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Abstract

Vehicle detection is a fundamental perception task in intelligent transportation systems and
autonomous driving. Although state-of-the-art detectors achieve competitive performance
under normal conditions, their robustness degrades substantially under adverse conditions
such as rain, fog, low illumination, and sensor noise. To address this challenge, we propose
RD-DETR, a vehicle detector that incorporates reaction–diffusion mechanisms into deep
feature learning. The RDNet backbone adopts a pyramid-based enhancement strategy
in which shallow layers preserve fine-grained texture details while deep layers employ
reaction–diffusion-inspired dynamics to suppress noise and enhance target representations.
The Phase-Guided Spatial Attention (PGSA) module leverages phase-related structural
cues that are relatively less sensitive to global illumination and contrast variations, help-
ing recover vehicle boundaries when appearance cues become unreliable under adverse
imaging conditions. The Content-Aware Adaptive Fusion Module (CA-AFM) dynamically
aggregates multi-scale features according to scene complexity, improving detection across
diverse traffic scenarios. Experiments on BDD100K and DAWN show that RD-DETR yields
mAP@0.5 improvements of 3.2 and 4.0 percentage points over RT-DETR, respectively, while
reducing model parameters by 27.6%, indicating a favorable balance between accuracy and
efficiency under the evaluated settings.

Keywords: vehicle detection; physics-inspired neural networks; reaction–diffusion equations;
phase-guided attention; adaptive feature fusion

1. Introduction
Vehicle detection is an essential perception task in intelligent transportation systems

(ITSs) and autonomous driving. In ITS applications, accurate vehicle detection under-
pins traffic flow monitoring, adaptive signal control, and intelligent law enforcement. In
autonomous driving, reliable detection is a prerequisite for path planning and collision
avoidance, with direct implications for driving safety.

The advent of deep learning has driven substantial progress in vehicle detection.
From two-stage detectors [1,2] to efficient single-stage approaches [3–8] and Transformer-
based end-to-end frameworks [9,10], both accuracy and inference speed have improved
considerably. However, existing detectors exhibit insufficient robustness under complex
degradation conditions, such as rain, fog, low illumination, and sensor noise. In practical
deployment, algorithm design remains constrained by trade-offs among inference speed,
environmental adaptability, and computational cost.
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Three fundamental challenges persist for vehicle detection under degraded condi-
tions. First, diverse degradation patterns coexist in complex scenes: atmospheric scattering
blurs fine details, rain and snow streaks inject high-frequency noise, low-light conditions
reduce signal-to-noise ratios, and motion blur coupled with sensor noise further degrades
image quality. Existing methods, whether CNN-based or Transformer-based, rely on
data-driven statistical learning and lack explicit modeling of physical imaging processes,
making it difficult to separate targets from background noise under severe degradation.
Although physics-based modeling has demonstrated value in low-level vision, including
deep denoising [11] and trainable reaction–diffusion models [12], such approaches remain
underexplored in real-time object detection. Second, existing attention mechanisms pre-
dominantly operate in spatial and channel domains. While some works have explored
global frequency features [13], they focus primarily on magnitude information. Prior
signal processing studies suggest that phase information captures structural cues and is
often less sensitive to global illumination and contrast changes than magnitude informa-
tion [14], which may help preserve boundary contours in degraded images; however, this
cue remains underutilized in detection. Third, traffic scenarios span a wide scale range,
yet existing multi-scale fusion strategies such as FPN [15] and BiFPN [16] employ fixed
weights and cannot adapt dynamically to image content, limiting their effectiveness under
complex degradation.

To address these challenges, this study aims to develop an end-to-end multi-class
detector that remains both accurate and computationally efficient under adverse traffic
imaging conditions. In this work, robustness refers to detection stability under imaging
degradations, such as low illumination, adverse weather, blur, and sensor noise, rather than
to all possible challenges in traffic-scene detection. The investigation is structured around
three research questions: RQ1: Can embedding reaction–diffusion-inspired dynamics into
the backbone improve the detector’s accuracy–efficiency trade-off under adverse imaging
conditions? RQ2: Can phase-guided cues provide complementary structural information
when appearance cues become unreliable? RQ3: Can content-aware adaptive fusion
improve multi-scale aggregation relative to static fusion strategies? Building on these
questions, we propose RD-DETR, whose three main contributions are summarized below.

The main contributions of this work are as follows:

1. We propose RDNet, a backbone that integrates reaction–diffusion mechanisms into
feature extraction. A pyramid-based enhancement strategy is adopted, preserving
textural details in shallow layers while suppressing noise and enhancing target repre-
sentations through reaction–diffusion dynamics in deep layers.

2. We design the Phase-Guided Spatial Attention (PGSA) module, which leverages phase-
related structural cues in the frequency domain to guide spatial attention, enabling
improved extraction of vehicle contours under low signal-to-noise conditions.

3. We introduce the Content-Aware Adaptive Fusion Module (CA-AFM), which dynamically
generates scale-specific weights through a lightweight network, improving multi-scale
detection accuracy while remaining suitable for resource-constrained deployment.

Experiments on BDD100K and DAWN show that RD-DETR yields mAP@0.5 improve-
ments of 3.2 and 4.0 percentage points over RT-DETR, respectively, while reducing model
parameters by 27.6%, indicating a favorable balance between accuracy and efficiency under
the evaluated settings.

The remainder of this paper is organized as follows. Section 2 reviews related work on
real-time object detection, robust detection under adverse conditions, and physics-inspired
deep learning. Section 3 presents the RD-DETR architecture, including RDNet, PGSA,
and CA-AFM. Section 4 reports the experimental setup, comparative results, targeted
ablation studies, repeated-run statistics, and visualization analysis. Section 5 concludes this
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paper, summarizes how the research questions are addressed, and discusses limitations
and future directions.

2. Related Work
2.1. Real-Time Object Detection

Object detection has evolved from two-stage to single-stage architectures and sub-
sequently to Transformer-based paradigms. Early region proposal network methods,
including Faster R-CNN [1] and Cascade R-CNN [2], achieved high detection precision but
were limited in inference speed. Single-stage detectors subsequently dominated real-time
applications. RetinaNet [3] addressed class imbalance through Focal Loss while preserv-
ing efficiency. The YOLO series [5–8] has continuously advanced performance through
diverse architectural innovations: YOLOv9 introduced programmable gradient informa-
tion for improved learning, YOLOv10 achieved NMS-free end-to-end training, YOLOv12
incorporated attention mechanism optimization, and YOLOv13 proposed hypergraph-
enhanced adaptive visual perception, collectively pushing the accuracy–speed frontier.
The introduction of Transformer architectures brought a new paradigm to object detec-
tion. DETR [9] realized end-to-end detection through self-attention mechanisms and the
Hungarian matching algorithm, eliminating dependence on anchors and non-maximum
suppression. RT-DETR [10] addressed real-time detection requirements by designing an
efficient hybrid encoder and an uncertainty-minimal query selection strategy, achieving
a competitive accuracy–speed trade-off. Lightweight backbone networks such as Faster-
Net [17], StarNet [18], and MobileNetV4 [19] have further reduced computational overhead
while maintaining performance, providing viable options for edge deployment. Never-
theless, these models lack explicit modeling of physical imaging processes, limiting their
robustness under complex degradation conditions.

2.2. Robust Detection Under Challenging Conditions

Considerable research has addressed detection degradation caused by adverse image
quality. One line of work enhances robustness through architectural design: Kang et al. [20]
proposed YOLO-FA, which dynamically reweights feature maps via fuzzy entropy to
reduce uncertainty in rainy and nighttime scenarios; Liu et al. [21] designed MDFD2-DETR,
employing feature decomposition across spatial, channel, and frequency domains to handle
complex scenes; and Tahir et al. [22] integrated Swin–Transformer attention into YOLOv8
to improve small object recognition. Another line adopts image preprocessing, such as
applying ESRGAN for enhancement prior to detection [23]. Although effective in specific
scenarios, preprocessing-based methods introduce additional computational overhead
and are not amenable to end-to-end optimization, limiting their practicality in real-time
systems. Across both lines, explicit modeling of the physical processes underlying image
degradation remains largely absent.

2.3. Physics-Inspired Deep Learning

Physics-inspired methods have demonstrated strong potential in low-level vision.
Classical anisotropic diffusion achieves a favorable balance between noise suppression and
edge preservation through adaptive diffusion coefficients. Chen and Pock [12] proposed
TNRD, a trainable nonlinear reaction–diffusion framework that learns system parameters
in a data-driven manner, achieving strong performance in image denoising and super-
resolution. Reaction–diffusion systems can simultaneously achieve noise smoothing and
feature enhancement through the coupled action of diffusion and reaction terms. However,
such physics-inspired approaches have primarily been applied to low-level tasks and
remain underexplored in high-level vision tasks such as real-time object detection, where
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they are typically relegated to preprocessing or training-time regularization. The present
work addresses this gap by embedding reaction–diffusion-inspired mechanisms directly
into backbone network design, modeling feature extraction as a learned feature evolution
process inspired by reaction–diffusion dynamics. More broadly, physics-informed neural
networks [24] and Fourier-based operators [25] have demonstrated the value of embedding
physical priors into learning systems, motivating the integration of such mechanisms into
high-level vision tasks.

However, the proposed detector is not intended as a physics-informed PDE solver.
Unlike PINNs, which incorporate governing equations as explicit training constraints,
and unlike Fourier-based neural operators, which parameterize mappings in the spectral
domain for PDE-related problems, RD-DETR uses reaction–diffusion-inspired structure as
an inductive bias for learned feature evolution in object detection.

3. RD-DETR Architecture
3.1. Overall Framework

RD-DETR extends RT-DETR with three components (Figure 1): the RDNet backbone,
a Phase-Guided Hybrid Encoder, and a Transformer decoder. RDNet extracts multi-scale
features {S3, S4, S5}, where shallow layers preserve fine-grained structural details through
standard feature extraction, and deep layers apply reaction–diffusion dynamics to suppress
accumulated noise and enhance target representations. Within the encoder, PGSA processes
shallow features S3 and S4 to recover frequency domain structural details, while AIFI
facilitates semantic interactions in the deep feature S5. For cross-scale feature fusion,
CA-AFM replaces static concatenation with dynamic content-aware aggregation. The
resulting multi-scale features are passed to the Transformer decoder, which generates
final detections through IoU-aware query selection. The three components address noise
modeling, structural attention, and adaptive fusion in a coordinated manner, forming a
coherent pipeline for robust vehicle detection under degraded conditions.

Figure 1. RD-DETR architecture overview.

3.2. Physics-Inspired Reaction–Diffusion Backbone

Traditional CNN backbones suffer feature degradation under challenging imaging
conditions, as fixed convolution kernels cannot adaptively handle diverse degradation
patterns such as atmospheric scattering, rain/snow noise, and sensor artifacts. To address
this, we propose RDNet, which incorporates reaction–diffusion-inspired dynamics into
feature extraction.

This design is conceptually related to TNRD [12], which learns reaction–diffusion
parameters for low-level image restoration such as denoising and super-resolution. RDNet
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differs from such approaches in both task and training objective: the reaction–diffusion
dynamics are applied at the feature level inside a detection backbone, and the corresponding
update operators are jointly optimized with the downstream detection objective rather
than a pixel-reconstruction loss. The role of reaction–diffusion thus shifts from an explicit
image-restoration solver to a structural inductive bias for feature learning under adverse
imaging conditions.

3.2.1. Reaction–Diffusion Module

Reaction–diffusion systems [26] form stable spatiotemporal patterns through cou-
pled diffusion and reaction processes, making them naturally suited to feature extraction:
diffusion suppresses noise while reaction amplifies discriminative features. In a contin-
uous spatiotemporal domain, the feature state U(x, y, t) evolves according to the partial
differential equation:

∂U
∂t

= ∇·(D∇U) +R(U) (1)

where D is the diffusion coefficient matrix and R(·) is a nonlinear reaction functional.
For notational brevity, we denote the diffusion operator in Equation (1) as

D(·) := ∇ · (D∇·). The learnable discrete diffusion tensor used in RD-Block is denoted by
Dd to distinguish it from the continuous coefficient matrix D. Starting from this continuous
formulation, we make two modifications to obtain a network-friendly form. First, we
augment the reaction term with an interaction term that couples the evolving state with the
initial spatial features. Second, we apply an explicit Euler discretization with time step ∆t,
yielding a residual update of the form:

Uk+1 = Uk + ∆t[D(Uk) +R(Uk) +I(Uk, S)] (2)

where D(·), R(·), and I(·, ·) denote the diffusion, reaction, and interaction operators,
respectively. Equation (2) provides a conceptual Euler-style transition from the continuous
formulation, whereas Equation (3) gives the implemented hidden-state update in RD-
Block. Based on this interpretation, we design a Reaction–Diffusion Block (RD-Block) that
implements the above learned dynamical update in the network. As shown in Figure 2a,
given input features X ∈ RC×H×W , the RD-Block first projects them to a hidden state u0 via
1 × 1 convolution, followed by layer normalization, and separately extracts spatial features
s via 3 × 3 depthwise convolution for subsequent state interaction. The state then evolves
over T discrete steps; the k-th update is given by:

uk+1 = GELU(uk +Fdiff(uk) +Freact(uk) +Fint(uk, s)) (3)

where Fdiff, Freact, and Fint denote the diffusion, reaction, and interaction terms, respec-
tively. GELU is used here as a smooth nonlinear surrogate that improves optimization
stability while preserving nonlinear response capacity; it is not intended to represent an
exact physical reaction law. In the implemented RD-Block, the effect of the time-step scaling
is absorbed into the learnable operators. Therefore, Equation (3) should be viewed as the
parameterized neural realization of the conceptual update in Equation (2), rather than as
an exact numerical solver of a physical PDE. Accordingly, the iteration number T is treated
as a structural hyperparameter of RD-Block, and its influence on detection accuracy and
computational cost is examined in Section 4.3.3.
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Figure 2. RDNet backbone structure. (a) RD-Block; (b) RD-ELAN module; (c) RDNet backbone architecture.

The diffusion term implements learnable adaptive diffusion:

Fdiff(u) = Dd ⊙∇2u (4)

where Dd denotes the learnable discrete diffusion coefficient tensor associated with the
continuous coefficient matrix D introduced in Equation (1), ⊙ denotes element-wise multi-
plication, and ∇2 is the discrete Laplacian operator realized via a learnable 3 × 3 convolu-
tion kernel. Accordingly, the diffusion in RD-Block is therefore not controlled by a fixed
scalar hyperparameter, but by the learnable coefficient tensor Dd in Equation (4), which is
optimized jointly with the rest of the detector.

The reaction term applies a nonlinear transformation through two successive
1 × 1 convolutions:

Freact(u) = Conv1×1(GELU(Conv1×1(u))) (5)

The interaction term fuses the current state with the initial spatial features:

Fint(u, s) = Conv1×1(GELU(Conv1×1(Concat[u, s]))) (6)

After T iterative evolution steps, an output projection maps the final hidden state back
to the target channel dimension.

3.2.2. RD-ELAN Module

To balance computational efficiency with degradation-aware feature learning, we
propose the RD-ELAN module, inspired by the Efficient Layer Aggregation Network
(ELAN) [4]. As shown in Figure 2b, the module adopts a split–evolve–aggregate design
that decouples feature evolution from the gradient flow path. Input features are first
split via a 1 × 1 convolution into a gradient-preserving path Xskip and a feature-evolution
path Xmain. Following initial feature extraction by RepConv [27], Xmain passes through a
sequence of N cascaded RD-Blocks. RepConv employs multi-branch structures during
training and fuses them into a single 3 × 3 convolution via structural reparameterization at
inference, reducing latency without sacrificing representational capacity.

The module supports flexible configuration via two hyperparameters: the evolution
depth N controls the number of RD-Blocks, and the channel expansion ratio e controls
intermediate channel dimensions. When N = 0, the module operates in fast mode with only
RepConv and a transition convolution; when N > 0, features undergo multi-step reaction–
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diffusion evolution. Finally, the module densely aggregates Xskip with all intermediate
evolution states:

Y = Conv1×1(Concat[Xskip, X(0)
main, X(1)

main, . . . , X(N)
main]) (7)

where X(0)
main is the RepConv output and X(i)

main is the output of the i-th RD-Block.

3.2.3. RDNet Architecture

Built on RD-ELAN modules, RDNet adopts a pyramid-based enhancement strategy
with differentiated configurations across stages, reflecting the distinct roles of features at
different depths. Shallow features are rich in texture and spatial resolution but sensitive
to over-smoothing; deep features are highly abstract but disproportionately vulnerable to
noise accumulation. As shown in Figure 2c, RDNet configures each stage accordingly. Stage
1 applies standard convolution for efficient downsampling and basic texture extraction.
From Stage 2 onward, RD-ELAN modules are deployed: Stages 2–4 set N = 0, with
e = 0.5 for Stages 2–3 (lightweight) and e = 1.0 for Stage 4, where RepConv preserves high-
frequency details such as vehicle edges. Stage 5 sets N = 2 and e = 1.0, with three stacked
RD-ELAN modules; the reaction–diffusion evolution at this depth suppresses accumulated
noise while enhancing target-level representations. RDNet outputs multi-scale features
{S3, S4, S5} at 8×, 16×, and 32× downsampling for subsequent multi-scale fusion.

3.3. Phase-Guided Hybrid Encoder

Multi-scale features extracted by RDNet must be enhanced and fused prior to detection.
Conventional fusion strategies, including channel-wise concatenation and element-wise
addition, operate entirely in the spatial domain and rely implicitly on magnitude-based
representations, which are susceptible to degradation under adverse imaging conditions
such as low illumination and heavy precipitation. To overcome this limitation, we design
a Phase-Guided Hybrid Encoder consisting of two components: a Phase-Guided Spatial
Attention module (PGSA) and a Content-Aware Adaptive Fusion Module (CA-AFM).

3.3.1. Phase-Guided Spatial Attention (PGSA)

The phase spectrum of an image is known to encode structural information, such as
edges and contours, and to be relatively less sensitive to global illumination and contrast
variations than the magnitude spectrum [14]. Motivated by this property, PGSA generalizes
phase-based structural cues from the image domain to the feature map domain, using
frequency domain phase content as an inductive bias for spatial attention. The empirical
effectiveness of this generalization, which is not directly implied by image domain results,
is evaluated in Section 4.3.4.

PGSA also differs in design intent from existing frequency domain methods. Unlike
GFNet [13], which applies learnable global filters in the frequency domain, and unlike
Fourier-based neural operators [25], which parameterize mappings in the spectral domain,
PGSA explicitly uses phase-derived features to drive spatial attention. The proposed design
therefore complements magnitude-based or full-spectrum frequency modeling rather than
replacing it.

Accordingly, the phase branch is interpreted as a learned feature-space structural prior
that captures edge and contour cues, rather than as a strict physical model of phase in the
image domain. As shown in Figure 3, given input features X ∈ RC×H×W , PGSA first maps
them to the frequency domain via the Fast Fourier Transform (FFT):

Xfft = F(X) (8)
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Figure 3. PGSA module structure.

Direct computation of the phase angle via arctangent suffers from numerical instability
when the denominator approaches zero. Instead, the real and imaginary components are
concatenated channel-wise and passed through a phase extractor Φ:

P = Φ(Concat[Re(Xfft), Im(Xfft)]) (9)

The joint real–imaginary representation retains both phase and magnitude information
in a numerically stable form, while allowing the learnable extractor Φ to selectively empha-
size phase-related structure; Section 4.3.4 validates this choice against magnitude-only and
phase-only alternatives.

The phase extractor Φ consists of a 1 × 1 convolution followed by a 3 × 3 convolution,
each succeeded by batch normalization; ReLU activation is applied between the two layers,
and a tanh activation at the output bounds the phase representation to [−1, 1]. The output
phase features P ∈ RC′×H×W , where C′ = max(8, ⌊C/4⌋), are kept compact to retain
structural cues without incurring excessive computational overhead.

The phase features are then concatenated with the original spatial features and passed
through a spatial attention generator Ψ to produce a channel-wise attention map:

As = Ψ(Concat[X, P]) (10)

The generator Ψ follows the same architectural pattern as Φ, with a Sigmoid activation
at the output yielding As ∈ RC×H×W .

To complement the local spatial modulation with a global context signal, a global
phase modulator compresses the phase features via global average pooling and produces a
channel-level gating vector:

G = σ(Conv1×1(GAP(P))) (11)

where σ denotes the Sigmoid function and G ∈ RC×1×1. The final enhanced features are
obtained by jointly applying spatial attention and global gating through a residual formulation:

Y = X ⊙ (1 + As ⊙ G) (12)

The additive residual term 1+As ⊙G ensures that the original features are preserved when
the attention response is weak, providing training stability in the early stages of optimization.

3.3.2. Content-Aware Adaptive Fusion Module (CA-AFM)

Conventional multi-scale fusion methods rely on fixed-weight channel concatenation
or element-wise addition, which are agnostic to input content and therefore unable to adapt
to varying scene conditions. We propose the Content-Aware Adaptive Fusion Module
(CA-AFM), which achieves dynamic feature aggregation by learning content-dependent
fusion weights.
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As shown in Figure 4, given multi-scale input features {Xi} (i = 1, . . . , n), CA-AFM
first projects all features to a unified channel dimension d via 1 × 1 convolution. A mean
feature map is then computed as a compact scene-level summary:

F =
1
n

n

∑
i=1

Xi (13)

Figure 4. CA-AFM module structure. The scalar parameters αl and βl are learned independently at
each CA-AFM position in the network; their per-position learned values are reported in Section 4.3.5.

A lightweight attention network estimates the importance weight of each scale based
on this summary:

w = σ(Conv(ReLU(Conv(GAP(F))))) (14)

where w = [w1, w2, . . . , wn]
⊤ ∈ Rn is the vector of per-scale importance weights and σ

denotes the Sigmoid function.
The fusion at the l-th CA-AFM position is controlled by two learnable scalar pa-

rameters: αl and βl . Since Ymean in Equation (15) is a mean-scaled version of Ysum, αl

modulates the effective magnitude of the content-aware weighted aggregation rather than
interpolating between two independent fusion streams. The parameter βl is a learnable
scalar gain on the unweighted mean-feature term F, allowing the model to reinforce or
suppress the shared mean-feature response at each CA-AFM position. Both parameters
are learned independently at each CA-AFM position and optimized jointly with the down-
stream detection loss. Their learned values are reported in Section 4.3.5. The weighted
components are computed as:

Ysum =
n

∑
i=1

wi ⊙ Xi, Ymean =
1
n

n

∑
i=1

wi ⊙ Xi (15)

and the final fused output is:

Y = αlYsum + (1 − αl)Ymean + βlF (16)

This parameterized formulation enables CA-AFM to adapt its fusion behavior at each
position: a larger αl increases the effective contribution of the unnormalized weighted
aggregation, helping preserve fine-grained, scale-specific structural signals, whereas a
smaller αl attenuates this contribution. The βlF term independently modulates the un-
weighted mean-feature contribution; positive βl reinforces this term, while negative βl can
offset redundant mean-feature responses already captured by the weighted aggregation. In
implementation, αl and βl are initialized to 0.7 and 0.1, respectively, reflecting a moderate
initial weighting of the content-aware weighted aggregation together with a small positive
mean-feature gain; these initialization values are used across all experiments reported in
this paper.
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4. Experiments
We evaluate RD-DETR on two benchmarks, BDD100K and DAWN, through com-

parisons with representative detectors, ablation studies, and visualization analysis, with
particular attention to detection accuracy under adverse imaging conditions and computa-
tional efficiency.

4.1. Experimental Setup
4.1.1. Datasets

BDD100K [28] is a large-scale driving dataset covering diverse weather conditions,
illumination levels, and scene types. In this study, we use its official labeled validation
subset of 10,000 images and divide it into 7000 training, 2000 validation, and 1000 test
images. The partition follows a class-balance-oriented principle so that the per-class
proportions remain close across the three subsets, as reflected in the instance counts reported
in Table 1. The resulting split is fixed: the exact filename lists of the training, validation,
and test subsets are provided in the Supplementary Materials, and the same split is reused
for all baseline detectors, ablation variants, and repeated-run experiments to ensure that
every method is compared under identical data and evaluation conditions.

Table 1. Per-class instance counts of the adopted train/validation/test splits.

Dataset Split Images Bicycle * Bus Car Motorcycle * Person Rider Truck Total

BDD100K Train 7000 739 1143 71,658 310 9358 468 3005 86,681
BDD100K Validation 2000 214 338 20,881 94 2676 132 862 25,197
BDD100K Test 1000 79 179 10,370 56 1388 57 377 12,506
DAWN Train 700 20 120 4523 61 330 N/A 457 5511
DAWN Validation 200 5 26 1211 7 94 N/A 123 1466
DAWN Test 100 1 16 607 13 44 N/A 61 742

* The bicycle and motorcycle columns refer to BDD100K’s “bike” and “motor” classes and DAWN’s “bicycle” and
“motorcycle” classes, respectively. N/A indicates that the corresponding category is not annotated in the dataset.

To examine the representativeness of the adopted image set, Figure 5 compares its
distribution with the complete labeled BDD100K collection of 80,000 images in terms of
weather, scene, time of day, and object class. The largest per-bin share difference is at most
1 percentage point, indicating that the adopted image set preserves the main environmental
and semantic characteristics of the larger labeled collection. Table 1 further reports the per-
class instance counts of the training, validation, and test subsets, and the class proportions
remain close across the three splits.

For DAWN [29], the 1000 annotated images are divided into 700 training, 200 valida-
tion, and 100 test images following the same class-balance-oriented principle. As DAWN is
smaller and more imbalanced than BDD100K, the per-class instance counts of each split are
reported in Table 1 to make the evaluation setting transparent. The exact filename lists of
the three subsets are likewise provided in the Supplementary Materials.

This study adopts a multi-class detection setting using the original annotation cate-
gories of each dataset. For BDD100K, the evaluated categories are bike, bus, car, motor,
person, rider, and truck; for DAWN, the evaluated categories are bicycle, bus, car, motorcy-
cle, person, and truck. The detailed filename lists of the adopted train, validation, and test
subsets are provided in the Supplementary Materials.
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Figure 5. Distribution comparison of the adopted subset and labeled BDD100K.

4.1.2. Implementation Details

All experiments are conducted using PyTorch 2.2.1 with CUDA 11.8, with RT-DETR-
R18 as the baseline. For RT-DETR and RD-DETR, models are trained for 300 epochs at an
input resolution of 640 × 640, with a batch size of four. Optimization follows the AdamW
optimizer with an initial learning rate of 1 × 10−4 and a cosine annealing schedule. Data
augmentation includes Mosaic and MixUp strategies. The best checkpoint of each model is
selected on the validation set under the same evaluation protocol.

All baseline results reported in this study are reproduced by the authors rather than
taken directly from the original papers. MMDetection is used for conventional and DETR-
family baselines, Ultralytics for RT-DETR and Ultralytics-based YOLO baselines, and the
official YOLOv13 implementation for YOLOv13l. All compared models are trained and
evaluated on the same data split, task definition, and evaluation code. For detectors
with substantially different optimization characteristics, we follow the recommended
training recipes of the corresponding implementations rather than forcing a single unified
hyperparameter setting across architectures. The source implementation and key training
settings of each reproduced baseline are summarized in Table 2. For RT-DETR and RD-
DETR, the main comparison in Table 3 reports the run under seed 42, while repeated-run
results over three training seeds (41, 42, and 43) are additionally reported in Table 4 to
assess run-to-run stability.

Table 2. Source codebases and training settings used for baseline reproduction.

Model Codebase Epochs Optimizer LR Batch

Faster R-CNN, Cascade R-CNN MMDetection 12 (1×) SGD 2 × 10−2 16
RetinaNet, TOOD MMDetection 12 (1×) SGD 1 × 10−2 16
DETR MMDetection 150 AdamW 1 × 10−4 16
DDQ-DETR MMDetection 12 AdamW 2 × 10−4 16
DAB-DETR MMDetection 50 AdamW 1 × 10−4 16
YOLOv9m, YOLOv10m,
YOLO11m, YOLOv12m Ultralytics 300 SGD/AdamW 1 × 10−2/1 × 10−3 16

YOLO26m Ultralytics 300 MuSGD/AdamW 1 × 10−2/1 × 10−3 16

https://doi.org/10.3390/app16094378

https://doi.org/10.3390/app16094378


Appl. Sci. 2026, 16, 4378 12 of 23

Table 2. Cont.

Model Codebase Epochs Optimizer LR Batch

YOLOv13l YOLOv13 (official) 300 SGD/AdamW 1 × 10−2/1 × 10−3 16
RT-DETR Ultralytics 300 AdamW 1 × 10−4 4
RD-DETR This work 300 AdamW 1 × 10−4 4

Note: Values separated by “/” refer to BDD100K and DAWN, respectively. For Ultralytics-based models, the
optimizer is automatically selected by the framework based on the total number of training iterations. For fair
comparison, all YOLO variants and YOLOv13l adopt a unified 300-epoch, batch-size-16 setting rather than each
model’s official large-scale COCO configuration. MMDetection-based models use the default input resolution of
768 × 1344, while all other models use 640 × 640. Batch size is reported per GPU; for RT-DETR and RD-DETR,
this value matches the per-GPU batch size used in the official RT-DETR configuration.

Table 3. Comparison of detection performance on the adopted BDD100K test split.

Model P (%) R (%) mAP@0.5 (%) mAP@0.5:0.95 (%) GFLOPs Parameters (M)

CNN-based models
Faster R-CNN 49.3 43.9 45.2 24.9 208.0 41.4
RetinaNet 60.6 43.3 46.5 25.2 208.2 36.5
TOOD 57.5 45.0 47.0 26.2 199.0 32.0
Cascade R-CNN 48.5 45.5 46.9 25.6 235.8 69.2
YOLO26m 64.8 44.0 47.7 27.2 67.9 20.4
YOLOv13l 59.8 47.1 48.4 27.5 88.1 27.5
YOLOv12m 63.4 44.8 47.9 27.3 59.5 19.6
YOLO11m 65.2 43.1 47.4 27.0 67.7 20.0
YOLOv10m 64.5 42.8 46.3 26.5 58.9 15.3
YOLOv9m 68.5 42.4 47.5 27.1 76.5 20.0
DETR-based models
DETR 65.0 46.1 47.3 23.9 96.5 41.6
DDQ-DETR * 61.5 44.2 47.1 26.0 N/A N/A
DAB-DETR 63.5 43.6 47.2 26.3 102.2 47.7
RT-DETR 64.3 45.1 48.2 27.7 57.0 19.9
RD-DETR 67.2 47.7 51.4 30.0 47.6 14.4

* GFLOPs and parameters for DDQ-DETR are not reported because comparable complexity statistics were not
available for the reproduced configuration. DDQ-DETR is therefore included for accuracy comparison only. The
RT-DETR and RD-DETR entries correspond to the main comparison run under seed 42; repeated-run results over
training seeds 41, 42, and 43 are reported in Table 4.

Table 4. Repeated-run statistics of RT-DETR and RD-DETR on BDD100K (3 seeds).

Model/Metric Seed 41 Seed 42 Seed 43 Mean ± Std 95% CI

RT-DETR mAP@0.5 47.9 48.2 47.8 48.0 ± 0.2 [47.45, 48.48]
RD-DETR mAP@0.5 51.2 51.4 51.1 51.2 ± 0.2 [50.85, 51.61]
RT-DETR mAP@0.5:0.95 27.3 27.7 27.8 27.6 ± 0.3 [26.94, 28.26]
RD-DETR mAP@0.5:0.95 29.6 30.0 29.8 29.8 ± 0.2 [29.30, 30.30]

4.1.3. Evaluation Metrics

We adopt standard object detection metrics. Precision, recall, Average Precision (AP),
and mean Average Precision (mAP) are defined as follows:

Precision =
TP

TP + FP
(17)

Recall =
TP

TP + FN
(18)

AP =
∫ 1

0
Precision(Recall)d(Recall) (19)
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mAP =
1
N

N

∑
i=1

APi (20)

where TP, FP, and FN denote true positive, false positive, and false negative, respec-
tively, and N is the number of object categories. The primary metric is mAP@0.5, which
reflects overall detection capability; mAP@0.5:0.95 is additionally reported to evaluate
high-precision localization. Model complexity is assessed via parameter count (Params)
and floating-point operations (GFLOPs), which together characterize the computational
cost of each method.

4.2. Comparative Experiments
4.2.1. Comparison on BDD100K Dataset

To comprehensively evaluate RD-DETR, we compare it against a range of mainstream
detectors, including two-stage detectors (Faster R-CNN [1] and Cascade R-CNN [2]), single-
stage detectors (RetinaNet [3], TOOD [30], and the YOLO series [5–8]), and Transformer-
based detectors (DETR [9], DDQ-DETR [31], DAB-DETR [32], and RT-DETR [10]). Quanti-
tative results are presented in Table 3. Figure 6 further illustrates the accuracy–efficiency
trade-off across all evaluated models.

Figure 6. Accuracy–efficiency trade-off on BDD100K.

Comparison with the baseline. Compared to RT-DETR, RD-DETR improves mAP@0.5
by 3.2 percentage points and mAP@0.5:0.95 by 2.3 percentage points while simultaneously
reducing parameters by 27.6% (14.4 M vs. 19.9 M) and GFLOPs by 16.5% (47.6 G vs. 57.0 G).
The concurrent gains in accuracy and efficiency suggest that the proposed RDNet backbone
provides a favorable representation–efficiency trade-off within the evaluated setting. To
assess run-to-run stability, we trained RT-DETR and RD-DETR with three independent
random seeds on BDD100K while keeping all other settings identical. As summarized in
Table 4, RD-DETR achieves a higher mean mAP@0.5 than RT-DETR with limited variation
across the tested seeds, suggesting that the observed gain is not attributable to a single
favorable run.

Comparison with two-stage detectors. RD-DETR substantially outperforms both two-
stage baselines in accuracy while being considerably more lightweight. Against Cascade
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R-CNN, RD-DETR achieves a 4.5 percentage point gain in mAP@0.5 with only 20.8% of its
parameters (14.4 M vs. 69.2 M) and roughly one-fifth of its GFLOPs (47.6 G vs. 235.8 G). The
advantage over Faster R-CNN is similarly pronounced: a 6.2 percentage point improvement
in mAP@0.5 alongside a 65.2% reduction in parameters.

Comparison with single-stage detectors. RD-DETR consistently surpasses all YOLO
variants in detection accuracy. Among models with comparable parameter counts, namely,
YOLOv12m (19.6 M), YOLO11m (20.0 M), and YOLO26m (20.4 M), RD-DETR leads by
3.5, 4.0, and 3.7 percentage points in mAP@0.5, respectively, while also consuming fewer
GFLOPs. Against YOLOv13l, the strongest YOLO baseline in terms of mAP@0.5 (48.4%),
RD-DETR leads by 3.0 percentage points with 47.6% fewer parameters. Notably, RD-DETR
reports the lowest GFLOPs among the models in Table 3, with 47.6 G compared with 58.9 G
for the lightweight YOLOv10m.

Comparison with Transformer-based detectors. Within the DETR family, RD-DETR
achieves the highest mAP@0.5 (51.4%), surpassing DETR and DAB-DETR by 4.1 and 4.2 per-
centage points while requiring far fewer parameters (14.4 M vs. 41.6 M and 47.7 M, respec-
tively). DDQ-DETR reaches a comparable mAP@0.5 of 47.1% but does not report parameter
or GFLOPs figures, precluding a full efficiency comparison. Overall, RD-DETR provides
the most favorable accuracy–efficiency trade-off among the compared Transformer-based
baselines with available complexity statistics.

Using the matched training seeds, RD-DETR improves mAP@0.5 over RT-DETR by
3.27 ± 0.06 percentage points, with a 95% confidence interval of [3.12, 3.41] percentage
points. For mAP@0.5:0.95, the paired improvement is 2.20 ± 0.17 percentage points, with a
95% confidence interval of [1.77, 2.63] percentage points. A two-sided paired t-test gives
p = 1.04 × 10−4 for mAP@0.5 and p = 2.06 × 10−3 for mAP@0.5:0.95. Since only three
training seeds are used, these results are interpreted as a repeated-run stability check for
the primary BDD100K comparison rather than a comprehensive statistical study across
all datasets.

4.2.2. Comparison on the DAWN Dataset

The DAWN dataset focuses on vehicle detection under adverse weather conditions,
including fog, rain, snow, and sandstorms. Table 5 presents the comparative results, with
RD-DETR achieving 59.9% mAP@0.5 and 36.8% mAP@0.5:0.95, surpassing all comparison
models on both metrics.

Table 5. Comparison of detection performance on the adopted DAWN test split.

Model P (%) R (%) mAP@0.5 (%) mAP@0.5:0.95 (%) GFLOPs Parameters (M)

CNN-based models
Faster R-CNN 77.3 39.7 47.7 26.1 208.0 41.4
RetinaNet 65.7 48.5 46.8 30.3 208.2 36.5
TOOD 66.6 49.9 49.5 29.8 199.0 32.0
Cascade R-CNN 74.2 47.6 49.7 31.4 235.8 69.2
YOLO26m 76.3 47.5 55.7 32.7 67.9 20.4
YOLOv13l 76.1 46.7 55.2 32.6 88.1 27.5
YOLOv12m 78.7 47.8 56.3 33.0 59.5 19.6
YOLO11m 76.8 47.7 56.0 33.0 67.7 20.0
YOLOv10m 71.3 49.3 53.6 32.8 58.9 15.3
YOLOv9m 75.6 49.5 55.1 34.2 76.5 20.0
DETR-based models
DETR 71.8 48.9 52.0 28.6 96.5 41.6
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Table 5. Cont.

Model P (%) R (%) mAP@0.5 (%) mAP@0.5:0.95 (%) GFLOPs Parameters (M)

DDQ-DETR * 68.3 46.2 50.8 29.4 N/A N/A
DAB-DETR 70.1 49.6 53.9 29.9 102.2 47.7
RT-DETR 71.5 50.8 55.9 32.3 57.0 19.9
RD-DETR 74.5 54.2 59.9 36.8 47.6 14.4

* GFLOPs and parameters for DDQ-DETR are not reported because comparable complexity statistics were not
available for the reproduced configuration. DDQ-DETR is therefore included for accuracy comparison only.

Compared to the baseline RT-DETR, RD-DETR improves mAP@0.5 by 4.0 percentage
points (59.9% vs. 55.9%) and mAP@0.5:0.95 by 4.5 percentage points (36.8% vs. 32.3%).
Against two-stage detectors, RD-DETR outperforms Cascade R-CNN by 10.2 percentage
points in mAP@0.5 (59.9% vs. 49.7%) and Faster R-CNN by 12.2 percentage points (59.9%
vs. 47.7%). Among single-stage detectors, YOLOv12m achieves the highest mAP@0.5
within the YOLO series (56.3%) yet still falls 3.6 percentage points below RD-DETR; the
gap widens to 4.7 percentage points against YOLOv13l (55.2%) and 4.8 percentage points
against YOLOv9m (55.1%), despite these models having substantially larger parameter
counts. Within the DETR family, RD-DETR surpasses DETR and DAB-DETR by 7.9 and
6.0 percentage points in mAP@0.5, respectively. Notably, RD-DETR achieves larger gains
over RT-DETR on DAWN than on BDD100K, indicating that the proposed design may offer
stronger benefits as imaging conditions become more severe.

4.2.3. Weather-Specific Analysis

To further examine the robustness of RD-DETR under different degradation types,
we report per-condition mAP@0.5 results on DAWN in Table 6. RD-DETR consistently
outperforms RT-DETR across all four weather conditions, with improvements ranging from
2.9 to 4.8 percentage points.

Table 6. Per-condition detection performance on DAWN under adverse weather.

Weather Type RT-DETR mAP@0.5 (%) RD-DETR mAP@0.5 (%) Improvement (pp)

Fog 56.1 59.8 +3.7
Rain 56.5 60.1 +3.6
Snow 54.4 59.2 +4.8
Sandstorm 60.4 63.3 +2.9
Overall 55.9 59.9 +4.0

The largest gain is observed under snow (+4.8 pp, 59.2% vs. 54.4%), where dense
high-frequency disturbance poses a direct challenge to conventional feature extraction.
This pattern is consistent with the intended role of reaction–diffusion-inspired feature
evolution in suppressing structured degradation while preserving target-related responses.
Under fog and rain, where low contrast and blur degrade spatial detail, RD-DETR im-
proves mAP@0.5 by 3.7 and 3.6 percentage points, respectively. These gains are consistent
with the intended role of phase-guided attention in preserving structural cues when spa-
tial appearance becomes less reliable. Under sandstorm conditions, RT-DETR already
achieves a relatively high baseline accuracy (60.4%), yet RD-DETR further improves to
63.3% (+2.9 pp), demonstrating consistent gains even when the baseline is strong. Overall,
RD-DETR improves mAP@0.5 by 4.0 percentage points (59.9% vs. 55.9%) across all adverse
weather conditions.

Taken together, these condition-specific results suggest that the reaction–diffusion
and phase-guided components provide complementary benefits under different adverse
imaging conditions: reaction–diffusion-inspired processing appears more beneficial under
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structured noise, while phase-guided attention contributes useful structural cues when
spatial appearance becomes less reliable.

4.3. Ablation Study
4.3.1. Overall Ablation

To validate the contribution of each proposed component, we conduct a layer-wise
ablation study on BDD100K using RT-DETR-R18 as the baseline. The results are reported
in Table 7.

Table 7. Ablation study on the adopted BDD100K test split.

Model RDNet PGSA CA-AFM P (%) R (%) mAP@0.5 (%) mAP@0.5:0.95 (%) Parameters (M) GFLOPs

Baseline 64.3 45.1 48.2 27.7 19.9 57.0
1

√
66.7 45.1 48.8 28.5 14.1 45.8

2
√

66.9 45.2 49.1 28.6 20.1 58.2
3

√
68.7 45.4 48.9 28.5 19.7 55.7

4
√ √

67.3 46.4 50.1 29.2 14.6 48.9
5

√ √
67.5 45.6 49.7 29.0 13.9 44.5

6
√ √

67.8 46.1 50.3 29.3 19.9 56.9
7

√ √ √
67.2 47.7 51.4 30.0 14.4 47.6

RDNet backbone. Replacing ResNet-18 with RDNet reduces parameters from 19.9 M
to 14.1 M (−29.1%) and GFLOPs from 57.0 G to 45.8 G (−19.6%) while improving mAP@0.5
by 0.6 percentage points (48.2% → 48.8%). This result supports the effectiveness of the
pyramid-based enhancement strategy: shallow stages operate in fast mode to preserve
texture while reducing redundancy, whereas the deeper stage introduces reaction–diffusion-
inspired evolution to suppress accumulated semantic noise.

PGSA module. Adding PGSA on top of RDNet further lifts mAP@0.5 to 50.1% (+1.3 pp)
and recall from 45.1% to 46.4%. This improvement suggests that phase-guided cues help
preserve structural information when spatial appearance is degraded, leading to more
complete detections under the evaluated conditions.

CA-AFM module. Replacing static concatenation with CA-AFM on top of RDNet and
PGSA achieves 51.4% mAP@0.5 (+1.3 pp) and 47.7% recall. CA-AFM employs learnable
parameters αl and βl to modulate the effective strength of the content-aware weighted
aggregation and the contribution of the unweighted mean-feature term F, helping reduce
semantic mismatch that may arise from naive multi-scale aggregation.

Taken together, these results indicate that the three components provide comple-
mentary benefits across feature extraction, structural attention, and multi-scale aggre-
gation, yielding a 3.2 percentage-point improvement in mAP@0.5 over the baseline
(48.2% → 51.4%) and the largest gain among the evaluated component combinations.

4.3.2. Backbone Comparison

To evaluate the effectiveness of RDNet relative to alternative lightweight back-
bones, we replace ResNet-18 [33] with five representative architectures—StarNet [18],
MobileNetV4 [19], FasterNet [17], LSKNet [34], and RDNet, —while keeping all other
components fixed. The results are presented in Table 8.

Among the lightweight alternatives, FasterNet achieves the lowest parameter count
(10.8 M) and GFLOPs (28.5 G), but at the cost of accuracy, reaching only 44.8% mAP@0.5,
which is 3.4 percentage points below the ResNet-18 baseline (48.2%). StarNet and Mo-
bileNetV4 reach 46.1% and 45.6% mAP@0.5, respectively, both falling short of the baseline
despite having substantially fewer parameters. LSKNet attains 46.7% mAP@0.5 through
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large-kernel attention but exhibits notably low recall (42.6%), suggesting that its global
receptive field comes at the expense of detection completeness.

Table 8. Comparison of detection performance across backbone architectures on BDD100K.

Model P (%) R (%) mAP@0.5 (%) mAP@0.5:0.95 (%) GFLOPs Parameters (M)

ResNet-18 64.3 45.1 48.2 27.7 57.0 19.9
StarNet 62.5 44.1 46.1 25.5 31.8 12.0
MobileNetV4 59.9 44.4 45.6 26.2 39.5 11.3
FasterNet 61.8 44.6 44.8 26.1 28.5 10.8
LSKNet 62.7 42.6 46.7 27.0 37.6 12.6
RDNet 66.7 45.1 48.8 28.5 45.8 14.1

RDNet achieves 48.8% mAP@0.5 and 28.5% mAP@0.5:0.95, surpassing all comparison
backbones, as well as the ResNet-18 baseline (+0.6 pp), while reducing parameters by 29.1%
(14.1 M vs. 19.9 M). Its GFLOPs (45.8 G) are higher than those of the other lightweight
backbones, though still 19.6% below ResNet-18 (57.0 G). This reflects a deliberate design
trade-off: RDNet accepts a moderate computational cost relative to purpose-built effi-
ciency networks in exchange for stronger representation capability under the evaluated
detection setting.

4.3.3. Parameter Sensitivity

We analyze the effect of the evolution step count T in RDNet on BDD100K. As shown
in Table 9, increasing T from one to three improves mAP@0.5 from 48.3% to 51.4% (+3.1 pp),
with GFLOPs increasing modestly from 46.4 G to 47.6 G. Further increases to T = 4
and T = 5 yield diminishing incremental gains of +0.2 pp each over the preceding step
(+0.4 pp cumulative gain over T = 3), while GFLOPs continue to rise to 48.2 G and 48.8 G,
respectively. Balancing accuracy and computational cost, we adopt T = 3 as the default
configuration. This trend provides empirical guidance for choosing T in the detector-
oriented feature-evolution setting.

Table 9. Sensitivity analysis of evolution step T on the adopted BDD100K test split.

T mAP@0.5 (%) mAP@0.5:0.95 (%) GFLOPs

1 48.3 28.9 46.4
2 49.8 29.5 47.0
3 51.4 30.0 47.6
4 51.6 30.2 48.2
5 51.8 30.2 48.8

4.3.4. PGSA Frequency Component Ablation

To evaluate the contribution of different frequency domain components in PGSA, we
compare four configurations on BDD100K that differ only in the input supplied to the
phase extractor Φ (Equation (9)). The baseline removes PGSA entirely. The magnitude-
only variant feeds Φ with the magnitude spectrum |Xfft|, replicated along the channel
dimension to match the default input shape. The phase-only variant feeds Φ with the
normalized complex values Xfft/|Xfft| (decomposed into real and imaginary parts), which
retain phase-angle information on the unit circle while avoiding the 2π discontinuity
of the raw phase angle. The default PGSA feeds Φ with the joint real–imaginary input
Concat[Re(Xfft), Im(Xfft)], which retains both phase and magnitude information in a nu-
merically stable form. PGSA applies FFT directly to each input feature map at its original
spatial resolution, without introducing an additional Fourier resizing operation. Table 10
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therefore focuses on the type of frequency information used by PGSA (magnitude, phase,
or their joint representation) rather than on FFT resolution effects. The results are presented
in Table 10.

Table 10. PGSA frequency component ablation on the adopted BDD100K test split.

Variant P (%) R (%) mAP@0.5 (%) mAP@0.5:0.95 (%) GFLOPs Params (M)

Baseline (no PGSA) 64.3 45.1 48.2 27.7 57.0 19.9
Magnitude only 64.9 45.0 48.5 27.9 58.2 20.1
Phase only 66.2 45.3 48.8 28.2 58.2 20.1
Phase + magnitude 66.9 45.2 49.1 28.6 58.2 20.1

The phase-only variant improves mAP@0.5 by 0.6 pp over the baseline, while the
magnitude-only variant yields only 0.3 pp. The default PGSA, which retains both phase
and magnitude information in a numerically stable form, achieves the largest gain (+0.9 pp
over the baseline). These results suggest that phase-related structural cues contribute
more strongly than magnitude-only cues in this setting, while the joint real–imaginary
input provides the best overall performance by retaining complementary phase and magni-
tude information.

4.3.5. CA-AFM Fusion Strategy Ablation

To evaluate the effectiveness of CA-AFM, we compare five fusion strategies on
BDD100K: (1) channel concatenation, (2) element-wise addition, (3) BiFPN-style weighted
fusion, (4) CA-AFM with fixed α = 0.7, β = 0.1, and (5) CA-AFM with learned αl and βl .
The results are presented in Table 11.

Table 11. CA-AFM fusion strategy ablation on the adopted BDD100K test split.

Fusion Strategy P (%) R (%) mAP@0.5 (%) mAP@0.5:0.95 (%) GFLOPs Params (M)

Concat (baseline) 64.3 45.1 48.2 27.7 57.0 19.9
Element-wise Add 64.0 44.9 48.1 27.6 55.7 19.6
BiFPN-style 66.3 45.4 48.6 28.1 64.3 20.3
CA−AFM (fixed α = 0.7, β = 0.1 ) 68.2 45.2 48.7 28.3 55.7 19.7
CA − AFM (learned αl and βl) 68.7 45.4 48.9 28.5 55.7 19.7

CA-AFM with learned parameters achieves the highest mAP@0.5 (48.9%), outperform-
ing concatenation by 0.7 pp and BiFPN-style fusion by 0.3 pp. The content-aware weighted
fusion accounts for most of this gain, and adaptive parameter learning provides a further
0.2 pp improvement over the fixed-parameter variant.

The converged values of αl and βl at the four CA-AFM positions, extracted from
the trained RD-DETR, are summarized in Table 12. The four positions converge to dis-
tinctly different operating points: the deepest position (Layer 27) learns a weighted-
aggregation-dominated setting with αl = 0.888 and βl = −0.034, which is effectively close
to zero; Layer 21 settles into the most balanced setting (αl = 0.581) with a strong positive
βl = 0.201, while Layer 24 leans moderately toward weighted aggregation (αl = 0.701)
with a smaller positive βl = 0.126; the shallowest position (Layer 15) converges to an
αl = 0.706 nearly identical to that of Layer 24 but to a clearly negative βl = −0.106,
suggesting that the mean-feature term F can offset partial overlap with the weighted ag-
gregation at this position. Training converged without divergence, with αl ∈ [0.581, 0.888]
and βl ∈ [−0.106, 0.201], reflecting the content-aware adaptive behavior of the design.
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Table 12. Learned αl and βl at each CA-AFM position.

CA-AFM Position αl βl

Layer 15 (shallowest) 0.706 −0.106
Layer 21 0.581 0.201
Layer 24 0.701 0.126
Layer 27 (deepest) 0.888 −0.034

4.4. Visualization Analysis

Figure 7 illustrates representative detection results across multiple scenes. On the
depicted scenes, RD-DETR produces more complete detections than the baseline under
adverse imaging conditions, with fewer false positives and missed detections. Figure 8
compares feature maps extracted by different backbone architectures and shows that RDNet
preserves clearer edge and boundary information in shallow layers while maintaining
cleaner foreground–background separation in deeper layers, in line with the intended
pyramid-based differentiated configuration strategy. Figure 9 shows feature activation
heatmaps. Compared with the baseline, RD-DETR exhibits more concentrated responses
over structurally informative regions, providing qualitative evidence consistent with the
quantitative improvements. Figure 10 presents representative remaining failure cases of
RD-DETR under degraded conditions. In low-visibility nighttime scenes, extremely small
and distant vehicles may still be missed because their feature responses become too weak
after repeated downsampling. In addition, visually similar vehicle categories may remain
confused when degradation suppresses discriminative appearance cues, as illustrated by
the misclassification of a bus as a truck in Figure 10a. These examples indicate that, despite
the overall robustness gains, tiny-object detection and inter-class confusion among visually
similar vehicle categories remain challenging under severe imaging degradation.

 

Figure 7. Detection comparison across representative scenes.
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Figure 8. Feature map visualization across backbone architectures.

 

Figure 9. Feature activation heatmaps comparing RD-DETR and RT-DETR.

Figure 10. Representative remaining failure cases of RD-DETR under degraded conditions. (a) Mis-
classification of a bus as a truck in a nighttime scene. (b) Missed tiny distant vehicles in a low-visibility
nighttime scene. Insets highlight the corresponding error regions.

5. Conclusions
This work addresses a fundamental tension in vehicle detection under degraded

imaging conditions: existing deep detectors achieve strong benchmark performance yet
lack explicit mechanisms to handle adverse imaging degradations commonly encountered
in traffic scenes. Rather than treating adverse conditions merely as a data augmentation
problem, we embed reaction–diffusion-inspired dynamics directly into the backbone and
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model feature extraction as a learnable feature evolution process. Within the evaluated
settings on BDD100K and DAWN, RD-DETR improves detection performance over RT-
DETR while reducing model parameters and computational cost, supporting the usefulness
of physics-inspired inductive biases for degradation-aware feature learning.

The goal of this study was to develop a detector that remains accurate and efficient
under degraded imaging conditions. The reported evidence supports this goal within the
evaluated settings. For RQ1, embedding reaction–diffusion-inspired dynamics into the
backbone improves the detector’s accuracy–efficiency trade-off. For RQ2, PGSA provides
complementary structural cues under low-contrast and adverse weather conditions. For
RQ3, content-aware adaptive fusion improves multi-scale aggregation relative to static
fusion strategies. At the same time, the present work primarily addresses imaging degrada-
tions such as low illumination, adverse weather, blur, and sensor noise. Within degraded
conditions, extreme small-object detection and fine-grained inter-class ambiguity remain
open challenges; severe occlusion is a broader detector-wide difficulty orthogonal to imag-
ing degradation that this work does not explicitly address. In addition, the BDD100K
experiments are conducted on the adopted 10,000-image protocol so that all compared
detectors, ablation variants, and repeated-run experiments can be evaluated under the
same data split and evaluation pipeline; extending the evaluation to larger training pro-
tocols and additional adverse condition benchmarks is left as a direction for future work.
The repeated-run analysis is also currently limited to the primary RT-DETR versus RD-
DETR comparison on BDD100K, and extending multi-seed evaluation to DAWN and other
benchmarks remains an important step toward a more comprehensive statistical assess-
ment. Finally, the fusion parameters αl and βl in CA-AFM are parameterized without
explicit bounds. While their learned values remained bounded throughout our experi-
ments (Section 4.3.5), a bounded reparameterization—for example, parameterizing αl via
a sigmoid and βl via a tanh function—could provide formal guarantees on parameter
boundedness to complement the empirical evidence reported here and is a direction worth
exploring in future work.

The three proposed components, namely, RDNet, PGSA, and CA-AFM, target distinct
failure modes, including noise accumulation in deep semantic features, loss of structural
detail under adverse imaging degradations, and semantic misalignment across scales during
fusion. Their complementarity is reflected in the ablation results: each component yields
consistent gains in isolation, and their combination yields the largest improvement among
the evaluated component combinations. This modular design also suggests that individual
components can be integrated into other detection architectures beyond RT-DETR.

Future work will explore several directions. Extending the physics-inspired design
to handle compound degradation, where multiple adverse factors such as rain, fog, and
sensor noise co-occur, represents a natural next step toward broader robustness in real traffic
imaging conditions. On the architectural side, incorporating temporal information from
consecutive video frames may further improve detection consistency and stability across
time. More broadly, evaluating the framework on larger and more diverse benchmarks will
help further assess the generalizability of physics-inspired inductive biases for degradation-
aware perception.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/app16094378/s1: File S1: BDD100K train split; File S2: BDD100K
validation split; File S3: BDD100K test split; File S4: DAWN train split; File S5: DAWN validation
split; File S6: DAWN test split. Each file lists the image filenames used in the corresponding split,
with one filename per line.
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