Research on Deep Learning-Based Methods for Matching Traffic Sign Images with Textual Captions

ECT]

=——=Association

379

ECTI Transactions on Computer and Information Technology
Journal homepage: https://ph01.tci-thaijo.org/index.php/ecticit/
Published by the ECTI Association, Thailand, ISSN: 2286-9131

Research on Deep Learning-Based Methods for Matching
Traffic Sign Images with Textual Captions

Ning Wang! and Jian Qu?

ABSTRACT
Intelligent transportation systems face challenges in matching traffic sign
images with natural language descriptions, particularly in modal hetero-
geneity and fine-grained semantic alignment. This issue is crucial for accu-
rately understanding the traffic environment and safety decision-making in
autonomous driving, carrying significant application value. Most existing
methods are based on classification or template matching and lack deep
semantic modelling between images and texts, making it difficult to adapt
to real-world complex scenarios. To address this, this paper proposes a
deep learning-based image-text matching method that automatically ex-
tracts directory structures to generate fine-grained labels, and introduces
InfoNCE contrastive loss based on intra-batch negative samples to achieve
cross-modal learning. Pré-trained ResNeXt50 32x4d and DistilBERT are
employed as image and text encoders, which are uniformly mapped to a
shared embedding space. Experimental results demonstrate that the pro-
posed method outperforms existing methods regarding Recall@1, mean
Average Precision (mAP), and Mean Reciprocal Rank (MRR), showcasing
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stronger semantic alignment capability and application potential.
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1. INTRODUCTION
1.1 Research Background

Traffic signs are key information in road traffic
management and autonomous driving systems, and
a correct knowledge of traffic signs can effectively
ensure road safety and intelligent decision-making.
With the rapid development of autonomous driving
technology, accurate recognition and understanding
of traffic signs are becoming increasingly important
[1]. However, in complex traffic scenarios, existing
studies only identify the categories of signs, and the
text description of traffic conditions accounts for the
environment. Still, there is no specific description
of traffic signs, which means it does not meet ac-
tual needs, so we need to understand the particular
meaning and indication content of the signs. On the
night of 29 March 2025, a traffic accident caused so-
cial concern, demonstrating the importance of this
issue. Three university students drove a Xiaomi SU7
from Hubei to Anhui Province and suffered a seri-

ous traffic accident on the Zongyang-Qimen section
of the Deshang Expressway. At that time, the vehi-
cle was in NOA intelligent driving assistance mode,
and the speed was 116 kilometres per hour. Due to
road construction, a guardrail blocked the lane, forc-
ing cars the oncoming lane. According to the news
report, the system issued an early warning after de-
tecting an obstacle. It began to slow down, the driver
immediately took over the vehicle, switched to man-
ual mode, further slowed down, adjusted the direc-
tion. However, due to the issue of takeover time and
the lack of understanding of the road conditions, the
vehicle still collided with the concrete column on the
guardrail. The accident illustrates the urgent need for
interpretable road signs and traffic status descriptions
in autonomous driving. Traditional traffic sign recog-
nition methods mainly focus on single-modal image
classification. Still, in practical applications, combin-
ing information such as text interpretation of signs is
often necessary to assist drivers in the real-time un-
derstanding of road conditions and reasonable, intel-
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ligent decision-making. Cross-modal matching aims
to map images and text to a shared feature space
for efficient retrieval and matching [2]. Although the
progress of contrastive learning and dual-stream net-
work architecture has promoted the development of
this field, how to effectively use fine-grained category
information in complex traffic scenarios is still an ur-
gent problem to be solved [3].

1.2 Research Motivation and Issues

Currently, most recognition and text-matching
methods often have category labels with manual an-
notation, leading to high annotation costs and lim-
ited category granularity [4]. However, subtle differ-
ences between traffic signs can significantly impact
driving decisions, so detailed classification and de-
scription are significant. In this study, the data were
first manually classified. Then, fine-grained category
labels were automatically generated by extracting the
hierarchical structure information of traffic sign fold-
ers to reduce the cost of labelling and improve the
meticulousness and accuracy of categories. At the
same time, in cross-modal matching, how to effec-
tively construct negative sample pairs and address
the issue of overly simple positive sample matching
in the same batch is another critical challenge [5].
Traditional methods often rely on hand-designed neg-
ative sample selection strategies or large amounts of
pre-labeled data. To solve this problem, an InfoNCE
loss function based on intra-batch negative samples
was introduced, using all unmatched sample pairs in
the same batch as negative samples. This method
enhances the model’s discriminative ability and gen-
eralisation performance [6].

1.3 Contributions

The main contributions of this study are:

We propose a method to automatically generate
fine-grained category labels by parsing the directory
structure of datasets. This method can extract image
categories and associate them with the corresponding
text descriptions, improving the category granularity
and effectively reducing manual annotation costs.

After collecting image data from our model car, we
created a new set of multimodal traffic sign datasets
with 15,200 images and 30,400 text descriptions. For
each image, we generated two sets of text descrip-
tions.

We designed a cross-modal matching model based
on contrastive learning. The model uses pre-trained
Resnext50-32x4d as the image encoder and Distil-
BERT as the text encoder.It introduces the InfoNCE
loss based on intra-batch negative samples, effectively
improves its discrimination ability.

Experiments are carried out on the constructed
traffic sign dataset, and the proposed method is supe-
rior to other existing model combinations in terms of

Recall@K, MRR, and mAP. In addition, the model’s
internal mechanism and performance characteristics
were further demonstrated through visual analysis.

2. RELATED WORK

2.1 Improved Traffic Sign Recognition and
Image-Text Matching

In recent years, traffic sign recognition has made
significant progress. Liang et al. achieved high-
precision sign detection based on improved YOLOvV5,
but their method was limited to image recognition
and did not involve alignment and matching with text
semantics [7]. In addition, existing research also has
deficiencies at the data level. Mainstream data sets
like GTSRB and TT100K have limited coverage cate-
gories and lack multimodal semantic annotations [8].
In addition, image description technology has been
used to describe the collected road scenes in natu-
ral language to assist the system in understanding
the environment. However, existing research focuses
on driving behavior and the overall scene, lacking a
dedicated description of details such as road condi-
tions, obstacles, and traffic signs [9]. For example,
Wei Li et al. proposed a traffic scene understanding
method based on image description in 2020, generat-
ing driving suggestions and strategies through image
description and using image description technology
to develop a natural language description of traffic
scenes to assist advanced driver assistance systems
(ADAS) in making decisions under special traffic con-
ditions [10]. However, this experiment mainly focuses
on the description of driving behavior and the over-
all scene. It lacks a detailed description of specific
road conditions and traffic signs, so there are still de-
ficiencies in the dedicated description of specific road
conditions, obstacles, and traffic signs in autonomous
driving [11].

To this end, this paper constructs a new, compre-
hensive, multi-angle feature-based image-text match-
ing traffic sign dataset that specifically targets road
conditions and the presence of obstacles and focuses
on traffic signs. It also proposes an image-text match-
ing model that combines ResNeXt50_32x4d and Dis-
tiIBERT and introduces InfoNCE contrastive learn-
ing loss to solve these problems [12].

2.2 Fine-Grained Understanding and Efficient
Annotation

In terms of fine-grained semantic understanding,
traditional methods, such as the GTSRB dataset,
only rely on simple category labels and do not have
the ability to delve deeply into the attributes of the
traffic sign (such as location, shape, colour, etc.), re-
sulting in the limited capacity of the model to under-
stand complex scenes [13]. Regarding annotation effi-
ciency, traditional methods often rely on manual an-
notation of the marks in the images one by one, espe-
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1, 190 road traffic signs were collected from the 2. Itis divided into eight basic situations, depending on the road conditions,
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Fig.1: Image data collection flow chart.

cially in the construction of large-scale datasets; the
annotation process is cumbersome, time-consuming,
and prone to errors. For example, the TT100K
dataset relies on manual labelling of the category and
location of each mark, and the labelling process lacks
standardisation, which can lead to inaccuracies and
inconsistencies. In addition to the manual annota-
tion of each piece of data, it is also necessary to col-
lect and organise it, and even a complete check is
required to prevent errors. Therefore, the traditional
traffic sign recognition methods have shortcomings
in fine-grained semantic understanding and labelling
efficiency [14]. To address these issues, this paper
constructs a hierarchical label system to accurately
describe multiple attributes of signs, improving traf-
fic signs’ recognition accuracy in complex scenes. At
the same time, an automatic labelling method based
on directory structure is proposed, which enhances la-
belling efficiency, reduces labour costs, and improves

the accuracy and consistency of labelling to a certain
extent by automatically generating labelling informa-
tion.

2.3 Contrastive Learning and the InfoNCE
Loss

Contrastive learning is a self-supervised learning
method that learns discriminative feature represen-
tations by pulling pairs of positive samples closer
and negative samples farther away. In the cross-
modal learning task, contrastive learning provides an
effective framework for semantic information align-
ment between different modalities [15]. The InfoNCE
(Noise Comparative Estimation Based on Mutual In-
formation) loss function is a commonly used form of
contrastive learning, which was first proposed by van
den Oord et al. in Contrastive Predictive Coding
(CPC). The mathematical expression is as follows:
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"<sign_color> is displayed",

sign_content:

"<sign_content> is seen"

templates:
{obstacle}.”,

{obstacle}.",

{obstacle} is also observed."

"<sign_color> markings of signs are not present"

"there is <sign_content> displayed on the roadside",
"<sign_content> is available to guide vehicles",

1
i |
o , ) ‘ P
1| road_type: 'l ["a straight road", "a linear road", "a direct roadway"], .
. ‘T': ["a T-shaped road", "a T-junction", "a T-style intersection"] Pt
1
[ .
i i side: 'L'": ['on the left side", "placed on the left side", "installed on the left side"], i !
P ‘R": ["on the right side", "placed on the right side", "installed on the right side"] .
1
1 I | 1
H i obstacle: 'Y": ["there is a barrier in the middle", "an obstacle is set in the center”, "a roadblock is present"], i E
! ! ‘N ["no barrier is in the middle", "there is no obstacle in the center”, "no roadblock is placed"] b
1
[ [
! | sign_name: "<traffic sign_name> is present’, i i
o "<traffic “sign_name> can be observed", P
[ "there is <traffic _sign_name>", b
[ "<traffic _sign_name> is installed" —
1 | i 1
i | sign_shape: "<sign_shape> is visible", .
P "there is <sign_shape> form", b
Yo "<sign_shape> is absent" b
b - P
i i sign_color: "<sign_color> pattern indicating signage’, i i
. [
1 ! 1 1
1 ! 1 1
[ o
1 I I 1
1 I | 1
1 ! 1 1
1 ! 1 1
[ o
b P

"On {road_type}, {side}, {sign_shape} is found. {sign_name} {sign_color}, and {sign_content}. Meanwhile,
"Here is {road_type}, and {side}, there is {sign_shape}; {sign_name} with {sign_color}, and {sign_content}. Also,

"This is {road_type}, with no traffic sign {side}. Thus, {sign_content}, and {obstacle}.",
"On {road_type}, {side} lacks signage; {sign_content}. Meanwhile, {obstacle}.",

"Driving along {road_type}, you'll notice that {side} has {sign_shape}; indeed, {sign_name}, and {sign_content}.

Fig.2: Text data creation logic flow chart.
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Where f(x,y) is the similarity score between pairs
of samples (x,y), T is the temperature parameter that
controls the smoothness of the similarity distribution,
and Y is the set containing one positive sample and
multiple negative samples.

InfoNCE loss usually occurs in image-matching
tasks in both image-to-text and text-to-image direc-
tions. For a batch of size N, each image and its cor-
responding text form a positive sample pair and a
negative sample pair with the remaining N-1 texts.
Similarly, each piece of text and its corresponding
image are positive samples, and the rest are nega-
tive. This intra-batch negative sample construction
strategy utilizes all unmatched image-text pairs in the
batch as negative samples, avoiding additional nega-
tive sample sampling steps.

The temperature parameter 7 plays a key role in
training, determining how “sharp” the similarity dis-
tribution is — a smaller 7 makes the model more fo-

cused on complex negative samples, and a larger 7
makes the distribution smoother.

Tablel

3. MATERIALS AND METHODS
3.1 Datasets and Experimental Setup

3.1.1 Dataset Construction

In this study, we used images of traffic signs cap-
tured by the Jetson Nano car. Our dataset consists
of 15,200 traffic sign images, each with two different
text descriptions, making up a dataset of 30,400 pairs
of graphic samples. In the process of data collection,
the Jetson Nano car collects data from far and near in
two road environments, as well as road signs placed in
different positions, and whether there are roadblocks,
to ensure that. Image. The data is different. At
the same time, the dataset directory structure is de-
signed, which plays an essential role in encoding fine-
grained category information. The leading directory
is different street sign types, and each leading cate-
gory directory contains multiple subdirectories that



Research on Deep Learning-Based Methods for Matching Traffic Sign Images with Textual Captions 383

Table 1: Details of the data sample with the ID type “055ILN”.

captions

"The 'U-turn prohibited' sign, a round sign and featuring a red border on white, is positioned on the
left side of a straight road, signifying that it forbids vehicles from making a U-turn. In addition, there
is no roadblock."

"You observe a round sign, the "U-turn prohibited' sign featuring a red border on white, located on
the left side of a direct roadway; it clarifies that the center shows a U-shaped arrow crossed out by a
slash, and no roadblock is placed."

"You observe a circular sign named No U-turn' featuring a red border on white, installed on the left
side of a direct roadway, it clarifies that it forbids vehicles from making a U-turn, and no roadblock
is placed.",

"Observing a straight road from installed the left side, one finds a round sign named '"No U-turn' with
a red ring and white background that denotes the center shows a U-shaped arrow crossed out by a
slash. Plus, there is no obstacle in the center."

"Observing a straight road from the left side, one finds a round sign, the 'U-turn prohibited' sign with
a red ring and white background that denotes the center shows a U-shaped arrow crossed out by a
slash. Plus, no barrier is in the middle."

"On a straight road, placed on the left side, you can see a round sign named 'No U-turn' with a red
ring and white background, indicating that the center shows a U-shaped arrow crossed out by a slash.
Meanwhile, there is no obstacle in the center."

"Here is a straight road, and on the left side stands a round sign, the "U-turn prohibited' sign with a
red ring and white background. Notably, it forbids vehicles from making a U-turn, and no roadblock
is placed."

"The "U-turn prohibited' sign, a round sign with a red ring and white background, is positioned on the
left side of a straight road, signifying that it forbids vehicles from making a U-turn. In addition, no
barrier is in the middle."

"A round sign, the 'U-turn prohibited' sign featuring a red border on white; is installed on the left side
on a direct roadway. it conveys that vehicles are forbidden from making a U-turn, with no roadblock
is placed in place."

"The sign named 'No U-turn' is a circular sign with a red ring and white background installed on the
left side of a direct roadway, meaning the center shows a U-shaped arrow crossed out by a slash.
Also, no roadblock is placed.”

"Observing a straight road from installed on the left side, one finds a circular sign, the 'U-turn
prohibited' sign featuring a red border on white that denotes it forbids vehicles from making a U-turn.
Plus, no roadblock is placed."

"The 'U-turn prohibited' sign, a round sign featuring a red border on white, is positioned on the left
side of a direct roadway, signifying that it forbids vehicles from making a U-turn. In addition, no
roadblock is placed."

"On a straight road, placed on the left side, you can see a circular sign named No U-turn' featuring a
red border on white, indicating that it forbids vehicles from making a U-turn. Meanwhile, no
roadblock is placed."

"Set on the left side of a linear road is a round sign, the sign named No U-turn' with a red ring and
white background; it conveys that the center shows a U-shaped arrow crossed out by a slash, with no
barrier in the middle."

"On a direct roadway, on the left side, you can see a circular sign named 'No U-turn' with a red ring
and white background, indicating that it forbids vehicles from making a U-turn. Meanwhile, no
barrier is in the middle."

"A round sign named 'No U-turn' featuring a red border on white is found placed on the left side of a
straight road, declaring it forbids vehicles from making a U-turn. Moreover, there is no obstacle in
the center."

"On a straight road, installed on the left side, you can see a circular sign named 'No U-turn' with a
red ring and white background, indicating that the center shows a U-shaped arrow crossed out by a
slash. Meanwhile, there is no obstacle in the center."

" A round sign, named ' No U-turn ', is installed on the left side of a direct roadway. The sign has a
red ring and white background; it conveys that there is a U-shaped arrow crossed out by a slash, with
no obstacle in the center. "
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Fig.3: Traffic sign information retrieval model flow chart.

identify specific traffic sign attributes. For example,
in the case of a straight road and a T-shaped road, the
street sign is either on the left or right side of the road,
either with a roadblock in front of the road or with-
out a roadblock. This hierarchical structure allows us
to extract fine-grained category labels automatically
without additional manual annotation. The text de-
scription is written according to the traffic laws and
standards on the professional platform.

Each image has two different descriptions to en-
hance linguistic diversity.

The description includes details such as the shape,
colour, position, meaning, and application of the traf-
fic signs. Through the interlacing of these details, as
well as the reorganisation of the semantics of the lan-
guage, each text is different, and all text data is stored
in JSON format.

3.1.2 Experimental Environment Configuration

The experiments were conducted on a workstation
equipped with an NVIDIA A100 GPU and running
Linux. The software environment included Python,
PyTorch, Transformers, and Timm libraries.

The evaluation metrics are as follows:

e Recall@K (K = 1, 5, 10): the probability of the
correct match being found among the top K re-
trieval results.

e Mean Average Precision (mAP): assesses the
overall precision and recall of the retrieval re-
sults.

e Mean Reciprocal Rank (MRR): evaluates the
rank position of the correct match in the sorted
results.



Research on Deep Learning-Based Methods for Matching Traffic Sign Images with Textual Captions 385

3.2 Model Design
3.2.1 Overall Architecture

The proposed matching model of traffic sign image
and text description adopts a dual-stream network
architecture, which is mainly composed of two core
components: image encoder and text encoder. Image
Encoder: Responsible for extracting high-level visual
features from traffic sign images. Text Encoder: Re-
sponsible for extracting deep semantic features from
the text descriptions of traffic signs. The outputs
of the two encoders (i.e., image embedding and text
embedding) are first mapped to a shared multimodal
embedding space () via their own independent linear
projection layers. After projection, these embedding
vectors are Layer Normalized and then L2 normal-
ized to ensure that the length of each eigenvector is
in units. This normalization process facilitates the
subsequent use of Euclidean distance for an effective
similarity measure. The training goal of the model
is to make the feature representations of matching
image-text pairs as close as possible in a shared em-
bedding space, while the feature representations of
unmatched image-text pairs are as far away as possi-
ble.

3.2.2 Image Feature Extraction

Three pre-trained image models were introduced
to evaluate the performance of different backbone
networks. After removing the classification head, the
2048-dimensional (the first two) or 1792-dimensional
(latter) eigenvectors were extracted from them, and
the unified dimensions were mapped into a unified
dimension by linear layers. After that, layer, L2 nor-
malization were carried out to obtain the final image
embedding.

3.2.3 Text Feature Extraction

The text encoding part adopts three mainstream
Transformer language models: BERT, RoBERTa,
and DistilBERT. The hidden state of the [CLS] mark
is used as the representation of the whole sentence
(768 dimensions), and the text embedding of a uni-
fied dimension is generated through linear mapping,
layer normalization and L2 normalization consistent

with the image processing process.

3.2.4 Loss Function Design

The model was trained using a Contrastive Loss
function based on Euclidean distance, combined with
the In-batch Negative Sampling strategy, to effec-
tively improve the ability to match images and
text. Specifically, for each training batch of size
B, the image encoder and the text encoder out-
put L2 normalised embedding vectors (dimensions
BxD), respectively, which were used to construct the
FEuclidean distance matrix between the image and
text. For matching image-text pairs (positive sam-
ple pairs), the loss function closes their position in
the embedded space by minimizing their squared dis-
tance. On the other hand, for unmatched pairs of im-
ages (negative sample pairs), if their distance is less
than the preset marginal value margin (the default
setting is 1.0), there will be an additional penalty
loss that pushes them away from the minimum mar-
gin. The loss function is optimised by simultaneously
using all positive and negative sample pairs in each
batch so that the model can efficiently learn a multi-
modal embedding space with intense discrimination
and accurate matching.

Table6

4. EXPERIMENTAL RESULTS AND DIS-
CUSSION

4.1 Batch Negative Sampling Significantly
Improves Retrieval Performance

As shown in the table, in the experiment with the
batch size set to 32 and 80 rounds of training, the
In-Batch Negative Sampling strategy is significantly
better than the Random Negative Sampling. The re-
trieval performance of almost all model combinations
has been dramatically improved, and R@1 has gener-
ally jumped from dozens or even single digits to more
than 90%.

4.2 Comparison of Different Encoder Combi-
nations

Based on the average performance of batch sizes
32 and 64, we comprehensively compare nine text-to-

Table 2: Retrieval Performance of Different Model Combinations under Sampling Strategies.

(Batch Size = 32, Epoch = 80) Random Negative Sampling In Batch Negative Sampling
Text Tmage R@1 | R@5 | R@10 | MRR | MAP | R@l | R@5 | R@10 | MRR | MAP
Distilbert Resnet50 21.69 | 88.49 | 99.60 | 46.82 | 46.81 | 92.82 | 99.87 | 99.87 | 96.35 | 96.35
RoBerta Resnet50 0.2 1.12 2.31 1.52 1.52 | 46.49 | 99.87 | 99.87 | 71.78 | 71.78
Bert Resnet50 26.59 | 77.61 | 90.94 | 48.72 | 48.72 | 92.72 | 99.87 | 99.90 | 96.29 | 96.29
Distilbert Efficientnet_B4 21.86 | 90.24 | 99.77 | 47.52 | 47.51 | 95.11 | 99.87 | 99.87 | 97.48 | 97.48
RoBerta Efficientnet_B4 1.42 | 880 | 17.29 | 7.34 7.34 | 43.06 | 98.74 | 99.77 | 68.62 | 68.62
Bert Efficientnet_B4 37.93 | 96.06 | 99.01 | 62.82 | 62.82 | 94.01 | 99.87 | 99.87 | 96.93 | 96.93
Distilbert | Resnext50.32x4d | 35.95 | 94.61 | 99.93 | 61.13 | 61.13 | 93.32 | 99.87 | 99.87 | 96.57 | 96.57
RoBerta Resnext50_-32x4d 0.13 | 0.50 0.86 0.49 | 0.34 | 24.14 | 97.06 | 99.93 | 50.73 | 50.73
Bert Resnext50-32x4d | 19.08 | 57.71 | 75.03 | 37.00 | 37.00 | 47.62 | 99.87 | 99.87 | 72.61 | 72.61
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Table 3: Retrieval performance under In-Batch Negative Sampling strategy, Batch Size=32.

(Batch Size = 32, Epoch = 80) Text to image Image to text
Text Image R@1 | R@5 | RQ10 | MRR | MAP | R@1 | R@5 | R@10 | MRR | MAP
Distilbert Resnet50 92.86 | 99.87 | 99.87 | 96.37 | 96.37 | 92.53 | 99.87 | 99.87 | 96.19 | 96.19
RoBerta Resnet50 46.36 | 99.87 | 99.87 | 71.69 | 71.69 | 46.03 | 99.87 | 99.87 | 71.40 | 71.40
Bert Resnet50 93.52 | 99.87 | 99.93 | 96.69 | 96.69 | 92.06 | 99.87 | 99.87 | 95.94 | 95.94
Distilbert Efficientnet_B4 95.50 | 99.87 | 99.87 | 97.69 | 97.69 | 94.71 | 99.87 | 99.87 | 97.28 | 97.28
RoBerta Efficientnet_B4 44.31 | 98.61 | 99.80 | 69.22 | 69.22 | 41.73 | 99.07 | 99.74 | 68.05 | 68.05
Bert Efficientnet_B4 94.18 | 99.87 | 99.87 | 97.03 | 97.03 | 93.78 | 99.87 | 99.87 | 97.03 | 97.03
Distilbert | Resnext50.32x4d | 93.72 | 99.87 | 99.87 | 96.79 | 96.79 | 93.06 | 99.87 | 99.87 | 96.43 | 96.43
RoBerta | Resnext50.32x4d | 23.74 | 97.02 | 99.93 | 50.56 | 50.56 | 23.74 | 96.63 | 99.93 | 50.26 | 50.26
Bert Resnext50.32x4d | 47.29 | 99.87 | 99.87 | 72.55 | 72.55 | 46.96 | 99.87 | 99.87 | 72.17 | 72.17

Table 4: Retrieval performance under In-Batch Negative Sampling Strategy, Batch Size=064.

(Batch Size=64, Epoch=80)

Text to image

Image to text

Text Image R@1 | R@5 | R@10 | MRR | MAP | R@l1 | R@5 | R@10 | MRR | MAP
Distilbert Resnet50 94.91 | 99.87 | 99.87 | 97.38 | 97.38 | 94.91 | 99.87 | 99.87 | 97.37 | 97.37
RoBerta Resnet50 94.31 | 99.87 | 99.93 | 97.10 | 97.10 | 94.11 | 99.87 | 99.87 | 97.00 | 97.00
Bert Resnet50 95.50 | 99.87 | 99.87 | 97.69 | 97.69 | 94.97 | 99.87 | 99.87 | 97.43 | 97.43
Distilbert | Efficientnet_ B4 | 97.02 | 99.87 | 99.87 | 98.45 | 98.45 | 96.76 | 99.87 | 99.87 | 98.31 | 98.31
RoBerta Efficientnet_ B4 | 96.83 | 99.87 | 99.87 | 98.35 | 98.35 | 96.36 | 99.87 | 99.87 | 98.12 | 98.12
Bert Efficientnet_ B4 | 96.56 | 99.87 | 99.87 | 98.22 | 98.22 | 96.30 | 99.87 | 99.87 | 98.09 | 98.09
Distilbert | Resnext50-32x4d | 97.62 | 99.87 | 99.87 | 98.75 | 98.75 | 97.29 | 99.87 | 99.87 | 98.57 | 98.57
RoBerta | Resnext50.32x4d | 24.27 | 98.54 | 99.93 | 51.19 | 51.19 | 25.53 | 98.41 | 99.93 | 52.25 | 52.25
Bert Resnext50_32x4d | 96.76 | 99.87 | 99.87 | 98.32 | 98.32 | 95.97 | 99.87 | 99.87 | 97.92 | 97.92

Table 5: Retrieval performance under In-Batch Negative Sampling strategqy, Batch Size 32696/-average.

(32&64-averageepoch==80) 32 64

Text Image R@1 | R@5 | R@10 | MRR | MAP | R@1 | R@5 | R@10 | MRR | MAP
Distilbert Resnet50 92.82 | 99.87 | 99.87 | 96.35 | 96.35 | 95.07 | 99.87 | 99.87 | 97.46 | 97.46
RoBerta Resnet50 46.49 | 99.87 | 99.87 | 71.78 | 71.78 | 94.08 | 99.87 | 99.90 | 96.98 | 96.98

Bert Resnet50 92.72 | 99.87 | 99.90 | 96.29 | 96.29 | 95.24 | 99.87 | 99.90 | 97.56 | 97.56
Distilbert | Efficientnet.B4 | 95.11 | 99.87 | 99.87 | 97.48 | 97.48 | 96.99 | 99.87 | 99.87 | 98.43 | 98.43
RoBerta Efficientnet_B4 | 43.06 | 98.74 | 99.77 | 68.62 | 68.62 | 96.33 | 99.87 | 99.87 | 98.10 | 98.10

Bert Efficientnet_B4 | 94.01 | 99.87 | 99.87 | 96.93 | 96.93 | 96.49 | 99.87 | 99.87 | 98.19 | 98.19
Distilbert | Resnext50-32x4d | 93.32 | 99.87 | 99.87 | 96.57 | 96.57 | 97.49 | 99.87 | 99.90 | 98.68 | 98.68
RoBerta | Resnext50_32x4d | 24.14 | 97.06 | 99.93 | 50.73 | 50.73 | 25.66 | 98.35 | 99.93 | 52.20 | 52.20

Bert Resnext50_32x4d | 47.62 | 99.87 | 99.87 | 72.61 | 72.61 | 96.20 | 99.87 | 99.87 | 98.03 | 98.03

image encoder combinations, and batch size 64 com-
pletely outperforms batch size 32.

4.3 Detailed Analysis of Text and Image Re-
trieval Results

As shown in Table 6, input a specific image query,
and the top 5 text retrieval results will be displayed.
The number on the right side of each text indicates
the matching score, which means the similarity be-
tween the image and the text description. Most of
the results show that our model can successfully re-
trieve a specific scene’s text description.

Of course, our model also shows certain limita-
tions. As shown in the figure, we have listed some
typical errors. In Group A, although results A3, A4,
and A5 did not query the correct road sign informa-
tion, the road conditions, where the road signs are,
whether there are obstacles, and the shape and colour
of the road signs were correct. However, it confused
“speed bumps”, “hump bridges ahead”, and “rolling

stones on the left” with “uneven roads ahead”, mainly
because the image details are too detailed to distin-
guish. This proof further shows that although the
model will confuse similar information related to the
last three, it can also work well in the first two and
clearly describe what happened. In group B, the con-
tent of the road signs in the image is not as easy
to confuse as in group A. Some examples consider a
straight and right turn at a multi-level crossing as
straight and right turn, while others place the road
signs on the wrong side. In group C, most examples
of errors are that the information on the road signs is
correct, but the identification of obstacles is wrong.

As shown in Table 8, inputting a specific text query
will display the top 5 image retrieval results. The first
one is able to be accurately retrieved, and the subse-
quent ranking will have retrieval errors on which side
the road sign is on and whether there are obstacles,
but the content of the road signs is mostly correct.
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4.4 Conclusions and Practical Recommenda- e Batch Size Considerations: For most Dis-
tions tiIBERT combinations, a smaller batch size
(32) is sufficient. In contrast, combinations
like BERT+ResNeXt50-32x4d and all RoBERTa
pairings benefit significantly from larger batch
sizes to achieve better performance.

e Combinations to Avoid: Any combination in-
volving RoBERTa performs relatively weakly,
especially RoBERTa+ResNeXt50-32x4d, and
should be avoided in practical applications.

e Text Encoder Selection: It is paramount to
choose a powerful text encoder. Advanced mod-
els such as DistilBERT or BERT are prerequi-
sites for high retrieval accuracy, overshadowing
the importance of the image encoder in this con-
text.

e  Best Combinations: The pairs DistilBERT+Effi-
cientNet_B4 and BERT+EfficientNet_B4 are rec-

ommended as the.top—perforr.ning COI:njt)inE.ltiOI.lS, These findings offer valuable guidance for model
suitable for scenarios where high precision is crit-  gelection in traffic sign image and text description
ical. matching tasks, helping to strike the optimal balance

e Resource-Constrained Scenarios: The Distil-  petween performance and efficiency:
BERT+ResNet50 combination balances between
performance and efficiency, making it ideal for
applications with limited resources.

Table 6: Typical results of text retrieval from an image and its similarity to the query result identified.

Imag Captions Accuracy
"true caption": "A triangular sign, the 'Rough Surface Ahead' sign, yellow-
colored with a black outline, is found on the left side of a straight road, as the sign
depicts dips and humps, indicating potential jolts or reduced stability on the road.
Moreover, an obstacle is set in the center.",

"topl captions": "A triangular sign, the 'Rough Surface Ahead' sign, yellow- | 94.72
colored with a black outline, is found on the left side of a straight road, as it the
sign depicts dips and humps, indicating potential jolts or reduced stability on the

road. Moreover, an obstacle is set in the center."

"imageath" "

xy 049 049 "top2 captions": "On a straight road, installed on the left side, you can see a | 70.93
£5333332-67a- triangular sign, the sign named 'Dip', yellow-colored with a black outline, where
11ef-a814- it shows a road dip shape, warning of a sudden low section. Meanwhile, a

00e04c4bcebad.jpg” roadblock .is present.” . : : :
"top3 captions": "A triangular sign of the 'Speed Bump' warning sign, yellow- | 58.15

colored with a black outline, is found on the left side of a linear road, as the sign
warns drivers of a bump in the road requiring reduced speed. Moreover, there is
a barrier in the middle.",

"top4 captions": "On a linear road, you will notice a triangle-shaped warning sign, | 56.80
the 'Hump Bridge Ahead' sign with a yellow background and black border
installed on the left side, which it shows a hump shape, indicating a steep bridge
that may obstruct sight while a roadblock is present.”

"top5 captions": "Observing a direct roadway from a position on the left side, one | 56.55
finds a triangle-shaped sign, the 'Falling Rocks (Left Side)' sign with a yellow
background and black border that depicts debris tumbling down from the left side.
Plus, a roadblock is present."

"true_caption": "A set installed on the left side of a straight road is a round sign,
the 'Straight and right turn at multi-level crossing' sign with a blue background;
it shows an upward arrow plus a right-turn arrow, with a barrier in the middle in
place."

"topl captions": "A set installed of the left side on a straight road is a round sign, | 96.89
the 'Straight and right turn at multi-level crossing' sign with a blue background,
it shows an upward arrow plus a right-turn arrow, with a barrier in the middle in
place."

xy_050_050 ”top2_captiops": "Alqng a d.irec.t roadway, on thg left side displays a rqund 61.42
2027c156-f680 mandatory sign, the sign indicating fomard and right turns are .allowecll with a
“11ef-89b7- blue background and white arrows that it shows two arrows pointing straight and
00e04c4bcbad.jpg” right, indicating vehicles may proceed forward or make a right turn; furthermore,

a roadblock is present."
"top3_captions": "Here is a T-style intersection, and on the left stands a circular | 59.77
sign, the sign named 'Elevated intersection: straight and right turn' with a blue
background. Notably, it shows an upward arrow plus a right-turn arrow, with no
obstacle in the center."
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Table 6: Typical results of text retrieval from an image and its similarity to the query result identified Cont.

Image Captions Accuracy
"top4_captions": "The 'Straight and right turn at multi-level crossing' sign, a | 59.06
circular sign and blue-colored, is positioned on the right side of a T-junction,
where it shows an upward arrow plus a right-turn arrow. In addition, there is a
barrier in the middle."

"top5_captions": "On a direct roadway, you will notice a round sign, the sign | 58.67
named 'Elevated intersection: straight and right turn' is blue-colored on the right
side, which depicts a straight arrow and a right arrow while an obstacle is set in
the center."

"true_caption": "The 'Hazardous materials transport prohibited' sign, a circular
sign featuring a red border on white, is positioned on the right side of a T-style
intersection, signifying that it forbids vehicles carrying hazardous materials from
entering. In addition, no roadblock is placed.",

"topl_captions": "The 'Hazardous materials transport prohibited' sign, a circular | 96.96
sign featuring a red border on white, is positioned on the right side of a T-style
intersection, signifying that it forbids vehicles carrying hazardous materials from
w | entering. In addition, no roadblock is placed."

"image”_path" g

xy_049_049 "top2_captions": "The sign named No dangerous goods vehicles' is a circular | 60.94
467d9450-f67a sign featuring a red border on white, located on the right side of a T-junction,
-11ef-969f- meaning the center shows an exploding icon above a car silhouette crossed out

00e04c4bcbad.jpg” by a slash. Also, there is a barrier in the m%ddle.'.' ‘ ‘
"top3_captions": "On a linear road, you will notice a round sign, the sign named | 58.87
'No dangerous goods vehicles' featuring a red border on white placed on the right
side, clarifying that the center shows an exploding icon above a car silhouette
crossed out by a slash while there is no obstacle in the center."

"top4_captions": "A circular sign, the sign named 'No dangerous goods vehicles' | 58.26
featuring a red border on white, is found installed on the right side of a straight
road, declaring the center shows an exploding icon above a car silhouette crossed
out by a slash. Moreover, there is a barrier in the middle."

"top5_captions": "Set on the left side of a straight road is a circular sign, the sign | 57.97
named No dangerous goods vehicles' with a red ring and white background; it
conveys that it forbids vehicles carrying hazardous materials from entering, with
no roadblock in place."

Table 7: Traffic sign information retrieval results of actually retrieving text from images.
Search | Road type | Side | Obstacle | Sign name | Sign shape | Sign color | Sign content
task
Al
A2
A3
A4
A5
B1
B2
B3
B4
B5
C1
C2
C3
C4
C5

XXX XSS

XSS S XX

L X XS XS S =

S S S S S X X X X<
L S S S S S S S S =& =
S S S S S S S S S S =
S S S S S X X X X<
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Table 8: Typi

38

©

cal results of image retrieval from a text and its similarity to the query result identified.

Topl Top2 Top3 Top4 Top5

Accuracy

Original Image

100 85.71 71.42 71.42 57.14

Input caption

"On a T-style intersection, you will notice a round mandatory sign, the 'Keep Right' sign blue with
white symbols showing a vehicle on the right installed on the right side, which the sign mandates
vehicles to keep to the right lane unless overtaking is required while there is no obstacle in the
center."

Accuracy

Original Image

100 71.42 71.42 85.71 85.71

Input caption

"Observing a T-junction from on the right side, one finds a rectangular sign, the 'Left-turn Lane'
sign featuring a white left arrow on a blue field that denotes the center shows a bold left-turn
arrow. Plus, no roadblock is placed."

Accurac

T

Original Image

100 85.71 71.42 71.42 85.71

Input caption

"On a straight road, you will notice a vertical rectangle sign, the sign named 'Area no long parking
lifted' with a white base showing the end of the no-long-parking zone on the left side, declaring
that the diagonal slash denotes the end of the no-long-parking restriction while there is a barrier
in the middle."

Accurac

1
<1

Original Image

100 85.71 57.14 71.42 85.71

Input caption

"Here is a direct roadway, and placed on the left side stands a triangular sign named 'Intersection
Ahead' with a yellow background and black border. Notably, it shows a left-side branch
intersection, and a roadblock is present."

Accuracy

Original Image

100 100 57.14 85.71 85.71

Input caption

"A round sign named 'No honking' featuring a red border on white is found on the left side of a
direct roadway, declaring it forbids vehicles from using their horn. Moreover, an obstacle is set in
the center."
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5. CONCLUSION AND FUTURE WORK

This paper proposes a method for matching traf-
fic sign images and text descriptions based on deep
learning. This method parses the directory structure
of the dataset to automatically generate fine-grained
category labels, reducing the cost of manual annota-
tion. At the same time, an InfoNCE loss function
based on negative sampling within the batch is de-
signed to fully use the non-matching sample pairs in
each training batch, thereby improving the model’s
discriminative ability. After experiments, the combi-
nation of Resnext50_32x4d and DistilBERT achieved
a high accuracy rate. This method has a good appli-
cation in the future in autonomous driving scenarios
and can help intelligent driving systems more accu-
rately identify and understand traffic signs and im-
prove driving safety. Although there is a significant
improvement, problems exist, such as easy confusion
between similar signs and a less-than-ideal data en-
vironment. Future research will focus on expanding
the dataset in complex environments and exploring
multimodal fusion and more advanced models to fur-
ther enhance the practicality and robustness of the
model.

The source code and dataset for this study can
be found at https://github.com/William990313/
Research-on-Deep-Learning-Based-Methods-for
-Matching-Traffic-Sign-Images-with-Textual-
Descriptions.git.
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