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Abstract—In real-time traffic sign detection for complex road
scenes, background texture interference and cross-scale fusion
inconsistency make it difficult to achieve high accuracy and
efficiency simultaneously. To tackle this issue, we propose FSR-
RTDETR, a real-time detection network built upon RT-DETR.
Specifically, we design Frequency-Selective Adaptive Sampling
(FSAS) to decouple feature enhancement into frequency-domain
suppression and spatial-domain alignment, which mitigates re-
dundant texture responses and strengthens structural represen-
tations. We further introduce Learnable Gated Fusion (LGF)
to adaptively balance deep semantic cues and shallow fine-
grained details, thereby improving cross-scale representation
consistency. In addition, we incorporate a Re-parameterized
Multi-Branch Convolution (RMBConv) module, which is folded
into an equivalent single-branch operator at deployment to avoid
any additional inference overhead. Extensive experiments and
ablation studies on large-scale datasets validate the effectiveness
of the proposed approach.

Index Terms—Traffic sign detection, RT-DETR, Frequency-
selective modeling, Multi-scale feature fusion, Structural re-
parameterization

I. INTRODUCTION

As pivotal carriers of structured visual information in road
traffic scenes, traffic signs provide high-value priors for intel-
ligent driving, vehicle–infrastructure cooperation, and urban
traffic management [1]. These priors include speed limits,
prohibitions, mandatory instructions, and warnings. However,
in complex backgrounds, multi-scale traffic signs make it
challenging to simultaneously achieve high detection accu-
racy and real-time inference efficiency [2]. Previous studies
generally followed generic object detection paradigms, falling
into two main categories. Two-stage detectors [3], exemplified
by Sparse R-CNN [4], focus on proposal generation and
refinement. While they mitigate computational redundancy via
sparse proposals, their complex inference pipelines often hin-
der deployment under strict real-time constraints. Conversely,
one-stage detectors aim for higher throughput through dense
prediction and lightweight designs [5] [6], with models like
YOLOv6s [7], YOLOv7-Tiny [8], and YOLOv8n [9] seeing
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extensive industrial use. However, limited by the intrinsic local
receptive fields of convolutional operators, these CNN-based
[10] [11] architectures tend to suffer from the attenuation of
fine-grained textures and edge details.

Recent studies have increasingly favored task-specific de-
signs emphasizing target enhancement, interference-robust
representations, and lightweight design [12]. Notable exam-
ples include CABNet [13], which incorporates a context-
aware module to improve the discriminative power of the
target feature representations. TRD-YOLO [14] integrates
global modeling with lightweight heads. TSR-YOLO [15]
adopts a multi-stage self-processing strategy to boost the
recognizability of tiny signs. YOLO-ADual [16] enhances
mobile adaptability through specialized lightweight downsam-
pling and feature extraction modules, and YOLO-DPDG [17]
strengthens target representation via mechanisms such as dual
pooling and dynamic grouping. Beyond the dominant CNN-
based approaches, Transformers [18] are being progressively
introduced into traffic sign detection to mitigate the limitations
of local convolutions by leveraging their global modeling
capabilities. For example, Zeng et al. proposed Transformer-
Fusion [19], which employs a cross-scale fusion strategy
and reinforced loss constraints to improve the consistency
and discriminability of fused representations. Similarly, SE-
DETR [20] utilizes lightweight multi-scale feature aggregation
and global context modeling to boost detection accuracy and
robustness. However, in complex road scenarios, detection per-
formance remains constrained by high-frequency background
texture [21] interference and insufficient cross-scale alignment.
Consequently, improving cross-scale consistency and repre-
sentation while maintaining an optimal speed–accuracy bal-
ance [22] [23] without increasing inference overhead remains
a critical challenge.

Therefore, we propose FSR-RTDETR, an efficient end-
to-end detection network based on frequency-selective mod-
eling and structural re-parameterization. The framework
constructs a joint frequency–spatial enhancement mecha-
nism via Frequency-Selective Adaptive Sampling (FSAS).
This approach improves the discriminability of traffic
signs in complex backgrounds through explicit frequency-
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Fig. 1: FSR-RTDETR extracts multi-scale features with backbone, enhances backbone representations via FSAS, performs
adjacent-level fusion using LGF, and adopts RMBConv for deployment-friendly convolution.

band selection and radial geometric constraints. Specifically,
Frequency-aware Feature Selection (FFS) suppresses redun-
dant background-induced frequency responses while high-
lighting key structural. Radial Adaptive Dilated Deformable
Convolution (RADDC) further regularizes the sampling distri-
bution using a radial sampling strategy aligned with traffic-sign
geometric priors. At the multi-scale fusion stage, we introduce
Learnable Gated Fusion (LGF), which uses a global learnable
gate to adaptively balance deep semantic cues and shallow
fine-grained details, combined with lightweight inter-group
interactions. And it promotes consistent cross-scale fusion.
Finally, we incorporate Re-parameterized Multi-Branch Con-
volution (RMBConv) as a convolutional building block: during
training, its multi-branch topology enhances representational
capacity and stabilizes gradient propagation, while at deploy-
ment it is folded into an equivalent single-branch operator
to enable deployment-friendly inference without additional
overhead.

The main contributions of this paper are highlighted as
follows:

• We propose FSR-RTDETR, an end-to-end real-time traf-
fic sign detector for complex road scenes, improving the
accuracy–efficiency trade-off of RT-DETR.

• We design FSAS, combining frequency-domain denois-
ing with radially geometry-consistent sampling to en-
hance structural representations.

• We present LGF, a globally gated fusion with lightweight
interactions to improve cross-scale consistency and se-
mantic alignment.

• We adopt re-parameterized RMBConv, using multi-
branch training and single-branch deployment to avoid
extra inference overhead.

Our source code can be found at the following anonymized
link: https://anonymous.4open.science/r/FSR-RTDETR-176E.

II. THE PROPOSED METHOD

A. Overview
As illustrated in Fig. 1, the proposed architecture builds

upon RT-DETR [24]. First, the input image is fed into a
ResNet-18 backbone for multi-scale feature extraction at the
P5 layer. We introduce the Frequency-Selective Adaptive
Sampling (FSAS) module to perform frequency-domain infor-
mation selection and spatial adaptive sampling. This design
suppresses background noise while enhancing adaptability
to scale variations and geometric deformations. Next, the
Learnable Gated Fusion (LGF) module is employed to align
and fuse features from adjacent scales via a gating mech-
anism, thereby mitigating semantic misalignment in multi-
scale fusion and ensuring effective feature complementarity.
We introduce the Re-parameterized Multi-Branch Convolution
(RMBConv) convolution to enhance representational capacity
during the training phase while avoiding additional inference
overhead. Finally, the fused features are fed into the Trans-
former encoder-decoder and query prediction heads to output
classification and bounding box results, achieving end-to-end
real-time detection.

B. Frequency-Selective Adaptive Sampling
In traffic sign detection, the prevalence of high-frequency

textural noise frequently interferes with feature discrimination,
thereby degrading detection accuracy. To address this chal-
lenge, this paper proposes FSAS, a framework incorporating a
two-stage decoupled design that prioritizes frequency-domain
selection followed by spatial-domain alignment. Specifically,
the proposed method comprises Frequency-aware Feature
Selection (FFS) and Radial Adaptive Dilation Deformable
Convolution (RADDC).

a) Frequency-aware Feature Selection: FFS is not equiv-
alent to simple low-pass denoising. Instead, it performs
spectrum-aware spatial re-weighting. As illustrated in Fig. 2,
we explicitly model frequency bands using multi-scale low-
pass bases and adjacent differential residuals.
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Fig. 2: Architectures of the proposed components: FSAS, which consists of FFS and RADDC, as well as LGF and RMBConv.

Given an input feature map x ∈ RC×H×W , FFS constructs
a set of band-wise components {bi}K+1

i=1 , where bK+1 denotes
the lowest-frequency base term and bi (i = 1, . . . ,K) rep-
resent residual components associated with higher-frequency
structures. In our implementation, each low-pass basis LPi is
an ideal binary mask applied in the Fourier domain, whose
centered rectangular passband spans (H/fi) × (W/fi) fre-
quency bins. Then we set fi ∈ {3, 5, 7, 9} and K = 4. To
adaptively regulate the contribution of each band at every
spatial location, FFS predicts a spatial weight map wi for
each band via lightweight gating predictors. Concretely, the
per-band gating maps are computed as:

wi = sp act
(
Convi(x)

)
, wK+1 = ConvK+1(x) (1)

where Convi(·) denotes the i-th gating predictor and
sp act(u) = 2σ(u) produces non-negative, bounded weights.
We further adopt a zero-initialization scheme for the gating
branch, yielding an approximately identity modulation in early
training and thereby stabilizing optimization. After obtaining
the band-wise weights, FFS aggregates the band components
through element-wise modulation and summation:

xfs =

K∑
i=1

(wi ⊙ bi) +wK+1 ⊙ bK+1 (2)

where wi acts as a content-adaptive spatial mask that at-
tenuates spurious activations dominated by high-frequency

background textures while retaining structurally informative
patterns. Meanwhile, the base term bK+1 provides a stable
low-frequency representation, which helps preserve semantic
integrity and yields a cleaner feature xfs for subsequent
alignment and multi-scale fusion.

b) Radial Adaptive Dilation Deformable Convolu-
tion: Upon obtaining the frequency-suppressed feature xfs,
RADDC introduces a geometric alignment mechanism. Let p0

denote the current spatial location on the output feature map.
As illustrated in Fig. 2, in contrast to standard deformable
convolutions [25] that directly regress unconstrained two-
dimensional offsets, RADDC formulates the offsets using fixed
grid-aligned directions (we use the canonical 3 × 3 lattice
with N = 9 sampling points, denoted as {vk}9k=1, i.e.,
vk ∈ {(−1,−1), (−1, 0), . . . , (1, 1)}) and learned position-
dependent radial scaling factors, together with a modulation
mask for reliability-aware aggregation.

Concretely, we predict a scalar map from xfs via an
offset predictor, where PAD(·) denotes appropriate padding
for boundary-safe sampling. The scaling map is constrained
to be non-negative by ReLU(·) and is further modulated by a
preset coefficient d, yielding:

s(p0) = ReLU(Convoff(PAD(xfs))) · d. (3)

Here, d is a layer-wise preset dilation coefficient used to
calibrate the predicted scaling response to an offset magnitude



consistent with the target scale, thereby stabilizing training
across feature levels. Meanwhile, a mask predictor produces
the modulation mask mk ∈ (0, 1), where k indexes the
sampling locations, to down-weight unreliable samples:

mk = σ(Convmask(PAD(xfs))) . (4)

The scalar factor s(p0) is applied to the preset direction vec-
tors to construct the 2D offset field for deformable sampling.
Finally, alignment aggregation is performed via modulated
deformable convolution, yielding a cleaner and more spatially
aligned representation for subsequent multi-scale fusion and
decoding:

y = DCN(xfs, s(p0), mk) . (5)

C. Learnable Gated Fusion

Instead of the baseline concatenation-based fusion (i.e.,
Concat([x̂low, xhigh]) with subsequent convolutional mixing),
we adopt LGF to gate the contribution of adjacent-scale fea-
tures, thereby reducing semantic–detail mismatch and alleviat-
ing missed detections. Specifically, given input features from
adjacent levels, xhigh provides semantic information, while
xlow preserves fine-grained spatial details. We first obtain
the scale-aligned feature x̂low by aligning xlow with xhigh,
and subsequently partition both features uniformly along the
channel dimension into G = 4 subgroups for independent
fusion. A globally shared learnable scalar, denoted as γ, is
mapped via a Sigmoid function to generate a gating coefficient
α = σ(γ). Formally, for the g-th channel group, LGF performs
a gated interpolation between the aligned low-level feature
x̂
(g)
low and the high-level feature x

(g)
high as:

o(g) = α⊙ x̂
(g)
low + (1− α)⊙ x

(g)
high, g ∈ {1, 2, 3, 4} (6)

where ⊙ denotes element-wise multiplication. The coefficient
α is broadcast across spatial locations (and channels within
each group), enabling global ratio calibration with negligible
computational overhead. Since the two aligned streams mainly
differ in their relative emphasis on high-level semantics versus
fine-grained details, rather than pixel-wise misalignment, a
spatially shared scalar α is sufficient to calibrate their global
mixing ratio with minimal degrees of freedom, improving
optimization stability. Finally, the fused outputs from all
groups are concatenated along the channel dimension to obtain
the final fused representation:

z = Concat
(
o(1), o(2), o(3), o(4)

)
. (7)

D. Re-parameterized Multi-Branch Convolution

To enhance the representational capacity of the object detec-
tion network for complex features without incurring additional
inference costs, we design RMBConv as a drop-in replacement
for the baseline downsampling convolution in the backbone,
inspired by the structural re-parameterization philosophy [26].
During the training phase, the module leverages a multi-branch
approach to expand the solution space. Given an input feature
X, the output Y is computed by aggregating dual parallel 3×3

convolutional branches, a 1 × 1 convolutional branch, and a
conditional identity branch (active when Cin = Cout):

Y = ϕ

(
2∑

k=1

F (k)
3×3(X) + F1×1(X) + Iid B(X)

)
(8)

where ϕ(·) is instantiated as the SiLU activation in our
implementation, F(·) represents the convolution followed by
Batch Normalization (BN), and B(·) denotes the BN operation
on the identity path. Iid is an indicator that equals 1 if channel
dimensions match and 0 otherwise.

During inference, the linear multi-branch structure is an-
alytically fused into an equivalent single 3 × 3 convolution,
enabling efficient deployment without additional computa-
tional overhead. To this end, Batch Normalization (BN) is
first folded into the preceding convolution of each branch,
yielding the merged parameters W′ and b′. The 1× 1 kernel
is then expanded to a 3×3 kernel via a zero-padding operator
P(·) to ensure kernel-size alignment. In addition, when the
identity branch is enabled (Cin = Cout), its BN parameters are
converted into an equivalent convolutional kernel W′

id (with
the corresponding bias term). Finally, the equivalent kernel
Weq and bias beq are obtained by linearly aggregating the
merged kernels and biases from all branches, yielding the
inference-time form

Y = ϕ(Conv3×3(X;Weq,beq)) (9)

where the fused parameters are given by
Weq =

2∑
k=1

W
′(k)
3×3 + P(W′

1×1) + Iid W′
id,

beq =

2∑
k=1

b′(k) + b′
1×1 + Iid b′

id.

(10)

E. Loss Function

During the training of FSR-RTDETR, a set-based super-
vision strategy is employed for the predictions produced by
the detection decoder. Specifically, a one-to-one assignment
between predicted queries and ground-truth objects is first
established via bipartite matching, and the matched pairs are
then optimized by a weighted combination of classification
and localization losses. Eventually, the overall loss function is
formulated as:

Ldet = λclsLcls + λ1L1 + λgiouLgiou. (11)

Here, Lcls denotes a focal-style classification loss (unmatched
predictions are supervised as the “no-object” class), L1 is
the ℓ1 loss on normalized box parameters, and Lgiou is the
generalized IoU loss for bounding box regression. λcls, λ1

and λgiou are scalar weights balancing the three terms.



III. EXPERIMENTS

A. Experimental Setup

a) Datasets: We evaluate our method on the TT100K
(2021) [27] benchmark, a large-scale dataset derived from
Tencent Street View comprising over 100k high-resolution
(2048 × 2048) images across diverse scenarios. To mitigate
severe class imbalance, we selected a subset of 45 high-
frequency categories (samples ≥ 100) for stable evaluation,
covering object scales from 8×8 to 400×400 pixels. Strictly
adhering to the official protocol, we partition the original
training data into a training set (5,191 images) and a validation
set (915 images) using an 8.5:1.5 ratio, and evaluate final
results on the official test set (3,072 images).

b) Implementation Details: Experiments were performed
on an NVIDIA A40 GPU using PyTorch 2.0.1 to ensure
reproducibility. Input images were resized to 640× 640. The
training process consisted of 200 epochs with a batch size of
4, optimized by Adam with an initial learning rate of 1×10−4.

c) Evaluation Metrics: Model performance is evaluated
using standard object detection metrics. Specifically, we re-
port mAP@0.5, mAP@0.75, mAP@0.5:0.95, Precision (P),
and Recall (R) to assess detection accuracy and reliability.
Additionally, inference throughput is measured in frames per
second (FPS), and computational complexity is quantified
in GFLOPs, enabling a systematic assessment of the accu-
racy–efficiency trade-off.

B. Comparison With Other Methods

To validate the effectiveness of the proposed method in
complex road scenarios, we benchmark FSR-RTDETR against
various representative detectors on the TT100K-45 dataset. As
shown in Table I, FSR-RTDETR achieves an mAP@0.5 of
80.46% and reaches 61.34% on the stricter mAP@0.5:0.95
metric. Compared to the two-stage method Sparse R-CNN,
our method delivers a substantial speedup of approximately 18
times while maintaining comparable accuracy. In contrast to
lightweight YOLO variants such as TSR-YOLO, although our
FPS is slightly lower, we achieve a significant gain of nearly
10 percentage points in mAP@0.5, highlighting enhanced
detection reliability in complex scenarios.

C. Ablation Study

Based on the RT-DETR-r18 baseline, we conducted ablation
studies on the TT100K-45 dataset to verify the effectiveness of
each component. As shown in Table II, FSAS alone yields sta-
ble performance gains (mAP@0.5 = 79.53%, mAP@0.5:0.95
= 60.78%). Meanwhile, incorporating LGF alone primarily
improves performance in high IoU [29] intervals (mAP@0.75
= 73.26%), indicating its capability to enhance cross-scale
fusion quality. The combination of these two modules delivers
complementary performance gains (mAP@0.5 = 80.27%).
Ultimately, the integration of RMBConv achieves the opti-
mal accuracy-efficiency balance. It elevates the comprehen-
sive performance to 80.46% in mAP@0.5 and 61.34% in
mAP@0.5:0.95 while maintaining real-time inference, thereby

TABLE I: Comparison with representative detectors on
TT100K. Metrics are reported in % with two decimals. ↑/↓
indicates higher/lower is better. Accuracy metrics (mAP, P,
R) quantify detection performance, while efficiency metrics
(GFLOPs) reflect computational cost, respectively. “–” denotes
results not reported. The best result in each column is high-
lighted in bold.

Method mAP@0.5↑ mAP@0.5:0.95↑ P↑ R↑ GFLOPs↓
Sparse R-CNN [4] (2021) 69.50 53.20 – – 172.00
TOOD [28] (2021) 70.70 50.70 71.20 77.30 125.00
YOLOv6s [7] (2022) 75.60 57.60 – – 45.30
YOLOv7 [8] (2022) 52.90 39.40 52.10 55.40 103.90
YOLOv8n [9] (2023) 60.50 46.10 52.90 59.90 8.70
TSR-YOLO [15] (2023) 72.73 56.57 – – –
YOLO-Adual [16] (2024) 70.10 – 71.80 63.50 11.20
YOLO-DPDG [17] (2025) 69.50 52.90 69.80 61.00 9.20
SE-DETR [20] (2025) 79.70 61.00 84.20 76.00 –
Ours 80.46 61.34 85.56 77.38 53.50

(1)

(2)

(3)

Fig. 3: Qualitative comparison among (1) ground-truth anno-
tations, (2) the baseline model, and (3) the proposed model.

enhancing deployment friendliness without compromising ac-
curacy. To visually corroborate the quantitative results, Fig. 3
compares the baseline and our method against the ground
truth, showing tighter localization and fewer false positives
in cluttered scenes.

Overall, FSR-RTDETR achieves a more favorable accuracy-
efficiency trade-off in complex road scenes. These results
validate the effectiveness of the proposed mechanisms, includ-
ing frequency-domain noise suppression, geometric-consistent
sampling, unified fusion, and the deployment-friendly re-
parameterized structure.

D. Effective Receptive Field Analysis

To elucidate the performance gains in feature aggregation,
we quantitatively measured the effective receptive field of
feature maps (specifically at Layer 19), following the protocol
established by RepLKNet [30]. ERF serves as a critical metric
for gauging a network’s capacity to capture long-range depen-



TABLE II: Ablation study on TT100K. Metrics (mAP, P,
R) are reported in % with two decimals. ↑/↓ indicates
higher/lower is better. “FPS (infer.)” is measured under the
same setting. “Params” denotes the total number of trainable
parameters (in M) of the whole detector.

Modules Accuracy ↑ Efficiency
FSAS LGF RMBConv mAP@0.5 mAP@0.75 mAP@0.5:0.95 P R GFLOPs↓ Params(M)↓ FPS ↑

79.11 71.50 60.07 81.62 78.51 57.10 19.92 138.27
✓ 79.53 72.78 60.78 83.59 78.20 57.10 19.92 140.32

✓ 80.32 73.26 61.21 85.11 78.04 57.10 19.93 137.97
✓ ✓ 80.27 72.23 60.95 85.61 77.59 57.10 19.93 124.01

✓ ✓ 80.31 72.88 61.26 85.97 76.93 57.10 19.93 171.16
✓ ✓ ✓ 80.46 73.28 61.34 85.56 77.38 53.50 20.07 154.94

TABLE III: ERF coverage ratio at different contribution
thresholds on the P3 branch. Values are in % (higher indicates
broader spatial coverage of high-contribution regions).

Model t=20% t=30% t=50% t=99%
RT-DETR-r18 10.66 18.73 40.44 99.06
Ours 12.80 (+ 2.14) 23.01 (+ 4.28) 44.10 (+ 3.66) 99.06

dencies. As shown in Table III, compared to the Baseline,
the Full Model exhibits a significant expansion in coverage.
Specifically, at core thresholds of t = 20% and t = 30%, the
coverage ratios increase from 10.66% to 12.80% (+ 2.14) and
from 18.73% to 23.01% (+ 4.28), respectively. At t = 50%,
the coverage expands from 40.44% to 44.10% (+ 3.66). These
results indicate that the proposed design effectively expands
the spatial coverage of high-contribution regions within the
P3 branch, thereby enhancing context utilization for traffic
signs against complex backgrounds. Note that the threshold t
denotes the cumulative contribution ratio. The percentages in
the table represent the ratio of the minimum center-anchored
square area required to reach the cumulative contribution t
relative to the total input area.

IV. CONCLUSION

To tackle the challenge of balancing accuracy and efficiency
in traffic sign detection under complex road scenarios, this
paper proposes FSR-RTDETR, an efficient detection net-
work based on frequency-selective modeling and structural
re-parameterization. By leveraging the frequency-spatial de-
coupling mechanism of the FSAS module and the parameter-
sharing gating strategy of the LGF module, we effectively mit-
igate feature degradation caused by background interference
and semantic misalignment during cross-scale fusion, without
incurring significant computational overhead. Furthermore, the
incorporation of RMBConv guarantees deployment efficiency
via structural re-parameterization. Extensive experiments on
the TT100K dataset demonstrate that FSR-RTDETR achieves
a Precision of 85.56% and an mAP@0.5 of 80.46% while
maintaining high real-time inference speeds. Achieving su-
perior results among the compared methods, it provides a
solution combining high performance and low latency for
autonomous driving perception systems. In future work, we
will evaluate FSR-RTDETR on more diverse benchmarks and
adverse conditions to further improve its generalization while
maintaining real-time efficiency.
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