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Abstract

Real-time traffic sign detection is critical for autonomous driving and intelligent transportation system safety. A key chal-
lenge in this field is balancing real-time performance enhancement, model lightweighting, and detection accuracy. To address
this, we propose HAS-DETR, a real-time lightweight traffic sign detection model based on RT-DETR, with novel improve-
ments to the backbone network, feature fusion mechanism, and small-target detection capability. Specifically, we design a
High-Frequency Enhanced CSP Backbone (HFCSP-Backbone) to resolve the issues of insufficient high-frequency detail
extraction and excessive parameters in traditional backbones; we introduce an Attention Scale Sequence Fusion (ASSF)
module to dynamically model contextual correlations across multi-scale features for better feature representation; and we
add a Small-Target Enhancement (STE) detection head embedded in the Transformer decoder (via a S2 small-scale feature
layer) to mitigate small-target missed detection. Experiments on the TT100K dataset show that HAS-DETR reduces param-
eters by 58.99% and computational load by 20.49%, while improving detection performance: mAP@0.5 increases from 84.8
(RT-DETR-R18 baseline) to 86.6%, and mAP@0.5:0.95 from 63.1 to 66.4%, with precision and recall reaching 90% and
81.7%, respectively. Compared with existing methods, HAS-DETR achieves a superior balance between lightweighting and
accuracy, offering an efficient solution for real-time traffic sign detection in complex scenarios.

Keywords Small-target detection - Traffic sign detection - RT-DETR - Lightweight

1 Introduction

Traffic sign detection serves as a core module in intelligent
transportation systems and autonomous driving technolo-
gies, with a critical role in safeguarding road safety and
enhancing traffic operational efficiency [1-4]. On-board
detection systems in intelligent transportation and autono-
mous driving collect and analyze road images in real time
via on-board cameras, and must rapidly identify traffic sign
information [5]. However, existing models generally exhibit
high computational complexity, large parameter counts, and
low inference speeds. A key challenge in this field lies in
improving real-time performance and reducing both model
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complexity and parameter counts while maintaining detec-
tion accuracy. Although lightweight research has focused on
network architecture optimization, model compression, and
hardware acceleration, three scenario-specific challenges
remain for traffic sign detection: enhancing the capture of
fine-grained details (e.g., textures of small traffic signs) [6],
improving real-time processing speed to meet the millisec-
ond-level response requirement of on-board systems, and
reducing computational consumption to adapt to resource-
constrained embedded devices in vehicles.

With the advancement of deep learning, end-to-end mod-
els, typified by DETR (Detection Transformer) [7], have
garnered attention owing to their advantages of anchor-free
design and global modeling capabilities. While foundational
models like Deformable DETR [8] focused on improving
attention efficiency and convergence speed, and Efficient
DETR [9] explored lightweighting through pruning and
distillation, applying them to specific real-time traffic sign
tasks remains challenging. RT-DETR (Real-Time DETR)
[10], the latest improved version, has demonstrated outstand-
ing performance on general object detection datasets (e.g.,
COCO [11]), with accuracy surpassing that of mainstream
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models including YOLOvVS5, YOLOvV7, and YOLOVS [12],
while avoiding the target deletion issue caused by Non-Max-
imum Suppression (NMS) in traditional models. However,
when applied to traffic sign detection, RT-DETR still exhib-
its limitations in small-target detection scenarios: detailed
features of traffic signs (typically smaller than 32X32 pixels)
are easily overlooked, leading to degraded detection per-
formance; meanwhile, the high computational complexity
of the Transformer [13] architecture limits real-time per-
formance, making it difficult to meet the requirements of
embedded devices.

To address the above issues, we propose a real-time light-
weight traffic sign detection model, HAS-DETR (High-Fre-
quency Enhanced CSP Backbone, Attention Scale Sequence
Fusion, and Small-Target Enhancement-based DETR), based
on the RT-DETR framework. The name "HAS-DETR" is
derived from the initials of its three core improved mod-
ules—High-Frequency Enhanced CSP Backbone (HFCSP-
Backbone), Attention Scale Sequence Fusion (ASSF),
and Small-Target Enhancement (STE)-combined with
the "DETR" component of the baseline model RT-DETR.
By optimizing the backbone’s feature extraction, enhanc-
ing multi-scale feature fusion efficiency, and supplement-
ing small-target detection branches, HAS-DETR improves
small-target accuracy and inference speed while reducing
computational load and parameters, offering a more effective
solution for resource-constrained intelligent transportation
scenarios.

Our novel contributions, designed to address these gaps,
are threefold:

(1) To resolve traditional backbones’ limitations (insuffi-
cient high-frequency detail extraction and high com-
putational redundancy) and optimize feature extrac-
tion, we propose a High-Frequency Enhanced CSP
Backbone (HFCSP-Backbone), with its core being the
High-Frequency Enhanced CSP (HFCSP) module. This
module integrates a high-frequency enhanced residual
structure and CSP strategy: the former strengthens
extraction of texture/edge-related high-frequency
details to make up for traditional backbones’ detail
loss, while the latter reduces computational redun-
dancy without compromising feature expression, bal-
ancing multi-scale feature extraction efficiency and
lightweighting.

(2) For multi-scale feature fusion, we design the Attention
Scale Sequence Fusion (ASSF) module. It dynamically
models contextual correlations across different-scale
features, adaptively adjusts feature weights by focus-
ing on key scales’ semantic guidance, and effectively
integrates global semantics and local details to provide
more targeted feature input for subsequent detection
heads.
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(3) To enhance small-target detection, a Small-Target
Enhancement (STE) head is embedded in the Trans-
former decoder. By introducing the S2 small-scale fea-
ture layer to supplement small targets’ high-resolution
details, and combining with the decoder’s global con-
textual modeling capability, it significantly improves
the model’s perception and localization accuracy for
small traffic signs.

2 Related work

Object detection, a key task in computer vision, aims to iden-
tify objects in images and determine their positions. In the
field of traffic sign detection, traditional methods primarily
rely on manually extracted features (e.g., color and shape).
These methods are not only computationally complex and
inefficient for detection tasks but also lack robustness and
adaptability in variable environments [14]. In recent years,
with the advancement of deep learning, detection models
based on this technology have significantly outperformed
traditional methods in both accuracy and efficiency due to
their capacity to autonomously learn and extract features,
thus becoming the mainstream approach in this field [15].
Deep learning-based object detection architectures are
mainly categorized into two types: detectors based on Con-
volutional Neural Networks (CNNs) and emerging architec-
tures based on Transformers.

The evolution of CNN-based detectors reflects the ongo-
ing pursuit of balancing detection speed and accuracy. Early
two-stage detectors, such as the OverFeat model proposed
by Sermanet et al. [16], were the first to integrate recog-
nition, localization, and detection into a single framework.
However, their fixed sliding windows resulted in insufficient
bounding box localization accuracy. Subsequently, algo-
rithms in the R-CNN [17] series gradually improved locali-
zation accuracy by introducing Region Proposal Networks
(RPN) and Spatial Pyramid Pooling (SPPNet). Fast R-CNN
[18] optimized computational efficiency by extracting fea-
tures from the entire image; Faster R-CNN [19] further inte-
grated the detection process using RPN to generate detec-
tion boxes directly. The primary trade-off of these two-stage
methods is their high localization accuracy at the cost of
high computational complexity and low inference speed. To
tackle this issue, single-stage detectors emerged. The YOLO
[12] model proposed by Redmon et al. treats detection as a
regression problem, achieving extremely fast detection speed
but sacrificing some accuracy, particularly on small objects.
As an improvement, the SSD [20] model proposed by Liu
et al. combines the regression concept of YOLO with the
anchor box mechanism of Faster R-CNN, achieving a better
balance between speed and accuracy.
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Despite the considerable success of CNN-based detectors,
most rely on manually designed post-processing compo-
nents (e.g., Non-Maximum Suppression, NMS) for filtering
redundant detection boxes. In complex scenarios with dense
targets or severe occlusions, the NMS mechanism may erro-
neously suppress detection boxes containing targets, thereby
affecting detection stability and accuracy—a problem that
is particularly prominent in complex road environments.
To fully address this issue, Transformer-based detectors
(DETR) [7] were proposed. As a pioneering end-to-end,
single-stage framework, these detectors eliminate manual
components such as NMS and construct a true end-to-end
detection framework, greatly simplifying the algorithm
workflow. This simplified pipeline is their main advantage,
but the trade-off in the original DETR was slow convergence
and high computational cost. Following DETR, researchers
have proposed a series of improved models. For instance,
Deformable DETR [8] improves convergence speed and effi-
ciency by introducing deformable attention modules; Anchor
DETR [21] integrates anchor box prior knowledge into the
framework to achieve better localization performance.

To apply the advantages of the Transformer architecture
to real-time detection tasks, researchers have focused on
model lightweighting and efficiency improvement. Efficient
DETR [9] significantly reduces computational and memory
overhead through techniques such as knowledge distillation
and pruning. The RT-DETR [10] model proposed by Zhao
et al. is specifically designed for real-time object detection,
introducing lightweight Transformer modules and signifi-
cantly improving detection accuracy while avoiding prob-
lems caused by NMS. However, despite its overall excellent
performance, prior analyses suggest that RT-DETR’s perfor-
mance on small targets is suboptimal, as its feature fusion
structure may not provide sufficient high-resolution detail
for accurately detecting small-scale objects. Furthermore,
the large number of parameters in RT-DETR makes it dif-
ficult to deploy on edge computing devices, failing to fully
meet the needs of real-time road traffic sign detection. In
summary, the current research focus, spanning from specific
traffic sign tasks to broader visual domains like specialized
recognition using attention-based transformers [22], is on
how to further reduce model parameters and computational
load—often through advanced attention mechanisms—while
ensuring high accuracy, and to design a lightweight model
more suitable for real-time and efficient detection in real
road scenarios.

To address the aforementioned challenges, the HAS-
DETR model proposed in this paper aims to achieve a supe-
rior balance. Unlike CNN-based methods, which rely on
NMS and often struggle to reconcile speed and accuracy,
HAS-DETR inherits the end-to-end, real-time advantages
of the RT-DETR framework. Furthermore, compared to the
RT-DETR baseline, HAS-DETR’s expected improvements

are concentrated in three main areas: It significantly reduces
parameters and computational redundancy via our designed
HFCSP-Backbone to meet edge deployment requirements;
it employs the ASSF module to optimize multi-scale fea-
ture fusion efficiencys; it introduces an STE detection head
to specifically compensate for the baseline model’s insuffi-
cient perceptual capabilities for small targets (such as traffic
signs), thereby achieving higher detection accuracy while
remaining lightweight.

3 Proposed method

This study proposes a lightweight model named HAS-DETR
to address the challenge of detecting small traffic signs. The
overall network architecture of HAS-DETR is shown in
Fig. 1, the primary block diagram illustrating the model’s
components and their interactions.

The model’s step-by-step workflow proceeds as follows:

(1) Preprocessing: Input images are first preprocessed,
primarily by resizing them to a uniform 640x640 reso-
lution (as detailed in Sect. 4.2), and are fed into the
network.

(2) Backbone feature extraction: The image is processed by
our proposed HFCSP-Backbone (detailed in Sect. 3.1).
This module replaces the baseline’s ResNet-18 to effi-
ciently extract multi-scale features (S2, S3, S4, S5),
with a specific focus on enhancing high-frequency
details while reducing computational redundancy and
parameters.

(3) Encoder feature fusion: The multi-scale features from
the backbone are passed to the hybrid encoder. This
stage incorporates our novel ASSF module (detailed in
Sect. 3.2) to dynamically model contextual correlations
and effectively fuse the features from different scales.

(4) Decoder and prediction: Finally, the fused features are
input to the Transformer decoder. Our STE detection
head (detailed in Sect. 3.3) is embedded here, utiliz-
ing the high-resolution S2 feature layer to significantly
improve the perception and localization of small tar-
gets, leading to the final detection results.

This design, from backbone optimization to multi-scale
fusion and targeted small-target detection, achieves a supe-
rior balance between detection accuracy and efficiency for
real-world traffic sign detection. The following subsections
detail the design of each innovative component.

3.1 HFCSP-Backbone

Optimization in this study is performed based on the
RT-DETR-R18 model. Although the RT-DETR framework
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Fig. 1 Network architecture of HAS-DETR

supports more complex backbone networks (e.g., HGNet
[23]), ResNet-18 [24]—which balances accuracy and
parameter count—was selected as the baseline to meet the
requirements of real-time traffic sign detection tasks. How-
ever, the baseline still encounters two bottlenecks: first,
significant computational redundancy induced by network
deepening, which impairs real-time performance; second,
insufficient representational capability for high-frequency
information (e.g., object edges and textures) during deep
feature extraction.

To overcome the above bottlenecks, and inspired by
the Cross-Stage Partial (CSP) concept in the YOLO series
[25] and the high-frequency enhancement strategy pro-
posed by Li et al. [26], a new efficient backbone network—
High-Frequency Enhanced CSP Backbone (HFCSP-Back-
bone)—was designed. The overall architecture of this
network, as illustrated on the left side of Fig. 1, is built
upon a new CSP-like design rather than simply modifying
the ResNet-18 layers. Specifically, the HFCSP module is
used as the core component at each main feature extraction
stage. The structure consists of downsampling convolu-
tional layers that define the feature hierarchy (S2, S3, S4,
and S5), where each downsampling layer is immediately
followed by one or more HFCSP modules to perform in-
depth feature extraction at that specific scale.

@ Springer

The core of HFCSP-Backbone is the High-Frequency
Enhanced CSP Module (HFCSP), whose detailed structure
is shown in Fig. 2. The design of this module subtly inte-
grates high-frequency detail enhancement and computa-
tional efficiency optimization. In specific implementation,
the input feature map first undergoes a convolution opera-
tion for information integration, after which it is split into
two parallel branches. Branch 1 is directly transmitted to
the end of the module as a cross-stage connection to pre-
serve the original gradient information; Branch 2 enters
a deep processing path consisting of N High-Frequency
Enhancement Residual Blocks (HFERB), which is respon-
sible for fine-grained feature extraction. Finally, the feature
maps from the two branches are fused via a concatenation
(Concat) operation and output through a final convolu-
tional layer for feature integration.

In the deep processing path of the HFCSP module,
the key component is the High-Frequency Enhancement
Residual Block (HFERB), whose structure is shown in
Fig. 3. Inspired by the CRAFT network [26], the core
objective of HFERB is to explicitly enhance high-fre-
quency information in feature maps. To achieve this, it
contains two parallel branches: a Local Feature Extraction
(LFE) branch and a High-Frequency Enhancement (HFE)
branch
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where FLFE FHFE @ RHXWXC/2 represent the inputs of the
LFE and HFE branches, respectively. For the LFE branch,
a 3 x 3 convolutional layer followed by a GELU activation
function is utilized to extract local high-frequency features,
where g, (-) denotes the GELU activation function

FLFE = gu(Conv3X3(FﬁlFE)). )

out

For the HFE branch, a max-pooling layer is innovatively
adopted to explicitly capture high-frequency information
in the input feature F¥F£_ Then, a 1x1 convolutional layer
followed by a GELU activation function is used to enhance
high-frequency features

FIPE = g (Conv,, (MaxPooling(F1'*))). 3)

out

Subsequently, the outputs of the two branches are concat-
enated and fused, and information integration is performed
through a 1x1 convolutional layer. Finally, a residual con-
nection (Shortcut) is introduced to add the original input
to the fused features, maintaining multi-scale information
and ensuring the stability of the training process. The entire
process can be expressed as
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Through this series of elaborate designs, the new HFCSP-
Backbone achieves dual advantages: on the one hand, it can
accurately capture and enhance texture and edge details
crucial for traffic sign detection using the HFERB module;
on the other hand, it can significantly reduce computational
redundancy and memory usage by virtue of the CSP archi-
tecture. Ultimately, the HAS-DETR model achieves better
inference efficiency while significantly improving detection
accuracy.

3.2 ASSF

A core challenge in traffic sign detection tasks lies in the
effective recognition of small targets. Owing to sparse pixel
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distribution, key information of small targets is prone to
loss during network downsampling. To address this prob-
lem, an Attention Scale Sequence Fusion (ASSF) module
was designed and integrated into the hybrid encoder of
HAS-DETR, aiming to efficiently fuse multi-scale features
extracted from the HFCSP-Backbone. The innovation of the
ASSF module resides in its dual-path collaborative design,
which comprises a Scale Sequence Feature Fusion (SSFF)
module and two Triple Feature Encoder (TFE) modules
[27]—the former responsible for capturing global seman-
tic information and the latter for extracting local detailed
features.

As shown in Fig. 4, the SSFF module focuses on fus-
ing global high-level semantic information. It normalizes
feature maps from different levels to a uniform size via
upsampling and other operations, before efficiently merging
them using 3D convolution to integrate multi-scale semantic

information. This process effectively integrates multi-scale
features, enabling the model to better understand traffic signs
of different sizes and shapes.

As shown in Fig. 5, the TFE module is mainly respon-
sible for capturing local fine features of small targets. Each
TFE module receives three feature maps of different sizes
(denoted as CxS, where C is the number of channels and
S is the feature map size) as input, and accurately retains
and enhances detail information crucial for detecting small
targets by integrating these features in the spatial dimension.

Inside the ASSF module, to effectively integrate local
fine information captured by TFE with global features, we
fuse the output of TFE with the backbone features through
an ADD operation. Finally, the feature stream co-enhanced
by SSFF and TFE undergoes final path aggregation through
the PANet [28] structure, thereby transmitting rich contex-
tual information to the detection head. This complete fusion
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Fig.5 Structural schematic of the TFE module
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mechanism enhances small-target detection performance
while ensuring detection capability for targets of regular
sizes.

3.3 STE

Traditional multi-scale detectors (such as RT-DETR) usually
adopt three levels of feature maps S3, S4, and S5 (e.g., 80%
80, 40x40, 20x20) for detecting small, medium, and large
targets, respectively. We observed that in traffic sign data-
sets, most targets are of medium and small sizes, resulting
in low efficiency of the low-resolution feature layer (20x20)
designed for large targets, which may even introduce inter-
ference due to its macro-receptive field, damaging detection
accuracy.

To solve this problem, we redesigned the detection lev-
els of the model to focus more on high-resolution features.
We introduced a 160x160 feature layer, which is formed by
upsampling the 80x80 feature map in the feature fusion net-
work and concatenating it with the high-resolution features
of the corresponding level in the backbone network. This
improved structure (as shown in Fig. 6) can provide richer
fine-grained information for the model, thereby significantly
improving the positioning and recognition performance for
small targets.

4 Experimental results
4.1 Datasets
To comprehensively evaluate the comprehensive perfor-

mance of the proposed method under category diversity
and complex backgrounds, we selected two challenging

public datasets with distinct characteristics: TT100K [2]
and CCTSDB 2021 [29].

TT100K is a large-scale, high-resolution dataset jointly
released by Tsinghua University and Tencent. The dataset
contains 100,000 panoramic images provided by Tencent
Data Center, among which approximately 10,000 images
contain traffic signs. All images were collected from real
road scenes in multiple cities in China, covering variable
lighting and weather conditions, providing a solid founda-
tion for simulating real-world detection tasks. However, the
original TT100K data have a serious category imbalance
problem, with many categories in its 221 sign categories
having very few samples. To avoid overfitting of the model
to categories with sparse samples and ensure the effective-
ness of training, we followed common practices and only
selected 45 categories with more than 100 instances in the
dataset for this experiment. The total number of images after
screening is 10,592. Examples of images from the TT100K
dataset are shown in Fig. 7.

CCTSDB 2021 is another real-scene dataset used for
evaluation, containing 17,856 images with detailed anno-
tations that show complex background environments. The
dataset clearly divides traffic signs into three core categories
crucial for intelligent driving: mandatory, prohibitory, and
warning. These two datasets, one focusing on the challenges
of category diversity and imbalance in large-scale scenarios,
and the other on the detection of core safety signs in com-
plex backgrounds, jointly provide strong support for verify-
ing the robustness and generalization ability of the model.
Examples of images from the CCTSDB 2021 dataset are
shown in Fig. 8.

In summary, these two datasets, one focusing on category
diversity and imbalance challenges in large-scale scenar-
ios, and the other on the detection of core safety signs in

S2 160x160
S3
S4
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Fig. 6 Output structure of the encoder
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Fig.7 Examples from the TT100K dataset
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Fig.8 Examples from the CCTSDB dataset

complex backgrounds, jointly provide strong support for
comprehensively verifying the robustness and generaliza-
tion ability of our model.

4.2 Parameter settings

In this experiment, the hardware platform configuration used
includes an Intel(R) Xeon(R) CPU E5-2620, 64GB memory,
and a Tesla P100-PCIE-16GB graphics card, with the oper-
ating system being CentOS 7, Python version 3.8.16, and the
deep learning framework PyTorch 1.13.1.

To optimize the training effect of the model, we adjusted
the corresponding hyperparameters according to the model’s
performance during actual training. During training, we set
the initial learning rate to 0.0001, the batch size to 8, the
training epoch to 160, and selected Adam as the optimization
algorithm, with the input image size being 640 X 640. It is

@ Springer
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important to note that all experiments were conducted on
this server-grade GPU platform (Tesla P100) to ensure con-
sistent and reproducible benchmarking. We did not perform
validation on embedded or edge hardware platforms (e.g.,
NVIDIA Jetson series or ARM-based devices).

4.3 Evaluation metrics and training process

To comprehensively evaluate the model’s performance and
efficiency, we employed a set of standard metrics. Detection
accuracy was measured using Precision (P), Recall (R), Aver-
age Precision (AP), and mean Average Precision (mAP). The
calculation for P, R, and AP is shown in Egs. 5, 6, and 7,
respectively. To more accurately measure the model’s locali-
zation quality, we report two core mAP metrics: mAP@0.5
(calculated with an IoU threshold of 0.5) and mAP@0.5:0.95
(the average mAP across 10 IoU thresholds from 0.5 to 0.95).
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Table 1 Comparative experiments on the TT100K dataset

Model Backbone P (%) R (%) mAP@0.5 (%) FLOPs (G) Params (M) Latency (ms)
SSD (2016) VGG-16 70.2 67.1 67.5 - - -

Faster R-CNN (2016) ResNet-50 67.1 70.5 70.3 - - -
YOLOv8m (2023) CSPDarknet-53 84.5 72.5 82 78.8 25.86 12.6
YOLOV9m (2024) CSPDarknet-53 85.7 76.1 84.3 77.7 20.19 13.7
YOLOv10m (2024) CSPDarknet-53 83.6 68.5 79.5 64.3 16.53 13.3
YOLOv11m (2024) CSPDarknet-53 87.2 72.4 83.3 68.4 20.08 13.9
YOLOv12m (2025) CSPDarknet-53 83.6 74.4 82.9 67.3 20.13 12.8
RT-DETR-R18 (2024) ResNet-18 86.5 81.7 84.8 57.1 19.92 12.7
HAS-DETR (ours) HFCSP 90 81.1 86.6 454 8.17 13.1

The data marked with bold represents the optimal performance metrics of the proposed model, while the data with underline denotes the subop-

timal performance metrics

These metrics collectively evaluate the model’s fundamental
detection capability and localization robustness. The formula
for mAP is given in Eq. 8, where N is the total number of target
classes. In the tables of comparative experiments and ablation
experiments, values in bold indicate the optimal performance
metrics among all evaluated models, while underlined values
represent the suboptimal ones.

For model complexity, we measured the number of Param-
eters (M) and the computational cost in Floating-Point Oper-
ations (FLOPs) (G). Latency (ms) was used to evaluate the
model’s real-time processing capability

p_ TP s
" TP+ FP &)
TP
R=——
TP + FN 6)
1
AP =/ p(r)dr @)
0

Table 2 Comparative experiments on the CCTSDB dataset

N
1
AP =— AP..
mAP =5 2 AP ®)

4.4 Comparative experimental results

To demonstrate the advantages of the proposed method
in traffic sign detection, we compared HAS-DETR
with several classic object detection algorithms on the
TT100K and CCTSDB datasets, including SSD, Faster
R-CNN, YOLOv8m, YOLOv9m [30], YOLOv1Om
[31], YOLOvIIm, YOLOv12m, and the baseline model
(RT-DETR-R18). The experimental results are shown in
Tables 1 and 2.

Tables 1 and 2 present the comparative experimen-
tal results of the proposed HAS-DETR model with other
mainstream models on the TT100K and CCTSDB datasets,
respectively. Overall, HAS-DETR demonstrates superior
performance in detection accuracy, model lightweight-
ing, and inference efficiency, achieving an optimal balance
between accuracy and efficiency.

Model Backbone P (%) R (%) mAP@0.5 (%) FLOPs (G) Params (M) Latency (ms)
SSD (2016) VGG-16 86.5 27.7 49.2 - - -

Faster R-CNN (2016) ResNet-50 84.4 54.9 56.6 - - -
YOLOv8m (2023) CSPDarknet-53 88.5 75.8 83.1 79.1 25.85 12.9
YOLOvV9m (2024) CSPDarknet-53 87.3 76.3 83.1 77.6 20.16 13.9
YOLOv10m (2024) CSPDarknet-53 89.5 74.3 82.6 64.0 16.48 13.6
YOLOv11m (2024) CSPDarknet-53 87.2 72.4 83.3 68.4 20.08 14.3
YOLOvVI12m (2025) CSPDarknet-53 89 76.3 83.1 67.1 20.1 13.2
RT-DETR-R18 (2024) ResNet-18 88.6 80.2 85 56.9 19.87 131
HAS-DETR (ours) HFCSP 91.7 80.0 87.2 45.0 8.14 13.3

The data marked with bold represents the optimal performance metrics of the proposed model, while the data with underline denotes the subop-

timal performance metrics
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The comparative experimental results on the TT100K
dataset show that HAS-DETR achieves the optimal perfor-
mance among all models. As shown in the table, its Preci-
sion (P) and mAP@0.5 reach 90% and 86.6%, respectively,
both being the highest. Meanwhile, it has the lowest num-
ber of model parameters (8.17M) and computational load
(45.4G FLOPs). Specifically, compared with the baseline
model RT-DETR-R18, our model improves mAP@0.5 by
1.8 percentage points, while the number of parameters and
computational load are significantly reduced by 59% and
20.5%, respectively. Compared with the state-of-the-art
model YOLOv9m, HAS-DETR’s mAP@0.5 is 2.3 per-
centage points higher, while its parameter count is only
40% of YOLOV9m, thus fully demonstrating its superior
performance and efficiency.

Notably, although HAS-DETR has achieved signifi-
cant optimization in computational load and parameters,
its inference latency does not decrease proportionally
(13.1ms vs 12.7ms). This reflects the non-linear relation-
ship between theoretical computational load and actual
hardware execution efficiency. The primary reason is that
our designed modules, such as HFCSP and ASSF, intro-
duce more branches and fusion operations in pursuit of
high accuracy and low parameters. While reducing com-
putational redundancy, these operations also increase
memory access cost (MAC) and may reduce computational
parallelism—a common trade-off in lightweight model

355.jpg

design involving multi-branch architectures. Therefore,
this strategy—exchanging a slight increase in latency
for a substantial reduction in model parameters and a
significant improvement in detection accuracy—demon-
strates the superior trade-off capability of HAS-DETR
between model lightweighting and performance enhance-
ment, thereby exhibiting stronger application potential in
resource-constrained deployment scenarios.

This advantage is further verified on the CCTSDB data-
set. HAS-DETR once again ranks first with a precision
of 91.7% and mAP@0.5 of 87.2%, surpassing all models
including the YOLO series and RT-DETR. It is worth noting
that on both datasets, the inference latency of HAS-DETR
(13.1ms and 13.3ms, respectively) is comparable to that
of current optimal real-time detectors (such as YOLOv8m
and RT-DETR), but achieves higher detection accuracy and
lower model complexity.

Taking some samples from the TT100K dataset as exam-
ples, Fig. 9 visually compares the performance of the HAS-
DETR model and the YOLOv10m model in traffic sign
detection tasks. As a comparative model, YOLOv10m is a
recently proposed end-to-end detection model that performs
well in both detection accuracy and speed, as shown in the
results in Tables 1 and 2. By comparing the detection results
of HAS-DETR and YOLOV10, the difference in detection
performance can be visually observed. The experimental
results show that the HAS-DETR model outperforms the

33533 .jpg

239%4.jpg

8320.jpg

Fig.9 Comparison of detection results of different models (A: Original image; B: YOLOv10m; C: HAS-DETR)

@ Springer



Journal of Real-Time Image Processing (2026) 23:25

Page110of15 25

YOLOv10m model in detecting real traffic signs. In images
355, 723, 2394, and 8320, the confidence scores of the
detection boxes generated by the HAS-DETR model are
significantly higher than those generated by the YOLOv10m
model. In addition, the YOLOv10m model exhibits missed
detections, for example, it only detects the traffic sign
labeled i4 in image 33533, but in fact, i2r, i4, and i5 exist.
Despite achieving higher accuracy in detecting real traffic
signs, the HAS-DETR model is not without limitations. In
some cases, it generates false positives, as shown in the red
circle area of image 33533, where there is no i2 traffic sign,
and some non-traffic sign objects are incorrectly classified
as traffic signs. This indicates that the HAS-DETR model
still faces challenges in distinguishing targets with similar
visual features, highlighting areas for further improvement.

In summary, the experimental results fully demonstrate that
the proposed HAS-DETR model achieves a better balance
between accuracy, speed, and model size, especially showing
significant advantages in model lightweighting, verifying its
great potential and practical value for efficient and accurate real-
time detection in real-world traffic scenarios.

4.5 Ablation experimental results

To further quantify the contribution of each module, we ana-
lyze the trade-offs from Table 3.

(1) HFCSP: Introducing HFCSP alone (Model 2 vs. 1)
confirms its role as a lightweighting module. While it
slightly reduces mAP by 1.5%, it achieves a substantial
reduction in computational load (FLOPs by 23.5%) and
model size (Params by 34.6%), significantly improving
inference speed (Latency from 13.1ms to 12.5ms).
ASSF: Introducing ASSF alone (Model 3 vs. 1) pro-
vides a significant +1.7% mAP gain, confirming its
effectiveness in feature fusion, though at the cost of
increased latency.

STE: Introducing STE alone (Model 4 vs. 1) yields the
highest accuracy gain of +2.3% mAP, validating its

@)

3)

powerful capability in enhancing small-target detec-
tion. This gain, however, comes with a considerable
increase in FLOPs and latency.

Synergy: The most valuable insights come from module
combinations. Model 8 (our full model) achieves the
lowest FLOPs and Params by leveraging HFCSP, while
ASSF and STE work together to secure high accuracy.
Notably, HFCSP and STE (Model 6) achieves 88.0%
mAP, which is 0.9% higher than STE alone (Model
4). This demonstrates a positive synergistic effect: the
HFCSP backbone retains high-frequency details that
provide better input for the STE head, allowing it to
perform better than on the baseline backbone.

“4)

To assess the impact of the three proposed strategies
(HFCSP, ASSF, and STE) on the performance of the RT-
DETR model, ablation experiments were conducted—follow-
ing standard protocol in detection research to isolate individual
component effects. By sequentially removing these innovative
components from the HAS-DETR model, the individual effects
of HFCSP, ASSF, and STE on model performance were inves-
tigated—enabling quantitative analysis of each component’s
specific contribution. The experimental results on the TT100K
dataset show that removing different components significantly
affects the model’s accuracy, computational load, parameter
count, and detection speed. The specific experimental results
are shown in Table 3.

Specifically, High-Frequency Enhanced CSP (HFCSP)
balances model efficiency and performance by enhancing
details and reducing redundant computations. From the
comparison between Model 1 and Model 2, introducing
HFCSP alone can substantially reduce the computational
load and parameter count by 23.5% and 34.6% respec-
tively, thus verifying its superior lightweight capability.
A more valuable finding emerges from the combination
experiment: comparing Model 3 (ASSF, Attention Scale
Sequence Fusion) and Model 5 (HFCSP+ASSF), add-
ing HFCSP to ASSF also results in a significant decrease
in FLOPs and Params, thus proving that its optimiza-
tion effect is universally applicable. The key point is

Table 3 Ablation experiments

Model HFCSP ASSF STE mAP@0.5 (%) FLOPs (G) Params (M) Latency (ms)
on the TT100K dataset

1 84.8 57.1 19.92 13.1

2 v 83.3 43.7 13.03 12.5

3 v 86.5 61.6 20.20 16

4 v 87.1 78.5 18.62 19.6

5 v v 85.6 49.1 13.36 14.7

6 v v 88 65.9 11.74 16.5

7 v v 85.4 58.0 15.02 18.9

8 v v v 86.6 45.4 8.17 13.3

The data marked with bold represents the optimal performance metrics of the proposed model, while the
data with underline denotes the suboptimal performance metrics
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the comparison between Model 4 (STE, Small-Target
Enhancement) and Model 6 (HFCSP+STE). Adding
HFCSP not only reduces the parameter quantity from
18.62M to 11.74M, but also increases mAP@0.5 from
87.1% to 88.0%. This reveals that there is a positive syn-
ergistic effect between HFCSP and STE: HFCSP retains
the high-frequency details, which provides a better input
for STE’s small-target detection head.

ASSF improves detection accuracy through adaptive fea-
ture fusion. The comparison between Model 1 and Model 3
shows that using ASSF alone can increase mAP@0.5 by 1.7
percentage points, confirming its basic effectiveness. When
combined with the lightweight HFCSP (Model 2 vs. Model
5), it increases mAP@0.5 from 83.3% to 85.6% (+2.3%),
indicating that it can effectively compensate for the potential
accuracy loss of the lightweight backbone network.

STE focuses on improving small-target detection capa-
bility by introducing the S2 small-scale feature layer. The
comparison between Model 1 and Model 4 shows that STE
is the single module with the highest accuracy improve-
ment, increasing mAP@0.5 by 2.3%. Adding STE on the
basis of the HFCSP backbone network (Model 2 and Model
6) increases mAP@0.5 by 4.7%, fully illustrating that STE

Fig. 10 Comparison of feature 37673.jpg
heatmaps (A: Original image;
B: RT-DETR-R18; C: HAS-
DETR)
(A)
(B)
(C)
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can exert its maximum potential when combined with a
backbone network with strong detail retention capability.
Similarly, introducing STE on the basis of the ASSF module
(Model 3 and Model 7) also brings accuracy improvement
and architecture optimization, especially playing a crucial
role in handling challenging small-target scenarios.

To verify that the three improvements proposed in this
paper can effectively enhance the performance of traffic sign
detection, a comparative analysis of the model’s feature heat-
maps was conducted. In the feature heatmaps, the tempera-
ture level represents the model’s attention to the correspond-
ing area; higher temperature indicates higher attention of
the model to that location. It is clear from the comparison
in Fig. 10 that the feature heatmap of HAS-DETR can more
accurately focus on the position of traffic signs, showing
higher accuracy in attention to traffic sign positions. In addi-
tion, RT-DETR-R 18 misjudges a part of the background as
an ip-type traffic sign in image 45087. More critically, the
feature heatmap of RT-DETR-R18 has obvious shortcom-
ings, because it pays excessive attention to many background
features unrelated to traffic signs, which can easily lead to
misjudgments. In contrast, HAS-DETR shows good perfor-
mance, effectively suppressing background features and thus

45087.jpg 65478.jpg
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focusing more on the detection and recognition of traffic
signs.

5 Conclusion

In this study, we propose HAS-DETR, a high-performance
real-time detection model for traffic scenarios, presenting
a novel solution to the key challenges of accuracy, speed,
and lightweighting in traffic sign detection. Based on the
end-to-end RT-DETR architecture, the model is designed
to meet the comprehensive requirements of high accuracy,
lightweighting, and high efficiency for real-world traffic
sign detection tasks through three novel components: the
backbone network, feature fusion, and detection heads.
First, we propose a High-Frequency Enhanced CSP Back-
bone (HFCSP-Backbone), which strengthens the capture
of detailed information, such as image textures and edges
through a unique residual structure, and combines with
the CSP strategy to significantly reduce computational
redundancy while maintaining strong feature expression
capability, laying the foundation for model lightweight-
ing. Second, in the feature fusion stage, HAS-DETR intro-
duces an Attention Scale Sequence Fusion (ASSF) mod-
ule, which dynamically models contextual relationships of
multi-scale features, adaptively integrates global semantics
and local details, and provides richer, more targeted fea-
tures for the detector without significantly increasing the
computational burden. In addition, to solve the problem of
small-target detection, we embed a Small-Target Enhance-
ment (STE) detection head in the Transformer decoder,
which greatly improves the model’s perception and locali-
zation accuracy of small-sized targets by introducing an
additional high-resolution S2 feature layer. Experimental
results demonstrate that compared with existing state-of-
the-art models, HAS-DETR achieves a superior balance
between detection accuracy, model lightweighting, and
real-time detection speed, thereby exhibiting strong com-
prehensive performance and application potential in real-
world traffic scenarios.

Beyond single-camera detection, the lightweight nature
of HAS-DETR (8.17M parameters) makes it highly scal-
able for practical applications. This efficiency is crucial
for vehicle-integrated systems, where multiple cameras
(e.g., front, side, rear) must be processed in real time on a
single embedded compute unit. The model’s low compu-
tational footprint (45.4G FLOPs) suggests that multiple
HAS-DETR instances could run concurrently, or a single
model could process sequential frames from different cam-
eras, without overwhelming the hardware. This scalability

positions HAS-DETR as a promising solution for achiev-
ing 360-degree situational awareness in autonomous driv-
ing and multi-camera intersection monitoring.

However, despite the competitive performance of HAS-
DETR, it still faces challenges in handling extremely
complex and variable real-world traffic environments. As
observed in our experimental results (e.g., image 33533
in Fig. 9), the model can still generate false positives.
Detection performance may also be degraded under harsh
conditions (e.g., severe weather, abrupt lighting changes),
or when signs are severely occluded. Furthermore, our
study primarily focused on the TT100K dataset, which,
despite our filtering, presents challenges related to class
imbalance that may affect generalizability to other regions
or sign types not well represented. Finally, a key embed-
ded deployment challenge remains: as noted in Table 1,
our model’s significant reduction in FLOPs and param-
eters does not perfectly translate to proportional latency
improvements (13.1ms vs 12.7ms for the baseline), sug-
gesting that our complex fusion modules may increase
memory access costs. This limitation is compounded by
the fact that our current validation was performed on a
high-performance GPU (Tesla P100), not on resource-con-
strained edge hardware, which remains a critical next step.

In future work, we plan to explicitly address these limita-
tions. This includes: (1) Expanding test datasets to include
more examples under harsh conditions (e.g., fog, rain,
and motion blur) to improve robustness; (2) investigating
advanced data augmentation, domain adaptation, and loss-
balancing techniques to mitigate dataset imbalance and
enhance generalizability in open-world scenarios; (3) focus-
ing on embedded deployment challenges; future work will
explore network quantization, pruning, and hardware-aware
architecture search to bridge the gap between theoretical effi-
ciency (FLOPs) and real-world latency, ensuring efficient
operation on resource-constrained devices.

6 Precision-recall curve comparison

To supplement the mAP metrics in Tables 1 and 2, Figs. 11
and 12 provide a visual comparison of the Precision—Recall
(P-R) curves for our HAS-DETR model against the
RT-DETR-R18 baseline and YOLO series on the TT100K
and CCTSDB dataset.

The P-R curve illustrates the trade-off between precision
and recall for different confidence thresholds. As shown in
the figure, the curve for HAS-DETR is consistently above
the other models, indicating a superior performance across
all recall levels. This visual evidence confirms that our mod-
el’s higher mAP score is a result of both higher precision at
high recall levels and a more robust performance overall.

@ Springer



25 Page 14 of 15

Journal of Real-Time Image Processing (2026) 23:25

Precision-Recall Curve
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Fig. 11 P-R curve comparison on the TT100K dataset
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