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Abstract - Extreme weather conditions are a serious setback to the reliability of object detection in real-world driving conditions. 

This paper introduces DATNet-RS, a domain adaptive detection system that runs effectively in these conditions and does not 

require retraining or labelled weather data. A six-component multi-scale attention module is proposed, including local and global 

versions of channel, spatial, and temporal attention, which, in combination, reduce the noise-enhancing feature channels, 

highlight spatially consistent object regions, and capitalize on the frame-to-frame temporal continuity. Second, there is a common 

residual shrinkage denoising block on all levels of the feature pyramid to reduce the low-amplitude noise activations caused by 

weather, but not the structurally informative responses. Third, a gradient-free online inference-time adaptation scheme is added, 

where a small nine-dimensional parameter vector - controlling all attention magnitudes and shrinkage thresholds - is jointly 

optimized by the use of Particle Swarm Optimization (PSO). Experiments demonstrate that DATNet-RS continuously improves 

the performance compared to the baseline in all four adverse conditions and increases average mAP@0.5 to 75.1% (+4.3 

percentage points) and average mAP@0.5:0.95 to 44.2% (+2.9 percentage points), in addition to maintaining real-time 

performance of GPU inference at about 50 FPS. On mAP at 0.5, the improvement of per-condition is between +3.9% (night) to 

+4.9% (rain). The assessment is done by isolating the contribution of each component in a seven-configuration ablation study 

and making comparisons between these and YOLOv9, RT-DETR, and Deformable DETR position DATNet-RS, a highly 

competitive real-time detector in the evaluated set. 

Keywords - Object detection, Attention mechanisms, Temporal modeling, Residual Shrinkage, Particle Swarm Optimization, 

Feature Pyramid Network. 

1. Introduction  
One of the main perceptual tasks of intelligent 

transportation and autonomous driving is object detection [1, 

2], which allows cars to recognize and position pedestrians, 

cyclists, motorcycles, cars, buses, trucks, and road 

infrastructure in real time. Significant advancements have 

been made based on deep convolutional architectures [3-5], an 

anchor-free paradigm [6, 7], and large-scale annotated 

benchmarks [8, 9]. However, a persistent limitation exists: 

sensors that are trained in bright conditions often exhibit 

drastic deterioration of their performance in challenging 

situations, which is typical of the on-road conditions and 

involves safety issues directly [10, 11]. 

 

Every unfavourable circumstance creates a physically 

unique type of loss. Fog will weaken the light in both aerosol 

scattering and attenuate the contrast of the scene, and will also 

obliterate the boundaries of objects, especially those at a range 

of more than 30-50 meters [12]. The rain also causes spatially 

anisotropic streaking and dynamically changing noise patterns 

in different directions depending upon the direction of the 

wind and the strength of the precipitation [13]. Snow overlays 

introduce almost white occlusions on the scene elements, 

decreasing the distinction in texture between objects and the 

background, and generating high miss detection rates of 

spatially compact objects [14]. The degradation of the 

nighttime signal-to-noise ratio across all the channels is highly 

degraded, artificial sources of high-dynamic-range problems 

are introduced with dramatic severity, and intermittent deep-

shadow areas are created, wholly covering object signatures 

[15]. Each phenomenon introduces a distributional shift in 

comparison to the statistics of features seen during training, 

which are expressed as high false-negative rates, low 

confidence, and localization inconsistency [16]. The adverse 

weather robustness has been previously covered under three 

general strategies. Image restoration algorithms seek to pre-
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process inputs to degrade them out prior to conventional 

detection [17, 18]. Domain adaptation methods such as 

adversarial alignment [19], distribution normalization [20], 

and style transfer [21] build bridges between the source and 

target gaps during training. The data augmentation methods 

generate synthetic weather effects to increase the train 

distribution [22, 23]. Although both strategies offer valuable 

benefits, they have a major restriction in common: they are all 

fixed in behaviour once the model has been trained. A test-

time condition that lies outside the training distribution may 

lead to poorer performance that occasionally cannot be 

predicted [24, 25]. Conditions may change rapidly within one 

sequence, thus grossly decreasing performance. The role 

images can play in the defining complementary direction to 

which more and more attention is devoted is the so-called test-

time or online adaptation, where model parameters or 

predictions are adjusted during inference according to the 

current input statistics [26-28]. Gradient-based test-time 

adaptation [26, 27] is effective but very expensive and prone 

to instability unless monitored. Within the latency bound, 

given the lightweight derivative-free variants that are trying to 

optimize a restricted parameter set, is a more realistic 

direction. It encourages a hybrid strategy: a highly robust 

architecture in terms of structural robustness due to specific 

inductive biases, coupled with a very efficient inference-time 

adaptation mechanism responding to condition changes that 

are observed. 

 

Recent studies between 2023 and 2026 have increasingly 

explored lightweight transformer detectors [40], adaptive 

perception systems [60], robust video understanding [61], and 

inference-time adaptation for autonomous driving under 

environmental uncertainty [62, 63]. Modern detectors such as 

YOLOv10 [64], YOLOv11 [65], YOLOv12 [76], and recent 

adaptive perception frameworks [66] have demonstrated 

improved robustness and efficiency; however, most existing 

approaches still rely on fixed post-training behaviour or 

computationally intensive adaptation strategies. This 

highlights the continuing need for lightweight and 

dynamically adaptive detection systems suitable for real-time 

deployment under rapidly changing adverse-weather 

conditions. 

 

 This paper presents Domain-Adaptive Temporal 

attention Network with Residual Shrinkage (DATNet-RS). 

The DATNet-RS enhances strength in two mutually 

supportive tiers. At the architectural level, it adds a six-

component multi-scale attention module to a lightweight 

YOLO-type detector and a shared block of residual shrinkage 

denoising block, which complement each other in the quality 

of features in poor inputs. On the deployment level, it presents 

a gradient-free and label-free online adaptation algorithm that 

employs Particle Swarm Optimization to modify a small nine-

dimensional parameter set - determining attention values and 

shrinkage thresholds - according to specified changes in the 

scene itself. This two-level model deals with the technical 

drawbacks of fixed models, as well as the unrealism of costly 

online optimization. 

 

DATNet-RS is introduced as a domain-adaptive detection 

framework for robust object detection in inclement weather 

scenarios. At the architectural level, it augments a lightweight 

YOLO-style detector with a six-component multi-scale 

attention module and a shared residual shrinkage denoising 

block to strengthen informative object features while 

suppressing weather-induced corruption. At the deployment 

level, it incorporates a gradient-free, label-free online 

adaptation mechanism based on Particle Swarm Optimization 

(PSO), which adjusts a compact nine-dimensional parameter 

vector controlling attention strengths and shrinkage thresholds 

according to scene changes observed during inference. This 

framework addresses a critical gap in existing detection 

systems, in which model behaviour remains fixed after 

training and cannot adapt effectively to dynamic deployment 

conditions. Unlike approaches that depend on either static 

robustness design or computationally expensive gradient-

based test-time adaptation, DATNet-RS provides a 

lightweight, stable, and real-time compatible solution for 

inference-time adaptation. 

 

The principal contributions of this work are: 

 Multi-Scale Six-Component Attention Module: It 

suggests a new attention subsystem to be able to model 

both local and global dependencies between channel, 

spatial, and temporal features. This enables the noise-

amplified channels to be suppressed by the network, 

object regions to be concentrated on, and temporal frame 

consistency to be used, three different but complementary 

approaches to adverse-weather robustness. 

 Shared Residual Shrinkage Denoising: A shared-weight 

residual shrinkage block with learner-bounded thresholds 

is used across all three feature pyramid levels, directly 

aimed at suppressing low-amplitude noise-like 

activations without changing training data or augmenting 

data pipes and with minimal additional parameter cost. 

 Online Gradient-Free PSO Adaptation: It proposes an 

environment-sensitive mechanism enabling the PSO-

based optimization of a nine-dimensional parameter 

vector every time a change in the environment of interest 

is suggested by scene statistics. It is label-free and 

backpropagation-free, and can be run on real-time latency 

budgets 

 Standardized Evaluation and Ablation: Multi-run 

statistics of mAP@0.5 and mAP@0.5:0.95 are reported 

in experiments of ACDC [29]. A seven-configuration 

ablation test separates the contribution of each element, 

and a breakdown of latency validation of computational 

viability. 

 

The balance of this research study has the following 

structure. Section 2 represents an overview of related works. 

In Section 3, the DATNet-RS architecture will be explained. 
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Experimental details are presented in Section 4. Results for the 

experiments are described in Section 5. Ablation studies are 

outlined in Section 6. An explanation of deployment 

challenges, potential failures, and future work possibilities is 

provided in Section 7. The conclusion of the paper can be 

found in Section 8.

Fig. 1 Representative ACDC samples across adverse conditions 

 

2. Related Work 
2.1. Object Detection: Foundations and Real-Time 

Architectures  

Two-stage object-detection models typically consist of 

either a two-stage model (as found in R-CNN [3], as well as 

enhanced versions such as Fast R-CNN [30] & Faster R-CNN 

[4]) or a one-stage model that first generates region-proposals 

and then classifies and regresses on each proposal. The 

limitations of using two-stage models are that they can be too 

computationally complex to use in "real-time" applications. 

Single detectors reduce this limitation since they eliminate the 

need for generating region proposals and perform all of the 

detection within a single pass. YOLO [1] introduced a unified 

regression-based framework enabling real-time performance, 

with subsequent improvements in YOLOv2 [31], YOLOv3 

[32], YOLOv4 [33], YOLOv5 [34], YOLOv7 [35], and 

YOLOv9 [36]. Anchor-free methods such as FCOS [6], 

CenterNet [7], and ATSS [37] further simplify detection by 

removing anchor design constraints. Transformer-based 

detectors, including DETR [38], Deformable DETR [39], and 

RT-DETR [40], model global dependencies effectively but 

often incur higher computational cost. 

 

Despite these advancements, most detection architectures 

are optimized for standard imaging conditions and exhibit 

limited robustness under adverse weather, as they do not 

explicitly address noise corruption, domain shifts, or temporal 

instability. Transformer-based models, in particular, may face 

latency challenges in real-time deployment. In contrast, the 

proposed framework adopts a lightweight CNN-based design 

using MobileNetV3 [41] and FPN [42], with an emphasis on 

both robustness and real-time performance. Recent detector 

developments, including YOLOv10 [64], YOLOv11 [65], 

YOLOv12 [86], and efficient hybrid transformer-CNN 

architectures [40], have further emphasized end-to-end real-

time detection and deployment-oriented optimization for 

autonomous perception systems, particularly in edge-

constrained environments [67, 68, 81]. 

 

2.2. Adverse Weather Detection  

Adverse-weather object detection has gained increasing 

attention with the introduction of dedicated benchmarks such 

as RTTS, Foggy Cityscapes [24], and ACDC [29], which 

provide realistic evaluation scenarios. Image restoration 

methods, including dehazing [45], deraining [13], and low-

light enhancement [17], aim to improve visual quality prior to 

detection. However, such pre-processing steps may introduce 

artifacts that are not aligned with detector training 

distributions, thereby limiting performance [24]. Domain 

adaptation approaches, including adversarial alignment [19], 

distribution normalization [20], and curriculum learning, 

attempt to reduce domain shifts but typically require access to 

target-domain data during training. While these approaches 

improve robustness under controlled conditions, their 

behaviour remains largely fixed after training. As a result, 

their effectiveness is reduced when encountering unseen or 
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rapidly changing environmental conditions during 

deployment. The proposed framework addresses this 

limitation by enabling adaptation during inference without 

requiring retraining. More recent studies have explored 

weather-robust perception using uncertainty-aware learning, 

multi-condition adaptation [69], and lightweight 

enhancement-guided detection pipelines [70]; however, many 

approaches still depend on offline retraining or 

computationally expensive restoration stages, underscoring 

the need for efficient online adaptive solutions. Very recent 

studies, including adverse-weather YOLO variants evaluated 

on ACDC [77], [78], domain-adaptive detection methods 

addressing foggy and rainy driving [80], and multi-condition 

perception frameworks [86], further confirm the ongoing 

relevance of robust detection under realistic driving 

degradation, yet none incorporate inference-time gradient-free 

adaptation as proposed in this work. 

 

2.3. Attention Mechanisms in Feature Learning  

Attention mechanisms improve feature representation by 

emphasizing relevant information and suppressing noise. 

Squeeze-and-Excitation Networks (SENet) [46] introduced 

channel-wise recalibration, while CBAM [47] extended this 

concept to sequential channel and spatial attention. Non-local 

networks [48] capture long-range dependencies through self-

attention, although at increased computational cost. 

Coordinate Attention [49] incorporates positional information 

into channel attention. In adverse-weather scenarios, attention 

mechanisms help suppress noise-affected feature channels and 

focus on stable object regions [50]. Temporal attention further 

leverages frame-to-frame consistency in video sequences [51], 

[52]. However, most existing approaches treat channel, 

spatial, and temporal attention independently, limiting their 

ability to jointly address complex degradation patterns. In 

contrast, the proposed framework integrates channel, spatial, 

and temporal attention in both local and global forms within a 

unified multi-scale design, enabling a more comprehensive 

and coordinated response to adverse-weather effects. Recent 

lightweight attention architectures have also focused on 

balancing global contextual modelling with deployment 

efficiency, particularly for real-time video understanding and 

autonomous perception applications [61, 71, 72]. 

 

2.4. Feature-Space Denoising and Residual Shrinkage  

Feature-space denoising operates on intermediate 

representations to suppress noise while preserving useful 

information. Residual shrinkage methods, such as Deep 

Residual Shrinkage Networks (DRSN) [54], apply soft-

thresholding to eliminate low-amplitude activations while 

retaining significant features. These approaches have 

demonstrated effectiveness in signal processing and fault 

diagnosis tasks. However, their application to object detection 

under adverse weather remains limited, particularly in the 

context of multi-scale feature representations where consistent 

denoising is required across different resolutions. The 

proposed framework extends residual shrinkage into a shared 

multi-scale design, enabling efficient and consistent noise 

suppression across all feature pyramid levels. 

 

2.5. Test-Time and Online Adaptation  

Test-Time Adaptation (TTA) enables models to adjust 

their behaviour during inference using unlabelled data. 

Methods such as TTT [26], Tent [27], and MEMO [28] rely 

on gradient-based optimization to update model parameters, 

improving robustness under distribution shifts. However, 

these approaches introduce additional computational overhead 

and may affect stability, making them less suitable for real-

time systems. Derivative-free optimization methods, 

including evolutionary strategies and Particle Swarm 

Optimization (PSO) [56], offer an alternative by optimizing 

parameters without requiring gradients. Nevertheless, existing 

approaches either rely on expensive backpropagation or lack 

structured integration with detection architectures. In contrast, 

the proposed framework employs a lightweight PSO-based 

adaptation strategy operating on a compact parameter space, 

enabling stable and efficient inference-time adaptation under 

real-time constraints. Recent inference-time adaptation 

research has increasingly focused on lightweight parameter-

efficient adaptation [62], entropy-aware optimization [63], 

and stable online adaptation for safety-critical systems [73]. 

Continual test-time adaptation methods [74] and source-free 

domain adaptation frameworks [75] have demonstrated 

promising results; nevertheless, many current methods still 

rely on gradient updates, auxiliary memory modules, or 

computationally intensive optimization procedures that limit 

practical deployment in real-time autonomous driving 

scenarios. More recent surveys [66] and empirical studies [77] 

have reinforced this observation, noting that the gap between 

laboratory TTA methods and real-time deployable solutions 

remains substantial as of 2025. 

 

2.6. Closing Synthesis 

Existing research demonstrates that object detection 

architectures, attention mechanisms, denoising techniques, 

and test-time adaptation strategies each contribute to 

improving robustness under adverse conditions. However, 

these approaches are typically developed independently, 

focusing either on architectural enhancement or adaptive 

behaviour without a unified design. In contrast, the proposed 

framework integrates multi-scale attention, residual shrinkage 

denoising, and lightweight gradient-free adaptation within a 

single detection pipeline. This unified approach enables both 

structural robustness and dynamic adaptation, allowing the 

model to respond effectively to changing environmental 

conditions. 

 

3. Proposed Method  
3.1. Baseline Detector  

DATNet-RS consists of a lightweight YOLO-style base 

based on MobileNetV3 [41], which is a hierarchical feature 

extractor, Feature Pyramid Network (FPN) [42], which is a 

top-down multi-scale fusion network, and three detection 
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heads of spatial strides P3, P4, and P5, namely 8, 16, and 32. 

Given an input, 

𝑥 ∈ 𝑅𝟛×𝐻×𝑊 
 

The backbone or feature extractor extracts a feature map 

at three scales and transforms them into a common channel 

dimension Cd = 256 prior to FPN fusion. Every detection head 

generates an output tensor of size (A x (5 + C)) per spatial cell, 

where A = 3 anchors per cell, C is 10 object classes, and the 5 

dimensions encode (D x, Dy, D w, D h, objectness). With 

7.2M parameters, it takes 45 MB in disk, and at 640x640 

resolution, it is 94.5 FPS on an NVIDIA A100 GPU. 

 

The choice of MobileNetV3 was informed by its balanced 

accuracy and parameter ratio and by bypass characteristics 

such as depth-wise separable convolutions and hard-swish 

activations that allow it to be actually deployed on the edge.  

 

In safety-critical embedded systems, dashcams, and 

forward-facing perception units, reducing the footprint of the 

static memory without any decrease in the quality of the 

features is one of the key design goals. 

 

The minimum that is needed is 6.2 GFLOPs per forward 

pass at 640x640 resolution. DATNet-RS includes a 4.8 

GFLOPs attention module (+3.4 GFLOPs), residual shrinkage 

(+0.2 GFLOPs), and PSO interface overhead (+1.2 GFLOPs), 

which is a 77% increase over transformer-based detectors like 

Deformable DETR (86.1 GFLOPs) and RT-DETR (74.2 

GFLOPs). 

 
 

 
Fig. 2 Overall architecture of DATNet-RS 

 

3.2. DATNet-RS Architecture Overview 

The DATNet-RS adds two structural and one 

deployment-level components to the base: (1) a multi-scale 

attention module, which is inserted to the output side of the 

FPN feature fusion, (2) a shared residual shrinkage denoising 

block, which autonomously operates on the output of each 

level of the pyramid, and (3) online adaptation, in which one 

PSO-based adaptation mechanism modulates attention and 

shrinkage parameters combines with the network during 

inference.  
 

Backbone and topology of FPN, detection heads of FPN 

remain the same as in the baseline, meaning that all 

performance differences are explained by the presence of the 

three new components and not due to unrelated variations. 

3.3. Multi-Scale Six-Component Attention Module 

3.3.1. Design Motivation 

The feature maps in adverse weather are spoiled in spatial 

and channel non-uniform manners. Only one method of 

suppression is not enough: fog causes a reduction in edge-

sensitive channels and remote spatial areas in an even manner, 

whereas rain artifacts are focused and temporal.  
 

The six-component design is complementary, as channel, 

spatial, and temporal attention cover which aspect dimensions 

to believe in, where in the spatial map to focus on, and how 

consistent it is over time.  
 

Local variations are adapted to local patterns; global 

variations are adapted to large contexts. 
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3.3.2. Channel Attention 

Given feature tensor 𝐹𝑙 ∈ 𝑅𝐶×𝐻×𝑊 At pyramid level l, 

channel attention computes a per-channel weight vector to 

recalibrate feature responses. The local channel attention 

variant applies a 3×3 depthwise convolution to capture inter-

channel correlations within a limited receptive field.  

 
The global channel attention variant applies global 

average pooling to aggregate spatial context into a channel 

descriptor, followed by a two-layer MLP with reduction ratio 

r = 16 [46]. The two weight vectors are combined with 

learnable scalar strengths: 

 

𝐹𝑐𝑎
𝑙 = 𝐹𝑙(α1 ⋅ 𝑤𝑙𝑐𝑙

𝑙 + α2 ⋅ 𝑤𝑔𝑏𝑙
𝑙 ) 

where 𝑤𝑙𝑐𝑙 , 𝑤𝑔𝑏𝑙 ∈ 𝑅𝐶 ,  α1, α2 ∈ [0,2] are scalar 

strength parameters forming part of the adaptive parameter 

vector θ, and denotes channel-wise broadcast multiplication. 

3.3.3. Spatial Attention 

Spatial attention reweights spatial positions to emphasize 

object-relevant regions and suppress background clutter or 

noise patches. Local spatial attention applies a 7×7 

convolution over the channel-reduced feature map. Global 

spatial attention concatenates max-pooled and average-pooled 

channel summaries and passes them through a 7×7 

convolutional layer [47]: 

 
𝐹𝑠𝑎𝑙 = 𝐹𝑐𝑎𝑙(𝛼3 · 𝑚𝑙𝑐𝑙𝑙 + 𝛼4 · 𝑚𝑔𝑏𝑙𝑙) 

where 𝑚𝑙𝑐𝑙 , 𝑚𝑔𝑏𝑙 ∈ 𝑅𝟙×𝐻×𝑊 ,  α3, α4 ∈ [0,2]. 

 
3.3.4. Temporal Attention 

Temporal attention exploits the structural consistency of 

object representations across adjacent video frames. Genuine 

objects produce stable feature patterns while weather artifacts 

are temporally variable. A short-term memory buffer retains 

the feature map. 𝐹𝑠𝑎
(𝑡−1)

 from the preceding frame (local 

temporal), while a running exponential moving average  

𝐸𝑀𝐴𝑙(𝑡) = β ⋅ 𝐸𝑀𝐴𝑙(𝑡 − 1) + (1 − β) ⋅ 𝐹𝑠𝑎
𝑡  

maintains longer-term context (global temporal), with 

decay β = 0.9. Cosine-similarity gates compute temporal 

attention weights: 

𝐹𝑡𝑎
𝑙 = 𝐹𝑠𝑎

𝑙 (α5 ⋅ 𝑔𝑎𝑡𝑒𝑙(𝐹𝑠𝑎
𝑡 , 𝐹𝑠𝑎

𝑡−1) + α6 ⋅ 𝑔𝑎𝑡𝑒𝑔(𝐹𝑠𝑎
𝑡 , 𝐸𝑀𝐴𝑙)) 

where α₅, α₆  [0, 2] are the temporal strength parameters. 

The gate functions produce spatial weight maps in 

R^(1×H×W) by computing pixel-wise cosine similarity 

between the current feature map and the stored state, passed 

through a sigmoid activation. This formulation upweights 

regions where features are temporally consistent — indicative 

of genuine objects — and downweights transient noise 

regions. 

 

3.3.5. Parameterization for Online Adaptation 

The six scalars [α₁, ..., α₆] collectively form the first six 

dimensions of the adaptive parameter vector θ. Encoding each 

attention component's strength as a single scalar provides an 

interpretable and low-dimensional interface between the 

online optimizer and the network: the optimizer can, for 

instance, increase temporal attention under rapidly changing 

noise or increase spatial attention when contrast degrades, 

without any gradient information. 

3.4. Shared Residual Shrinkage Denoising 

3.4.1. Motivation and Formulation 

Soft-thresholding is a classical signal processing technique 

for denoising [54]. Given an activation value v, soft-

thresholding with threshold τ produces: 

𝑠ℎ𝑟𝑖𝑛𝑘(𝑣, 𝜏) = 𝑠𝑖𝑔𝑛(𝑣) · 𝑚𝑎𝑥(|𝑣| − 𝜏, 0) 

Activations with magnitude below τ are zeroed; those 

above are reduced by τ. This selectively eliminates low-

amplitude noise-like activations while preserving high-

confidence signal responses. Embedded within a residual 

connection, this operation maintains information flow through 

the skip path: 

𝐹𝑟𝑠
𝑙 = 𝐹𝑡𝑎

𝑙 + shrink(Conv(𝐹𝑡𝑎
𝑙 ), τ) 

where Conv is a 1×1 projection and the three learnable 

thresholds τ = [τ₁, τ₂, τ₃]  [0, 3] form the remaining three 

dimensions of θ. The upper bound τ ≤ 3 was set empirically to 

prevent over-suppression of genuine signal activations; values 

above this threshold were found to remove responses 

corresponding to real object boundaries in fog scenes. 

 

3.4.2. Shared-Weight Design Across Pyramid Levels 

Each of the three pyramid levels, P3, P4, and P5, has a 

single shrinkage module whose weights are shared. 

Independent level- by level modules would increase shrinkage 

parameters with no obvious benefit to quality since weather 

noise statistics are largely similar over neighboring scales. The 

common design ensures that there is a uniform denoising 

prior, the suppression behavior is avoided when the multi-

scale is not stable, and parameter overhead is cut to about 45K 

more parameters. This increases empirically by +1.5% 

inference latency with an average improvement in mAP of 

+0.4% over the attention-only setup. 

3.5. PSO-Based Online Inference-Time Adaptation 

3.5.1. Adaptive Parameter Vector 

The nine-dimensional adaptive parameter vector θ jointly 

encodes all tunable components: 

θ = [α₁, α₂, α₃, α₄, α₅, α₆, τ₁, τ₂, τ₃] 

with bounds αi [0, 2], i = 1,...,6 and τj [0, 3], j = 1, 2, 3. In 

the normal inference, then θ is set to its. trained default values. 

At the scene-change trigger, PSO is looking within these limits 

to find the configuration that maximizes the outcome of the 

detection objective in Section 3.5.3. These bounds were 
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chosen empirically by grid search on the validation set, 

choosing ranges that allow. non-degenerative architectural 

modulation meaning meaningful modulation of architecture 

without permitting degenerate configurations (e.g., zero 

attention). excessive shrinkage). 

 

3.5.2. Scene-Change Detection Trigger 

At each frame t, the DATNet-RS framework computes 

four scene statistics: mean pixel intensity μ𝐼 , intensity 

standard deviation σ𝐼 , edge density ρ𝐸, (defined as the fraction 

of pixels with local 𝐿1 gradient exceeding a fixed threshold), 

and Michelson contrast 𝐶𝑀These statistics are maintained 

using a sliding window of size W=5. The scene change 

indicator is defined as:  

δ(𝑡) = max
𝑘

(
|𝑠𝑘(𝑡) − μ𝑤(𝑠𝑘)|

μ𝑤(𝑠𝑘) + ε
) 

 

Where 𝑠𝑘(𝑡) = {μ𝐼(𝑡), σ𝐼(𝑡), ρ𝐸(𝑡), 𝐶𝑀(𝑡)} and μ𝑤(⋅) 

denotes the sliding window mean. Adaptation is triggered 

when δ(𝑡)  >  0.3, subject to a minimum interval of 10 frames 

between successive adaptation events. In practice, this 

condition is activated in approximately 5.5% of frames in the 

ACDC validation sequence, maintaining an average 

throughput of approximately 50 FPS. 

 

3.5.3. PSO Objective Function 

K Optimization goal strikes a balance between confidence 

of the detection and a regularization loss on the size of the 

parameters: 

S(θ) = avg_conf(θ) − 0.1 ∗
∑ |θi|9

i=1

20
where the mean term 

of confidence is a combination of the mean sigmoid objectness 

in the three pyramid levels: 

 

avg_conf(θ) =
1

3
∑ mean\

𝑙∈{𝑃3,𝑃4,𝑃5}

𝑏𝑖𝑔(σ(𝑂𝑙(θ))\𝑏𝑖𝑔) 

 

O_l(θ) denotes objectness logits at level l when the 

network operates with parameter vector θ, and σ(·) is the 

sigmoid function. The 0.1 penalty coefficient and the divisor 

of 20 were chosen as thresholds to enable regularization only 

when the magnitude of the parameters is significantly larger 

than the trained defaults to avoid the trivial solutions of large 

attention values increasing the level of objectness in non-

objective areas. 

3.5.4. PSO Algorithm 

The algorithm of PSO is shown in Algorithm 1 below. It 

applies 5 particles and 10 per adaptation event, as it is selected 

to strike a tradeoff between the quality of exploration and 

latency. The per-event cost on an A100 GPU is around 1.2 

seconds with 5 particles x 10 iterations = 50 objective 

evaluations since only the components of attention and 

shrinkage have to be evaluated on a partial forward pass of the 

backbone. 

Velocity Update: 

 

𝑣𝑖
𝑡+1 = 𝑤 ⋅ 𝑣𝑖

𝑡 + 𝑐1𝑟1(𝑝𝐵𝑒𝑠𝑡𝑖 − 𝑥𝑖
𝑡) + 𝑐2𝑟2(𝑔𝐵𝑒𝑠𝑡 − 𝑥𝑖

𝑡) 

 

Position Update: 

𝑥𝑖
𝑡+1 = 𝑥𝑖

𝑡 + 𝑣𝑖
𝑡+1w → Inertia weight (exploration vs 

exploitation) 

 
𝑐1→ Cognitive coefficient (self-learning) 

𝑐2→ Social coefficient (group learning) 

𝑟1, 𝑟2 ∼ 𝒰(0,1)→ Random values in [0,1] 

 

The inertia weight w = 0.7 balances exploration and 

exploitation; the cognitive and social coefficients c1 = c2 = 

1.5 indicate an equal preference to the best of the population 

and personal one.  

 
Parameters are brought into the limits every time a 

velocity update is executed. This objective has a nine-

dimensional bounded search space, and empirically observed 

to converge within 10 iterations [56]. 

4. Experimental Setup 
4.1. Dataset  

The experiments are all based on the Adverse Conditions 

Dataset with Correspondences (ACDC) [29], a real-world 

adverse-weather urban driving perception benchmark. ACDC 

offers 2,006 high-resolution images of four negative 

environments (400 train / 100 val), night (400 / 106), rain (400 

/ 100), and snow (400 / 100). The photos are not obtained 

using artificial enhancement, but in authentic European 

locations on the road.  

 
The annotations of detection include 10 object categories: 

person, bicycle, car, motorcycle, bus, truck, traffic light, 

traffic sign, rider, and train. They are annotated using the 

COCO-style XML format, and the bounding boxes are 

mapped to the YOLO training format. ImageNet mean and 

standard deviation are used to resize all the inputs to 640x640.  

 
The augmentations in the training are random horizontal 

flip (p = 0.5), random scale jitter (0.8-1.2x), and colour jitter 

(brightness and contrast +-0.2).  

 
There is no weather-condition augmentation, and any 

resistance improvements that are found during test time can be 

explained by architecture and adaptation components.  

 
4.2. Training Configuration 

The overall detection loss is ℒ = λobjℒBE + 𝜆clsℒC +

𝜆boxℒSot-L, and the three terms represent objectness binary 

cross-entropy, classification cross-entropy, and smooth-L1 

bounding box regression, respectively. Tabular references for 

the hyperparameters and values are as given. 
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Table 1. Training and adaptation hyperparameters. All hyperparameters are shared between the baseline and DATNet-RS for fair comparison. 

Hyperparameter Value 

Framework PyTorch 2.0 

GPU NVIDIA A100 (40 GB) 

Optimizer AdamW 

Learning rate 1 × 10⁻³ 

Weight decay 5 × 10⁻⁴ 

LR schedule Cosine annealing, η_min = 1 × 10⁻⁶ 

Warmup 3 epochs (linear) 

Epochs, Batch size 100, 8 

Input resolution 640 × 640 

Loss weights λ_obj = 1.0,  λ_cls = 0.5,  λ_box = 0.05 

PSO particles N_p, iterations N_iter 5 

Scene-change threshold δ 0.3 

Min adaptation interval 10 frames 

Temporal decay β 0.9 

Random seeds (3 runs) 42, 123, 456 

4.3. Evaluation Metrics and Protocol  

Two key metrics of detection are provided (mAP at 0.5 

(mean Average Precision) and mAP at 0.5:0.95 (COCO-style 

mean AP averaged over IoU thresholds 0.5, 0.55, 0.95, etc.). 

The former presents a localization-tolerant measure that is 

widely used; the latter is a tighter measure that awards 

imprecise localization. They are both calculated in all 10 

object categories per condition and expressed as average 

values. The supporting metrics are also indicated using 

precision, recall, and F1-score. The frame rate is measured (in 

frames per second) as the mean of the entire validation set at 

a single NVIDIA A100 chip running each batch size of 1. Each 

test is repeated three times using random seeds 42, 123, 456; 

the results are stated in mean ±  stress deviation. The statistical 

significance of the improvements is determined by using a 

paired t -test in repeated trials. All differences of the gains of 

DATNet-RS compared to the baseline are statistically 

significant at p < 0.01, which proves that the improvements 

observed cannot be explained by random training differences. 

 

To compute the tractability of the detections, objectness 

thresholding (t = 0.5) is applied on the pyramid level P3 

(80x80 grid). This simplified decoding is used in the same 

manner for all the compared models, which makes the 

comparison fair. It has been admitted that full multi-scale 

NMS decoding would be a direction that would enhance the 

absolute mAP values, and it is considered a future 

improvement (see Section 7.3). 

5. Experimental Results 
5.1. Baseline vs. DATNet-RS: Per-Condition Results 

Table 1 shows per-condition mAP at 0.5, 0.5: 0.95, and 

FPS of the two models on the 406-image ACDC validation 

split, averaged over three runs. DATNet-RS yields statistically 

consistent and reliable increments in gains with all four 

adverse conditions.  

 

Residual shrinkage is most effective in eliminating the 

effects of the precipitation streak in the largest mAP@0.5 gain 

in rain (+4.9%). Fog produces the second-greatest gain of the 

types of spatial attention (+4.4%), which depicts the utility of 

spatial attention when contrast is low. Combined with night 

and snow undergo gains of +3.9 and +4.0, respectively, and 

represent the fact that both channel attention and time 

variations are a benefit to success when encountering 

illumination challenges and near-background constraints. 

mAP@0.5:0.95, the gains are of +2.5 to +3.1. The lesser 

magnitude in comparison to mAP@0.5 is not surprising: the 

tightness of the IoU criteria punishes poor localization, and the 

simplistic decoder used in this paper does not utilize the 

complete NMS with anchor refinement that usually enhances 

localization accuracy. 
 

Table 1. Per-condition mAP@0.5 and mAP@0.5:0.95 comparison (mean ± std, 3 runs). Baseline FPS: 94.5 (all conditions) 

Condition Baseline 

mAP@0.5 

DATNet-

RS 

mAP@0.5 

Δ 

mAP@0.5 

Baseline 

mAP@0.5:0.95 

DATNet-RS 

mAP@0.5:0.95 

Δ 

mAP@0.5:0.95 
DATNet-

RS FPS 

Fog 71.8±0.3% 75.2±0.2% +4.4% 41.0±0.4% 44.1±0.3% +3.1% 45.3 

Night 72.1±0.4% 74.8±0.3% +3.9% 41.5±0.5% 44.0±0.3% +2.5% 52.1 

Rain 71.9±0.3% 75.5±0.2% +4.9% 41.2±0.3% 44.3±0.2% +3.1% 51.8 

Snow 72.2±0.4% 74.9±0.3% +4.0% 41.4±0.4% 44.3±0.3% +2.9% 50.9 

Avg 72.0±0.2% 75.1±0.2% +4.3% 41.3±0.2% 44.2±0.2% +2.9% 50.0 
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Fig. 3 Per-condition mAP@0.5 comparison between baseline and DATNet-RS across fog, night, rain, and snow on the ACDC validation set 

 

5.2. Overall Metrics Summary 
Table 3. Overall metric comparison averaged across all four adverse conditions 

Metric Baseline DATNet-RS Change 

Precision 75.0% 77.0% +2.7% 

Recall 68.0% 71.0% +4.4% 

F1-Score 71.3% 73.8% +3.5% 

mAP@0.5 (avg) 72.0% 75.1% +4.3% 

mAP@0.5:0.95 (avg) 41.3% 44.2% +2.9% 

FPS 94.5 50.0 −47.1% 

Parameters 7.2M 9.8M +36.1% 

Model size 45 MB 62 MB +37.8% 

The recall gain (+4.4%) substantially exceeds the 

precision gain (+2.7%), indicating DATNet-RS primarily 

reduces missed detections - a safety-critical property where 

false negatives (undetected pedestrians, vehicles) carry higher 

consequences than false positives. The FPS reduction from 

94.5 to 50.0 represents the cost of attention modules, 

shrinkage, and adaptation overhead; the model remains 

comfortably above the 30 FPS real-time threshold. 

 
Fig. 4 Multi-metric radar chart comparing precision, recall, and F1 between baseline and DATNet-RS across all adverse conditions 
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5.3. SOTA Comparison 

Table 3 compares DATNet-RS to state-of-the-art 

detectors in ACDC. Mean Average Precision 

(mAP@0.5:0.95) Comparison on the ACDC Dataset is shown 

in Figure 5. The graph clearly shows that the proposed model, 

DATNet-RS, surpasses the SOTA models. The comparison 

baselines were selected to include both recent CNN-based 

detectors and modern transformer-based real-time detection 

architectures reported in the recent literature [36, 40, 64, 65], 

ensuring a representative and up-to-date evaluation context. 

We note that even more recent detectors, such as YOLOv12 

[76], have since been released; extending comparisons to these 

architectures is a natural direction for future work.

 
Fig. 5 Mean Average Precision (mAP@0.5:0.95) Comparison on ACDC 

 

According to the proposed DATNet-RS model, the mean 

Average Precision is 44.2% when the IoU threshold is 

between 0.5 and 0.95, which outperforms all compared 

baseline models in the ACDC benchmark dataset. DATNet-

RS has a steady 2.9 percentage point improvement over the 

most powerful and single-threshold baseline, compared to 

YOLOv5s (41.3%), YOLOv9 (43.1%), Deformable DETR 

(38.9%), and RT-DETR (41.9%). This measure is especially 

challenging since it assesses the quality of detection when 

there are various IoU levels that validate that DATNet-RS 

generates tighter and more accurate bounding boxes at 

unfavorable weather conditions (fog, rain, snow, and night). 

 

 
Fig. 6 Mean Average Precision (mAP@0.5) Comparison on ACDC Dataset 

 
At the default IoU threshold of 0.5, DATNet-RS hit an 

mAP of 75.1%, the highest according to the evaluation of all 

the models. YOLOv9 comes in second at 73.8, then 72.0 with 

YOLOv5s and RT-DETR, respectively, and Deformable 

DETR with the lowest position of 70.5. The enhancement of 

+3.1% compared to YOLOv5s and the overall prevalence 

compared to the transformer-based systems, such as RT-

DETR and Deformable DETR, through the adoption of the 

multi-scale six-component attention system and shrinkage 

residual cancelling denoising block is proof that the noise 
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should be suppressed and feature representation enhanced by 

the multi-scale six-component attention system in unison with 

residual shrinkage under the adverse driving conditions of 

real-world scenarios. 

 
Fig. 7 F1-Score Comparison on ACDC Dataset 

 
The F1-Score is the harmonic mean of both the precision 

and the recall, which allows an assessment of both ends of 

overall detection performance. DATNet-RS scores 73.8% in 

F1-Score, which is higher than the results of the YOLOv9 

(70.7%), YOLOv5s (69.1%), RT-DETR (69.7%), and 

Deformable DETR (67.3%). The highest increment of 4.7 

percent over the YOLOv5s base may serve as a reflection of 

the greatest disparity in five of the evaluation measures since 

DATNet-RS is able not only to identify more objects correctly 

but is also able to prevent false detection. Such unbiased 

performance can be explained by the involvement of the 

attention (temporal) module and the dynamism of the online 

PSO adaptation mechanism that adjusts the model parameters 

dynamically at the inference time. 
 

 
Fig. 8 Recall Comparison on ACDC Dataset 

 
Recall is used to measure a model's ability to identify all 

the pertinent objects of a scene accurately. DATNet-RS has 

the highest recall at 71.0% compared to all the other evaluated 

models that include YOLOv9 (67.1%), YOLOv5s (65.4%), 

RT-DETR (66.2%), and Deformable DETR (63.8%). The 

highest method performance increase was found in the +5.6% 

increase compared to YOLOv5s on all measures in this 

experiment. This finding is particularly important in the field 

of autonomous navigation when the lack of detection of a 

pedestrian, vehicle, or obstacle in low-visibility conditions 

may pose a life-threatening situation. The high recall score 

justifies the efficiency of the temporal attention element in the 

ability to store object data between successive frames. 
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Fig. 9 Precision Comparison on ACDC Dataset

Precision is the measure of the percentage of correct 

positive identifications in all identifications made by the 

model. DATNet-RS achieves the highest precision with 

77.0%, which is the highest of all compared architectures. 

Then, there is YOLOv9 (74.8%), RT-DETR (73.5%), 

YOLOv5s (73.2%), and finally Deformable DETR with a 

precision of 71.3%. The significant reduction in false positive 

detections, which is 3.8% higher than the YOLOv5s base, 

proves that DATNet-RS produces much fewer false positive 

detections. This is also very precise because of the residual 

shrinkage denoising block that removes the noise-induced 

activations frequent in weather-degraded images, leaving only 

the high-confidence identifications in the final output. 
 

DATNet-RS has the best mAP-0.5 (75.1%), mAP-

0.5:0.95 (44.2%), and average detection confidence (77.0) 

across all evaluated models and can support real-time 

throughput (50 FPS), and has the fewest number of parameters 

compared to YOLOv5s.  

 

It is interesting to note that it works better both compared 

with transformer-based models despite a significantly heavier 

backbone, as this proves that specific robustness mechanisms 

can bridge the performance gap between adverse-weather 

spaceforces and heavier architecture designs. 

 

 

Fig. 10 Speed–accuracy trade-off scatter plot across evaluated detectors on ACDC. X-axis: FPS (log scale). Y-axis: average mAP@0.5. DATNet-RS 

achieves the highest accuracy in the real-time region (>30 FPS) 

The observed performance gains can be attributed to the 

complementary interaction of the proposed components. The 

multi-scale attention mechanism enhances feature selectivity 

by suppressing noise-amplified channels and emphasizing 

object-relevant spatial regions, particularly under low-contrast 

fog, contributing to higher recall and mAP. The residual 

shrinkage denoising module suppresses low-amplitude noise-

like activations induced by rain and snow artifacts, reducing 

false positives and improving detection stability. In addition, 

the lightweight inference-time adaptation mechanism 

dynamically adjusts attention strengths and shrinkage 

thresholds according to scene statistics, enabling stable 

performance across changing environmental conditions 

without retraining. Compared with static training strategies 

and computationally intensive gradient-based adaptation, the 

proposed framework achieves consistent accuracy gains at 

approximately 50 FPS.
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5.4.  Latency Breakdown 
Table 4. Latency breakdown for each DATNet-RS component. Measured on NVIDIA A100 GPU, 640×640 input, batch size 1, averaged over 1000 

frames

Component Added Latency (ms) Relative Overhead Notes 

Baseline inference 10.6 ms — P3 decoder only 

+ Channel attention +1.4 ms +13.2% Local + global variants 

+ Spatial attention +1.6 ms +15.1% Local + global variants 

+ Temporal attention +2.1 ms +19.8% Buffer reads + cosine gate 

+ Residual shrinkage +0.3 ms +1.5% Shared weights, 3 pyramids 

Full DATNet-RS (no PSO) 16.0 ms +51.0% 50.0 FPS equivalent 

PSO adaptation (per event) ~1200 ms — Fires on ~5.5% of frames 

The highest individual overhead ( +2.1 ms) is caused by 

temporal attention because of the buffer access and cosine 

similarity gate calculation. Remaining shrinkage contributes 

+0.3 ms even when it is run at three pyramid levels because 

its convolution design is a shared-weight of 1x1. PSO 

adaptation events are expensive (~1.2 s) but rare; on average, 

they contribute about 0.066 ms to the overhead per frame, 

which proves that adaptation does not interfere with the real-

time execution of standard sequences. 

  

5.5. Online Adaptation Analysis 

Figure 11 shows how all of the 9th parameters vary across 

a sequence of 500 frames of validation across several 

condition transitions (fog - rain - night). The PSO objective is 

confirmed by the fact that parameter trajectories have a 

structured adaptation along identified boundaries of scene 

changes instead of a stochastic drift. Parameters of spatial 

attention a3, a4 become higher during the fog segment, when 

contrast is low; parameters of temporal attention a5, a6 

become stronger during rain, with transient streak artifacts 

appearing and disappearing; parameters of shrinkage t1, t2 

become higher during precipitation and lower during the 

conditions of night, when the activity of features is typically 

smaller and when over-suppression has to be prevented. The 

bottom subplot displays the scene-change indicator d(t), and 

the events of triggering are indicated. PSO events are placed 

on condition boundary fires and are sometimes placed in 

sequences when there is a significant change in the local 

statistics of the scene.

Fig. 11 Online adaptation parameter evolution over a 500-frame multi-condition ACDC sequence. Top: six attention strength parameters α₁–α₆. 

Middle: three shrinkage thresholds τ₁–τ₃. Bottom: scene-change indicator δ(t) with adaptation trigger events marked as vertical dashed line 
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5.6. Qualitative Detection Examples 

Figure 12 presents side-by-side detection outputs from 

the baseline and DATNet-RS on representative ACDC 

frames. In fog, DATNet-RS maintains confident detections for 

mid-range vehicles and pedestrians, where the baseline 

produces weak or absent responses due to contrast loss at 

object boundaries. The spatial attention maps confirm that the 

model concentrates representational resources on relatively 

high-contrast local regions rather than uniform fog 

backgrounds. In nighttime scenes, channel attention 

suppresses glare-artifact channels while preserving shape-

sensitive channels, reducing false detections triggered by 

bright light patches. In rain and snow conditions, the shrinkage 

denoising block visibly reduces streak artifacts in intermediate 

feature maps, as confirmed by inspecting feature activations 

before and after the shrinkage block. 

 
Fig. 13 Qualitative detection results of DATNet-RS on the ACDC benchmark under four adverse weather conditions 

 
5.7. Cross-Condition Generalization Analysis 

To assess generalization beyond the standard per-

condition evaluation, a held-out cross-condition test is 

conducted: the model trained on fog, night, and rain conditions 

is evaluated on the snow split without any snow training data. 

Under this zero-shot cross-condition protocol, the baseline 

achieves 63.4% mAP@0.5 while DATNet-RS achieves 

67.1% (+3.7%), demonstrating that the online PSO adaptation 

mechanism generalizes meaningfully even to unseen 

condition types. The shrinkage thresholds adapt to snow's 

characteristic high-luminance occlusion patterns within 2–3 

PSO trigger events, confirming that the adaptation mechanism 

is not overfit to training conditions.  

This result provides evidence that DATNet-RS's 

robustness extends beyond the specific conditions seen during 

training. 

 

6. Ablation Study 
A seven-configuration ablation study is conducted to 

quantify the individual and combined contributions of each 

DATNet-RS component. Each configuration is trained and 

evaluated under the same protocol as the full model (three 

seeds, ACDC validation set).  

 

Table 4 reports average mAP@0.5 and mAP@0.5:0.95 

across all four adverse conditions, alongside throughput.  
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Table 5. Ablation study results on ACDC validation set (mean across 3 runs) 

Configuration Fog Night Rain Snow 
mAP@0.5 

Avg 

mAP@0.5:0.95 

Avg 
FPS 

(A) Baseline only 71.8% 72.1% 71.9% 72.2% 72.0% 41.3% 94.5 

(B) + Channel attention 73.1% 73.4% 73.2% 73.3% 73.3% 42.1% 72.1 

(C) + Spatial attention 73.4% 72.9% 73.5% 73.0% 73.2% 42.0% 70.8 

(D) + Temporal attention 72.6% 73.8% 72.8% 73.5% 73.2% 42.0% 68.3 

(E) + All attention (no 

shrink) 
74.3% 74.2% 74.6% 74.3% 74.4% 43.1% 55.2 

(F) + Attention + Shrinkage 74.8% 74.5% 75.1% 74.6% 74.8% 43.7% 51.6 

(G) Full DATNet-RS (+ 

PSO) 
75.2% 74.8% 75.5% 74.9% 75.1% 44.2% 50.0 

Channel attention alone (B) rejects semantically de facto 

silent or noisiness channels, which often occur in the presence 

of fog (scattering damages a particular frequency-sensitive 

channel) and in the darkness (illumination unbalance saturates 

this or that channel). 

 
Spatial attention alone (C) is +1.2%, and the highest 

contribution is towards fog and rain, where object boundaries 

necessitate high-contrast patches to be localized in a precise 

manner. 

 
An overall result of temporal attention (D) benefits 

+1.2%, but higher per-condition benefits of night (+1.7) and 

snow (+1.3), with objects being partially blocked across 

frames, and benefits of consistency to disambiguate. 

 
Adding three attention conditions (E) leads to +2.4% 

mean increase that is larger than the sum of individual gains 

(+3.7% when applied separately), which means that the three 

mechanisms do not compensate each other, but are more likely 

to cooperate. The effects of adverse-weather corruption are 

repressed on other levels by each type of attention, and the 

combination of the two approaches has a wider coverage. 

 
Incorporation of residual shrinkage (F) would provide an 

incremental average gain of +0.4%, with the highest 

incremental benefit in rain ( +0.5%). This can be explained by 

the physical interpretation: noise of precipitation results in 

low-level diffuse activations that are specifically shrinkage 

targeted, whereas the degradation of fog and night can be more 

effectively reduced through the modulation of attention. 

 
Full DATNet-RS with PSO adaptation (G). The PSO 

contribution on the ACDC set on validation is low since, in 

this dataset, there are no frequent transitions between 

conditions, and the adaptation mechanism can play its largest 

part when the condition transitions are between active 

conditions, which are relatively few in the common per-

condition split experimented on. 

7. Discussion 
7.1. Reason Component Combination is Effective 

An obvious functional break-up is found in the ablation 

results. The component with the largest impact ( +1.3% ) is 

channel attention: foul weather handicaps particular channels 

of feature (fog, edge-sensitive high-frequency) channels; rain 

controls certain luminance-sensitive channels. Channel 

attention can be used to weigh responses of channels 

worldwide and, in doing so, de-emphasize corrupted 

dimensions in a dynamic manner.  
 

It is supplemented by spatial attention, which, when in 

use, instead of directing attention evenly across the regions of 

background noise, directs the representational resources to the 

parts of the spatial map that contain the boundaries of objects 

that are detectable even in the face of degradation. It is 

something fundamentally different that is offered by temporal 

attention: temporal anchoring in representation by objects that 

are consistent over time, which makes use of the physical fact 

that real objects are constant with time, and weather 

phenomena are temporary.  
 

The residual shrinkage acts in a different mode - not by 

reweighting but by deleting - by inhibiting the low-amplitude 

activations of any channel or any location. The combination 

of these four mechanisms deals with adverse-weather 

corruption in orthogonal directions, which has complementary 

and not redundant improvement. 
 

The super-additive increase in the accumulation of all 

attention types (A-E: +2.4% vs. the addition of B+C+D 

individual gains vs. the baseline) is specifically indicative of 

the three attention types working on discontinuous dimensions 

of incorruptibility. Channel attention has no means of 

counteracting clustering of spatial noise or, correspondingly, 

saturation of spatial attention, nor, conversely, the ability to 

counteract temporal variation in degradation in the case of 

intermittent degradation. This complementarity forms the 

basis of the architectural justification in the composition of the 

six-component design.  
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7.2. Deployment Practicality 

 Applying the viewpoint of deployment, DATNet-RS 

offers a reasonably balanced operational character. Its 

parameter footprint (9.8M, 62 MB) can be supported using 

available automotive-grade SoCs, such as NVIDIA Jetson 

AGX Orin, Qualcomm SA8295P, and similar embedded 

GPUs, and even fits within the 100 MB model storage budget 

that is typically placed on edge perception stacks. At 16 ms 

per frame, inference (50 FPS) can be financed within the 33 

ms per-frame hard constraint of a 30 FPS lowest real-time 

perception pipeline, leaving window dressing to high-speed 

post-processing.  

  

 There is an adaptation event, PSO adaptation event (~1.2 

s per event, 5.5% of frames), which adds an uneven 

distribution of the latency profile. This is controlled in 

deployment with three practical approaches: (1) asynchronous 

execution where PSO is run in a separate CPU thread or 

secondary graphics card thread whilst the main inference 

process proceeds using the most recent th, no extra blocking 

latency is introduced; (2) scheduled adaptation where, to 

prevent additional blocking latency, adaptation is only 

allowed when making low-speed drives or at rest, it also incurs 

less overhead; and (3) adaptive throttling where the minimum 

inter-adaptation interval can be increased to 10-30+ frames in 

steady-state, eliminating even more. Squeezing the base 

inference footprint further (to 40-60 per cent without 

significant accuracy sacrifice) by more extreme compression 

methods like INT8 quantization [57] or knowledge distillation 

[57] is estimated on the basis of similar lightweight detector 

benchmarks. 

 

7.3. Failure Case Analysis 

 Inspection of the ACDC validation set reveals two 

principal failure modes for DATNet-RS: 

 

7.3.1. Extreme occlusion (>80% bounding box area obscured) 

 When objects are largely hidden by other scene elements, 

common for pedestrians in dense crowd scenes or cyclists 

behind parked vehicles, neither attention mechanisms nor 

shrinkage can recover discriminative features that are not 

present in the visible portion of the object. In 73% of cases 

where DATNet-RS misses a detection but the baseline also 

misses it, the ground-truth object has >80% occlusion. This 

represents a detector resolution and visibility limit rather than 

an adverse-weather-specific failure. 

 

7.3.2. Very Small Distant Objects (<5×5 pixels at 640×640 

resolution) 

 The simplified P3 decoder operates at 1/8 input resolution 

(80×80 grid), giving a spatial granularity of 8 pixels per grid 

cell. Objects smaller than approximately 5 pixels in the input 

are sub-grid scale and cannot be reliably detected without 

multi-scale decoding with anchor-based regression. This is an 

evaluation protocol limitation. Full multi-scale decoding 

would mitigate this category of misses. 

7.3.3. Simultaneous Multi-Condition Scenes 

 DATNet-RS was trained and evaluated on single-

condition ACDC splits. Scenes that combine multiple adverse 

factors, such as nighttime rain and foggy snow, are not 

represented in the evaluation. Qualitative inspection of two 

such boundary cases suggests that performance degrades more 

than for single-condition inputs, which is expected given that 

the nine-dimensional adaptation vector may not span 

configurations appropriate for combined degradations. 

Extending the adaptation space or condition-aware 

initialization is a direct mitigation strategy. 

 

8. Conclusion 
This paper presents DATNet-RS, a domain-adaptive 

detection framework addressing the challenge of reliable 

object detection under adverse weather and low-light driving 

conditions. DATNet-RS augments a lightweight YOLO-style 

baseline with three targeted components: a six-component 

multi-scale attention module jointly modeling channel, 

spatial, and temporal dependencies at local and global scales; 

a shared residual shrinkage denoising block attenuating noise 

activations across all feature pyramid levels; and an online 

PSO-based adaptation mechanism that adjusts a compact nine-

dimensional parameter vector in response to detected scene 

changes during inference without labels and without 

backpropagation. 

 

Experiments on the ACDC benchmark demonstrate 

consistent improvements across fog, night, rain, and snow: 

average mAP@0.5 improves from 72.0% to 75.1% (+4.3%) 

and mAP@0.5:0.95 from 41.3% to 44.2% (+2.9%), while 

real-time inference is sustained at 50 FPS. A seven-

configuration ablation confirms that channel, spatial, and 

temporal attention address complementary aspects of adverse-

weather corruption, residual shrinkage provides targeted noise 

suppression, and PSO adaptation adds further benefit at 

condition transitions. Compared to yielding on YOLOv9, RT-

DETR, and Deformable DETR, DATNet-RS has the highest 

accuracy among evaluated models and depth in the real-time 

operating region. 

 

Not only the detailed results, but this work also illustrates 

an overall design concept: the traditional architectural strength 

of inductive bias structure and the dynamism of behavioral 

functionality are complementary strategies that help each 

other to give better and more stable performance than each can 

get alone. Some of the emerging directions are complete 

multi-scale NMS decoding to the standardized COCO-style 

evaluation, cross-dataset generalization research, more 

principled adaptation goals that include localization quality, 

and model compression to achieve additional embedded 

deployment optimization.  

 

Future work will additionally investigate integration with 

emerging lightweight transformer-based perception 

architectures [40, 67] and recent adaptive vision foundation 
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models [66, 75] to further strengthen zero-shot generalization 

under unseen environmental conditions.  
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