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Abstract—Traffic sign detection and classification are essential
tasks for intelligent transportation systems and road infrastruc-
ture monitoring. However, most existing approaches rely on fully
supervised object detection models that require large annotated
datasets and often struggle with complex scenarios such as
panoramic imagery where image sizes are large.

In this work, we propose a hybrid pipeline that combines
the Segment Anything Model (SAM3) for prompt-based object
localization and YOLOv8m-cls for traffic sign classification.
Unlike traditional methods, our approach does not require task-
specific training for the detection stage, making it particularly
suitable for low-data and real-world environments. The use of
SAM enables flexible region extraction in high-resolution 360°
images. To show the relevance of our proposal, we evaluate
our method on a dataset of panoramic images in challenging
conditions such as small and distant objects, scene complexity,
and geometric distortions. Experimental results demonstrate
strong performance, achieving a mAP@0.50 of 94.03%. Thus,
this work highlights the potential of combining foundation models
with specialized classifiers to develop scalable and practical
solutions for real-world traffic sign analysis.

Index Terms—Traffic Sign Detection, Panoramic Imagery,
Segment Anything Model, YOLOv8m-cls

I. INTRODUCTION

Traffic sign detection and recognition have become crucial
tasks due to the rapid development of intelligent transporta-
tion systems and the increasing demand for road safety and
infrastructure monitoring. Deep learning has improved object
detection and image processing considerably, with Convolu-
tional Neural Networks (CNNs) being widely used for tasks
such as traffic sign recognition. Popular models include Faster
R-CNN [1], single-shot detectors like SSD [2], YOLO, and
more recent approaches like DETR [3], which achieve strong
performance in terms of accuracy and efficiency. However,
these methods usually require large annotated datasets and
are designed for standard image sizes. As a result, they are
less effective in challenging conditions such as high-resolution
panoramic images.
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Traffic sign detection in panoramic images becomes signif-
icantly more challenging, as these images are characterized
by very high resolution, geometric distortions, and the pres-
ence of small objects. Moreover, collecting and annotating
large datasets in such environments is both costly and time-
consuming, particularly for specific tasks such as French traffic
sign recognition. This lack of annotated data represents a ma-
jor obstacle for the deployment of supervised detection models
in practical applications, especially in real-world scenarios
where labeled data is limited or unavailable.

To effectively address the above challenges, we propose a
hybrid approach that combines the Segment Anything Model
(SAM3) for object localization using prompts and YOLOvV8
for traffic sign classification. The key idea is to leverage
the generalization capabilities of a foundation model to per-
form object detection without requiring task-specific training,
thereby reducing the dependency on annotated datasets. The
detected regions are then classified using a YOLOv8 model, a
well-known computer vision model, enabling accurate recog-
nition of traffic sign categories.

The main contributions of this work are as follows:

o Traffic sign detection using the well-known Segment
Anything Model, a state-of-the-art model for many com-
puter vision tasks, with tailored prompts.

o Demonstrating the ability of YOLOvS model to classify
objects detected by SAM3.

¢ An examination of several situations in which the pro-
posed approach needs to be refined, even though its
performance is already quite satisfactory.

II. RELATED WORKS

Object detection, and in particular traffic sign detection, is a
major topic in computer vision. It is generally divided into two
main categories: traditional methods and deep learning-based
approaches. Traditional methods use handcrafted features,
based on the color and shape of traffic signs. These methods
work by looking for specific colors and shapes. They use basic
tools to find edges, match patterns, or Hough transforms to
extract geometric features [4], [5]. They are effective in simple
and controlled environments, but they still have important
limitations with complex backgrounds, changes in lighting,



and occlusions. In addition, their lack of adaptability makes
them less suitable for modern traffic sign detection systems.

With the rapid development of deep learning, new ap-
proaches have been introduced and can generally be grouped
into three main categories: two-stage detectors, one-stage
detectors, and Transformer-based detectors.

A. Two-stage detectors

Two-stage detectors usually follow a simple idea. First, they
try to find possible object regions in the image. Then, these
regions are analyzed to decide what object they contain and to
adjust their position. R-CNN [1] was one of the first models
to use this idea and showed better results than earlier methods.
Later, Fast R-CNN [6] worked on the whole image only once
and then focused on regions of interest which made the process
faster. After that, the Region Proposal Network (RPN) was
introduced in Faster R-CNN [7] to generate these regions
more efficiently and made the system further faster. Mask R-
CNN [8] is a more recent model that predicts the shape of the
objects. That means it can detect and segment objects. Even if
these methods give very good results, they are usually slower
and need more computation than one-stage detectors.

B. One-stage detectors

One-stage detectors perform object localization and classi-
fication in a single forward pass, enabling efficient and real-
time detection. They can be categorized into anchor-based and
anchor-free approaches. Early anchor-based approaches, such
as YOLO [9]-[12] and SSD [13], formulate detection as a
regression problem by directly predicting bounding boxes and
class probabilities. Extensions such as DSSD [14] improve
SSD by enhancing feature representations for small object
detection, while RetinaNet [15] introduces focal loss to address
class imbalance.

Anchor-free methods aim to avoid the complexity associ-
ated with predefined anchor boxes. Keypoint-based methods,
such as CornerNet [16], detect objects by predicting paired
keypoints (e.g., top-left and bottom-right corners), while Cen-
terNet [17] improves this approach by representing objects
through their center points. Other anchor-free methods, such
as FCOS [18], perform dense pixel-wise predictions inspired
by segmentation, enabling simpler and more flexible detection
pipelines. Additionally, methods such as FSAF [19] further
enhance feature selection in anchor-free detection.

More recent developments include anchor-free variants
of YOLO, such as YOLOvV8 [20] and later versions (e.g.,
YOLOv11 and YOLOV26 [21]), which improve efficiency
and simplify the detection process. Furthermore, Transformer-
based approaches have been introduced within the one-stage
detection paradigm. DETR (Detection Transformer) [3] formu-
lates object detection as a direct set prediction problem and
eliminates the need for hand-crafted components such as an-
chor boxes and Non-Maximum Suppression (NMS). Variants
such as RT-DETR [22], TS-DETR [23], and TSD-DETR [24]
have been proposed to improve efficiency and performance,
particularly for real-time and small object detection. However,

these methods generally require large annotated datasets and
high computational resources.

C. Open-vocabulary detection

Unlike traditional supervised detectors, these methods lever-
age large-scale pretraining and vision-language models to gen-
eralize beyond predefined categories. Models such as OWL-
ViT and GroundingDINO perform object detection using tex-
tual prompts, enabling the localization of objects not seen
during training. Similarly, approaches such as LLMDet and
APE further improve open-vocabulary detection by integrating
multimodal representations and Large Language Models. In
parallel, foundation models such as the Segment Anything
Model (SAM3) [25] introduce prompt-based segmentation,
allowing object localization with minimal supervision through
points, bounding boxes, or masks. These methods provide flex-
ible and scalable solutions for object localization in scenarios
where labeled data is limited.

III. PROPOSED METHOD

In this work, we address the challenge of traffic sign detec-
tion in panoramic images under limited annotation conditions.
While classification datasets are available, annotated data for
object detection is scarce, making it difficult to train detection
models. To overcome this limitation, we propose a hybrid
approach that does not rely on large-scale detection training
data, combining a prompt-based segmentation model for object
localization with a lightweight YOLOv8-based classifier.

As illustrated in Fig. 1, the proposed method follows a
three-stage architecture. In the first stage, the input panoramic
image is processed by SAM3 using a set of predefined textual
prompts, namely “road sign” and “traffic light”, to guide
the detection process. Each prompt is applied independently,
and SAM3 generates a set of candidate regions for each
prompt in the form of bounding boxes, associated confidence
scores, and segmentation masks.In particular, using only the
prompt “road sign” does not allow SAM3 to reliably detect
traffic lights. Therefore, we added the prompt “traffic light” to
improve detection coverage, Based on these prompts, SAM3
produces candidate bounding boxes with confidence scores,
and thier segmentation masks. To reduce noise, only detections
with a confidence score above a predefined threshold are
retained. The resulting bounding boxes are then used to extract
the corresponding regions from the original image. Finally,
the extracted regions are passed to a YOLOvVS classification
model, which assigns each region to a traffic sign class.

The considered Segment Anything Model (SAM3) has
shown strong performance in recent studies, outperforming
several methods such as OWLv2, GroundingDINO, and pre-
vious versions like SAM and SAM2 [25]. It works well
on both images and videos, which is useful in real-world
applications. Another advantage of SAM3 is that it does not
require task-specific training. It can detect and segment objects
using simple prompts, which makes it suitable for situations
where labeled data is limited, as in our case. We use SAM3
in a zero-shot setting, without modifying its architecture, and
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Fig. 2. Architecture of the prompt-based detection model (SAM3).

rely on textual prompts to detect traffic-related objects. As
shown in Fig. 2, SAM3 is based on a transformer architecture
using DETR, which stands for DEtection TRansformer, as
decoder in output. It includes an image encoder to extract
visual features and a prompt encoder to process text inputs.

These features are combined and passed to a decoder that
predicts segmentation masks, bounding boxes, and confidence
scores. Since our work focuses on panoramic images, we do
not use image exemplars in SAM3 due to the large number of
classes (more than 280). Instead, we rely on a classification



model. We use YOLOvV8m-cls provided by Ultralytics. It is
based on the standard YOLOVS backbone with a classification
head for predicting the class, which allows us to recognize
traffic sign classes under different conditions, as each class
is represented by multiple images captured from different
angles, under varying lighting conditions, and in both clear and
challenging situations such as rain or blur. This is particularly
important, as traffic signs can appear under different conditions
from one image to another.

IV. EXPERIMENTAL SETUP
A. Datasets

This study focuses on the detection and classification of
French road signs. To achieve this objective, we rely on a
dataset specifically tailored to the French traffic sign system.
The primary dataset used in this work is France road signs
classification dataset, publicly available on Hugging Face [26].
This dataset contains 67567 annotated instances of road signs
extracted from street-level imagery provided by Panoramax.
The data covers a wide range of real-world conditions, in-
cluding different weather situations and daytime scenarios.
It is composed of 258 classes, all labeled according to the
official French traffic sign catalogue. However, despite its
richness, certain classes in this dataset are underrepresented or
missing. To address this limitation and improve class balance,
we augmented our dataset with additional images sourced from
the French Traffic Sign Classification Dataset (FTSC) [27].
This complementary dataset also contains French traffic signs
captured under diverse environmental conditions and annotated
following the same labeling standard. By combining these
two datasets, we obtain a more comprehensive and balanced
dataset, enhancing the model’s ability to generalize across
different classes and real-world scenarios. The final dataset
therefore includes a diverse set of French road signs with
variations in lighting, weather, scale, and perspective, making
it suitable for robust detection and classification tasks.

After merging the two datasets, data augmentation was
applied to reduce class imbalance. Classes with fewer samples
were augmented until reaching a target of 500 images per
class, for a total of 140,755 images across 280 classes. This
procedure generated synthetic variations of existing samples
using only moderate transformations in order to preserve the
semantic content of the traffic signs. The applied transfor-
mations are summarized in Table I. They include: random
small-angle rotations in the range of £20°, mild perspective
transformations, photometric adjustments such as brightness,
contrast, color, and sharpness modifications, light Gaussian
blur and salt-and-pepper noise. These transformations were
designed to simulate realistic variations observed in road
scenes, which helps the model generalize better to real-world
driving conditions.

B. Test dataset

To evaluate the proposed model, a test dataset consisting of
420 manually annotated panoramic images from France was
used. These images are 360 degree panoramas with a high

resolution of 5760 x 2880 pixels, providing detailed visual
information suitable for both detection and classification tasks.

The dataset includes 116 traffic sign classes. This number is
lower than in the training set due to the rarity of certain traffic
sign categories, which are difficult to capture in real-world
environments. Nevertheless, these rare classes are included in
the training dataset to ensure better model generalization.

C. System configuration and parameters

The system configuration used for the experiments is sum-
marized in Table II. For the SAM3 stage, the prompts “road
sign” and “traffic light” were used. Images are processed
by SAM3 at their original resolution and are internally re-
sized to a default resolution of approximately 1008 x 1008
during processing. The resulting crops are directly passed to
YOLOv8m-cls, which automatically resizes them to 224 x
224. For classification, we fine-tuned YOLOv8m-cls model
from Ultralytics, with an input resolution of 224 x 224, a batch
size of 64, and 300 training epochs. Training was performed
using 8 workers on a single GPU. The minimum classification
confidence threshold was fixed at 0.60 to filter out low-
confidence predictions. The YOLOv11m-cls model was also
trained and tested using the same parameters and environment
as YOLOv8m-cls, to ensure a fair comparison between the
two classification models within the proposed pipeline.

V. RESULTS AND DISCUSSION

The proposed model is evaluated on the test dataset to assess
its performance using Precision, Recall, Fl-score, and mean
Average Precision at an IoU threshold of 0.5 (mAP@50).
Precision and Recall measure the accuracy and completeness
of the predictions, while the Fl-score provides a balance
between them. The mAP@50 metric evaluates detection per-
formance based on the overlap between predicted and ground-
truth bounding boxes.

Table III shows the quantitative results of the proposed
pipeline. The SAM3 model, which is used only for traffic sign
detection, achieves a very high Recall (99.90%), meaning that
almost all traffic signs are detected. However, it also produces
many false positives (FP = 225), which reduces the Precision
(81.12%). The AP@0.50 value of 90.60% reflects its detection
capability. Since both detection and classification are required,
we combine SAM3 with classification models YOLOv8m-
cls and YOLOvllm-cls. The combination of SAM3 with
YOLOv8m-cls gives the best results, with a Precision of
92.45%, Recall of 96.07%, and an F1-score of 94.22%. The
number of false positives is greatly reduced (from 225 to
76), showing that the classifier effectively removes incorrect
detections. The Recall slightly decreases (from 99.90% to
96.07%), because some correct detections are rejected when
the predicted class is incorrect or when the confidence is below
the threshold (0.6). The mAP@0.50 value of 94.03% confirms
the good performance of the full pipeline. In comparison, the
SAM3 + YOLOv11m-cls model performs worse, with lower
Precision (83.69%), Recall (89.05%), F1-score (86.29%), and
mAP@0.50 (87.38%). This indicates that YOLOvI11m-cls is



TABLE I
SUMMARY OF DATA AUGMENTATION TECHNIQUES APPLIED TO UNDERREPRESENTED CLASSES

Category Transformation Parameters / Range Probability
Geometric Rotation Angle € [—20°, +20°] 0.9
Perspective transform | Max shift = 6% of width/height | 0.4
Photometric Brightness Factor € [0.75,1.25 0.9
Contrast Factor € [0.75,1.30 0.9
Color Factor € [0.75,1.25 0.6
Sharpness Factor € [0.5,1.6] 0.3
Image Degradation | Gaussian blur Radius € [0.2,1.0] 0.25
Salt & pepper noise Noise ratio € [0.002, 0.01] 0.25

Fig. 3. Examples of detection and classification results in some challenging panoramic scenes.

TABLE IT
EXPERIMENTAL ENVIRONMENT CONFIGURATION

Component Specification

CPU Intel Xeon Gold 6252 (2.10 GHz), 96 cores
GPU NVIDIA A100-PCIE

VRAM 40 GB

RAM 503 GB

Operating System | Rocky Linux 8.5

Python Version 39

PyTorch Version 24.1

CUDA Version CUDA 12.4

less suitable for this task or dataset. The two pipeline config-
urations have similar inference times. SAM3 + YOLOv8m-
cls takes 0.29 seconds per image, and SAM3 + YOLOv11m-
cls takes 0.30 seconds. while SAM3 alone takes about 0.28
seconds per image. This shows that adding the classification
stage only slightly increases the computation time. Overall, the

proposed method provides a good balance between detection
and classification performance and computational efficiency,
especially in low-data scenarios. While SAM3 alone is effec-
tive for detection, adding a classification stage is essential for
traffic sign classification and recognition.

The objective of this study is to address low-data scenarios,
where detection annotations are limited or unavailable. The
proposed method is not designed to compete with fully su-
pervised detectors. Instead, it shows that combining a prompt-
based model (SAM3) with a classification model (YOLOvS-
cls) can give good results on panoramic images without
training a detector.

Figure 3 presents qualitative examples of the proposed
method in challenging panoramic scenes. The results show
that the method is able to detect and classify small and
distant traffic signs, as illustrated in Fig. 3(d). The classifier
(YOLOv8m-cls) also provides correct predictions for several
small detected regions, which confirms its robustness under



TABLE III
COMPARISON OF SAM3 COMBINED WITH YOLOV8M-CLS AND YOLOV11M-CLS

Method pipeline Outcomes confusion matrix Evaluation metrics Time
Detection  Classification TP Fp FN  Precision Recall Fl-score Score (s/img)
SAM3 967 225 1 0.8112 0.9990 0.8954 AP@0.50 (0.9060) 0.2840
SAM3 YOLOv8m-cls 930 76 38 0.9245 0.9607 0.9422 mAP@0.50 (0.9403) 0.2974
SAM3 YOLOllm-cls 862 168 106 0.8369 0.8905 0.8629 mAP@0.50 (0.8738)  0.3000

difficult conditions. However, some limitations can also be
observed. In certain cases, two nearby traffic signs with similar
shapes may be grouped and detected as a single object, espe-
cially when they are small and far from the camera, as shown
in Fig. 3(a). In contrast, when the signs are clearer and more
distinguishable, the method is able to detect them separately,
as illustrated in Fig. 3(b). In addition, shape diversity appears
to help the detection stage: when adjacent traffic signs have
different shapes, they are more likely to be detected as distinct
objects, even when they are relatively small, as shown in
Fig. 3(c). Furthermore, the method is prone to false positives
in some situations. As shown in Fig. 3(f), the model correctly
detects a real traffic sign; however, this sign does not belong
to any of the classes included in the training dataset. As
a result, the classifier assigns it to the most similar known
class. Similarly, in Fig. 3(e), a non-traffic object (commercial
sign or logo) is incorrectly detected and classified as a traffic
sign due to visual similarity. These observations highlight
the limitations of the model in handling unseen classes and
visually similar non-traffic objects.

VI. CONCLUSION

This paper introduces a hybrid approach for French traffic
sign detection and classification in panoramic images by com-
bining SAM3 with a YOLOVS based classification model. This
method does not require training for detection, which makes it
suitable when annotated data is limited. The results show that
the model performs well across different evaluation metrics,
even in challenging conditions like small traffic signs. The
results indicate that combining a prompt-based segmentation
model with a classification model works well in this situation.
However, there are still some limitations especially when
dealing with very small or partially occluded traffic signs.
Future work will focus on improving detection in these cases,
for example by fine-tuning SAM3. Overall, the approach gives
reliable results for traffic sign recognition without requiring
large annotated datasets, which makes it suitable for real-world
applications.
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