers lower model size, making it
more suitable for real-time deployment, a detailed analysis of its training and validation behavior is presented
in Figure 7. Specifically Figure 7(a), illustrates the progression of both training and validation losses as well
as precision, recall, and mAP metrics across epochs. The curves demonstrate steady convergence and
indicate that the model generalizes well without overfitting. Figure 7(b) presents the precision—recall curves
for all classes on the test set. The tiny YOLOv7 model achieves an overall mAP@0.5 of 90.3%, precision of
96.9% while recall of 80.2%.

This lower recall is mainly caused by small or distant TS, which produce low confidence detections
and often fail to reach the intersection over union (loU) of 0.5 threshold used. These missed detections
reduce recall, even though the model’s predictions are typically correct when it does detect a TS, these results
indicate that the detector maintains high precision at elevated recall levels across most categories, validating
its robustness for TS detection.

Table 5. Evaluation of YOLOv7-Tiny and YOLOV7 algorithm

Method Precision (%) Recall (%) mAP@0.5 (%) Model size MB)
YOLOv7+kmeans++ 88.1 79.1 85.70 74.8
Tiny YOLOv7+kmeans and augmented data 96.9 80.2 90.3 12.3
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Figure 7. YOLOv7-tiny performance visualization; (a) training and validation dynamics showing loss curves,
precision, recall, and mAP across epochs and (b) precision—recall curves for all TS categories on the test set
with overall mMAP@0.5=0.903
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3.2. Deployment results

Experimental evaluation of YOLOv7 models across experimental embedded platforms reveals
significant performance variations that highlight the trade-offs between computational power, energy
efficiency, and inference speed. Table 6 presents the FPS achieved during the deployment of detection
models on the Jetson Nano platform. The lightweight YOLOv7-tiny delivered the highest FPS,
demonstrating the substantial impact of model complexity on resource-constrained devices. However, to
accelerate inference on NVIDIA Jetson platforms, the trained YOLOv7 models were exported from PyTorch
to ONNX format and optimized using TensorRT. The optimization process is done by applying FP16
precision mode to reduce memory usage and improve speed, and building an inference engine tailored to the
Jetson hardware. Using this approach, performance improvement is achieved, reaching 18.8 FPS on the same
hardware platform, significantly improved throughput while maintaining detection precision.

Figures 8 and 9 show respectively the results of FPS rate and FPS/watt in each power mode of
Jetson Xavier NX board. From these results, a clear correlation is observed between available computational
resources and inference performance when running the different YOLOv7-tiny and YOLOv7 models.
However, for TS detection and recognition applications, power efficiency is indeed a critical consideration,
particularly for vehicle-mounted systems where power budget constraints are significant. Findings in
Figure 8 indicate that while the 20 W configurations provide the highest absolute FPS performance, they may
not be necessary for effective TS detection in many scenarios. The 15 W 6-core configuration emerges as
particularly compelling, offering nearly comparable detection performance to higher-power modes while
reducing energy consumption by 25%. This power optimization is especially important for electric vehicles
where every watt impacts range, and for embedded roadside units operating on limited power supplies. The
10 W 4-core configuration, despite offering the highest FPS/watt ratio as shown in Figure 9, falls below the
minimum performance threshold required for reliable real-time TS detection at higher vehicle speeds. This
suggests that power efficiency must be balanced against minimum performance requirements rather than
maximized at all costs. The results demonstrate that optimal deployment configurations should prioritize
sufficient performance within the most efficient power, rather than maximum performance or minimum
power consumption in isolation. This approach ensures reliable TS detection while minimizing the impact on
vehicle energy systems or infrastructure power requirements, making the technology more viable for
widespread adoption in intelligent transportation systems.

Table 6. YOLOvV7 deployment results on NVIDIA Jetson Nano

Model Model format FPS  FPS end-to-end
YOLOv7 tiny  Pytorch 9.9 9.25
YOLOv7 Pytorch 1.94 1.91
YOLOV7 tiny  TensorRT 18.8 16.61

50
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304

20 1

Frames Per Second (FPS)

10 1

Tiny YOLOvVT YOLOv7 Tiny YOLOv7+ YOLOvT+
Recognition Model Recognition Model
Tested Model

Figure 8. FPS performances of TS detection and recognition on NVIDIA Jetson Xavier NX across different
power modes
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Figure 9. FPS per watt performances of TS detection and recognition on NVIDIA Jetson Xavier NX across
different power modes

Hence, testing the recognition sequential model in TensorRT format resulted in an average
processing time of 1ms per image, demonstrating its fitting for real time TS recognition. As described in
Figure 8, when the detection and recognition models are combined, we observe only a reduction of 2 FPS,
which doesn't significantly impact the performance of the integrated system, Figure 10 shows the result of the
TS detection and recognition system tested in Morocco roads scenes.

med@ubuntu; ~/devfyolov-maln

Pkl .95 | S it

X9
i

Figure 10. TS detection and recognition applied to Moroccan road: Beni Mellal city test case

3.3. Error analysis and robustness testing
Figure 11 presents the evaluation of robustness under different environmental conditions, including
foggy weather in Figure 11(a) and low-light conditions in Figure 11(b).
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The detector maintained stable performance across these scenarios, with no significant degradation
in precision or recall, indicating strong resilience to illumination and condition changes.

Error analysis was performed on test images collected in Morocco. Representative example is
shown in Figure 11(c), where a speed limit sign of 40 km/h, not included in the recognition training classes,
was misclassified as the most visually similar existing class, such as the 60 km/h speed limit. This illustrates
a limitation in handling out-of-distribution samples. Although Moroccan images were added to improve the
detection stage, resulting in strong performance, the classification stage still struggled with certain Moroccan
specific classes. Then expanding the training recognition dataset to include further region-specific TS is
recommended to improve robustness.

©

(@)

Figure 11. Qualitative error analysis and robustness testing; (a) correct stop sign detection under foggy
conditions; (b) correct prohibitory sign detection under low light conditions; and (c) misclassification of an
unseen speed limit 40 km/h sign as speed limit 60 km/h

3.4. Comparison against state-of-the-art works

Table 7 provides a comparative analysis of the inference performance achieved by our deployed
YOLOvV7 and YOLOv7-tiny models against other models approaches deployed in same or different
embedded platforms. The experiments revealed significant performance advantages, with our proposed
algorithms consistently outperforming competing methods across both the NVIDIA Jetson Nano and Jetson
Xavier platforms. This superior performance was maintained even when using higher input resolutions,
further demonstrating the robustness of our implementation.

Table 7. Comparison against state-of-the-art works

Work Application Input frame resolution Method Embedded platform FPS
[10] Obiject detection 512x512 SSD Mobilenet V2 NVIDIA Jetson Nano 5.6
Object detection 512x512 SSD Mobilenet V2  Raspberry Pi 4B 4.5
Object detection 512x512 SSD Mobilenet V2 Raspberry Pi 3B 0.9
[11] cCocCOo 608x608 PPYOLO-tiny NVIDIA Jetson Nano 8.1
coco 608x608 PPYOLO NVIDIA Jetson Xavier NX 3.7
[16] Unmanned surface vehicles 640x640 YOLOv8 NVIDIA Jetson TX2 17.99
(ours) TS 640x640 YOLOV?7 tiny NVIDIA Jetson Nano 18.8
(ours) TS 640x640 YOLOV?7 tiny NVIDIA Jetson Xavier NX 2178

(15W/6 core Mode)

To summarize, the Jetson Xavier demonstrated substantially superior performance over the Nano
(with up to 7x improvement in FPS for YOLOv7-tiny), not merely due to raw computational power, but
because of its specialized Al acceleration architecture. Xavier's 312-core Volta GPU with dedicated Tensor
Cores is specifically optimized for the tensor operations that dominate deep learning inference, allowing it to
process the complex backbone in YOLOv7 more efficiently. Additionally, Xavier's unified memory
architecture reduces data transfer bottlenecks that particularly affect the Nano during inference. These
architectural advantages explain why power-normalized metrics (FPS/watt) show Xavier achieving greater
efficiency despite its higher absolute power consumption. Even though, for applications where moderate FPS
(~19) is acceptable, then Jetson Nano remains a cost-effective alternative.
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4. CONCLUSION

This study investigated real-time TS detection and recognition for ADAS by evaluating YOLOv7
and YOLOv7-tiny models on NVIDIA Jetson Nano and Jetson Xavier NX platforms. The results show a
clear correlation between computational resources and detection performance. The optimized YOLOV7-tiny
model achieves a strong performance and efficiency trade-off, enabling real-time inference. While the Jetson
Xavier NX is able to achieve 43 FPS in the 20 W, 6-core configuration because of its superior hardware
capabilities, the model sustained stable performance at 18.8 FPS on the resource-constrained Jetson Nano,
and demonstrating that cost-effective platforms can support real-time ADAS when paired with optimized
architectures. Future research should focus on recognition dataset expansion by incorporating TS classes
specific to Morocco to improve recognition accuracy in local contexts, conducting comprehensive testing
under diverse environmental conditions, including adverse weather and varying lighting scenarios.
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