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Abstract: Road ponding presents a substantial threat to vehicular safety, particularly in foggy conditions where reliable 
detection continues to be a major challenge for advanced driver assistance systems (ADASs). To address this issue, we 
propose an aggregation-broadcast-coupling dynamic wavelet network (ABCDWaveNet), a novel deep learning framework 
specifically designed to achieve robust ponding detection in fog-affected environments. The central architecture of 
ABCDWaveNet improves detection performance by utilizing dynamic convolution for adaptive feature extraction under 
reduced visibility, together with a wavelet-based module that improves feature representation across both spatial and 
frequency domains, thereby effectively alleviating fog-related interference. In addition, ABCDWaveNet incorporates 
multi-scale structural and contextual information and employs an adaptive attention coupling gate to dynamically integrate 
global and local features, leading to improved detection accuracy. For realistic evaluations under compounded adverse 
weather conditions, we introduce the Foggy Low-Light Puddle dataset. Comprehensive experiments confirmed that 
ABCDWaveNet attained state-of-the-art results, with notable intersection over union gains of 3.51%, 1.75%, and 1.03% on 
the Foggy-Puddle, Puddle-1000, and Foggy Low-Light Puddle datasets, respectively. Furthermore, with an inference speed 
(FPS) of 25.48 on the NVIDIA Jetson AGX Orin, the proposed framework demonstrates strong suitability for development 
in ADAS applications. These results highlight the effectiveness of ABCDWaveNet, presenting valuable advancements for 
proactive road safety under challenging weather conditions. 

Keywords: Road ponding detection; Advanced driver assistance systems; Deep learning; Dynamic convolution; Wavelet 
transform; Foggy conditions

1. Introduction

In modern transportation systems, the rapid growth in traffic volume driven by ongoing urbanization has increased the 
need to ensure road safety in all-weather environments. Although substantial progress has been made in vehicle safety 
technologies and traffic infrastructure, ensuring safe driving under adverse weather conditions, particularly fog, continues to 
be a major concern. Fog is among the most frequently occurring weather events and can significantly degrade visibility, 
which is essential for safe vehicle operation [1–Error! Reference source not found..

Under foggy conditions, drivers face difficulty accurately perceiving their surroundings, including nearby vehicles and 
pedestrians, as well as potential roadway hazards, such as ponding and potholes.

This reduction in visibility substantially amplifies the risks posed by such hazards. For example, under normal driving 
conditions, standing water on the roadway can cause vehicles to skid and increase braking distances. In foggy environments, 
these risks are further exacerbated, as drivers increasingly struggle to detect road ponding in time, which can lead to serious 
consequences for life and property [4,5]. According to the Federal Highway Administration, more than 38 700 vehicle 
accidents occur annually under foggy conditions in the United States, resulting in over 600 fatalities and in excess of 16 300 



injuries Error! Reference source not found.. Research suggests that the likelihood of accidents in fog is up to 35-fold 
greater than in clear weather, and adverse weather conditions are responsible for approximately 20% of all traffic incidents. 
Furthermore, these conditions contribute to about 38.3% of traffic congestion and 23% of non-recurring delays, resulting in 
billions of dollars in economic losses [7,8].

To mitigate these challenges, advanced driver assistance systems (ADASs) have been developed to integrate diverse 
traffic-related information and support safer, more efficient, and environmentally sustainable mobility. Fig. 1 presents an 
example of a road ponding detection process within an ADAS framework under foggy conditions Error! Reference source 
not found.,Error! Reference source not found.. Although traditional sensor-based methods for detecting road ponding, 
such as light detection and ranging (LiDAR) Error! Reference source not found.–Error! Reference source not found., 
hydrogel sensors Error! Reference source not found., and infrared devices Error! Reference source not found., perform 
effectively in clear environments, they exhibit substantial limitations in fog. LiDAR-based approaches, including those 
applied by Zhao et al. Error! Reference source not found., utilize histogram analysis of point cloud data to identify 
water-related hazards. However, dense fog degrades LiDAR accuracy by reducing point cloud density and introducing 
substantial noise, thereby impairing reliable detection. Similarly, hydrogel Error! Reference source not found. and 
infrared sensors Error! Reference source not found. are highly vulnerable to signal distortion caused by fog, further 
restricting their effectiveness under low-visibility conditions. Beyond these performance issues, sensor-based solutions 
often suffer from limited spatial coverage, high deployment cost, and operational complexity, which challenge their 
practicality for large-scale implementation.

Machine learning-based methods have also been employed for road ponding detection, utilizing image data to identify 
hazardous water conditions. Classical approaches, such as support vector machines (SVMs) Error! Reference source not 
found.–Error! Reference source not found. and random forests Error! Reference source not found., detect wet road 
surfaces by extracting hand-crafted features including color and texture. For example, the integration of optical flow with 
SVMs has been applied to identify wet roads Error! Reference source not found.. However, these methods often struggle 
to generalize in dynamically changing environments, particularly in fog, where reduced visibility and degraded image 
quality hinder the extraction of fine-grained discriminatory features Error! Reference source not found.,Error! 
Reference source not found.. Additionally, Adugna et al. [26] demonstrated that although RF achieved better performance 
than SVMs in large-scale land cover classification with high-dimensional data, it remained insufficient when addressing 
more complex scenarios.

In contrast, deep learning has emerged as an effective solution across multiple domains, especially for visual analysis and 
robust feature representation Error! Reference source not found.. The capacity of deep learning models, such as 
convolutional neural networks (CNNs) and transformers Error! Reference source not found.Error! Reference source 
not found., which learn hierarchical features, are particularly effective for complex visual tasks. Models such as U-Net 
Error! Reference source not found. and AGSENet Error! Reference source not found., which rely on fixed kernels, 
have performed well in controlled conditions but have difficulty adapting to the varying visual distortions introduced by 
fog. In addition, models such as SWNet Error! Reference source not found., which utilize multi-scale fusion and attention 
mechanisms, still experience performance degradation in foggy conditions due to reduced contrast and the loss of fine 
details. Moreover, transformer-based models, such as ViT Error! Reference source not found. and SeaFormer Error! 
Reference source not found., show potential in capturing global context but are often computationally inefficient, which 
limits their practical deployment in real-time systems, such as ADAS Error! Reference source not found.Error! 
Reference source not found..



 

Fig. 1. Road ponding detection in an ADAS framework Error! Reference source not found..

By leveraging deep learning techniques, the detection of road hazards in foggy conditions can be significantly improved, 
thereby enhancing overall road safety. In this work, we propose the aggregation-broadcast-coupling dynamic wavelet 
network (ABCDWaveNet), a novel deep learning framework specifically designed to address the challenges of detecting 
road ponding in foggy environments. ABCDWaveNet combines dynamic convolution, wavelet-based feature extraction, 
and a multi-scale feature fusion strategy to enhance robustness and accuracy in adverse conditions. The architecture is 
crafted to adaptively capture critical spatial features while mitigating the impact of fog-induced interference. Through its 
aggregation-broadcast-coupling (ABC) mechanism, ABCDWaveNet efficiently fuses global and local information, 
improving feature representation across varying scales and yielding more precise road ponding detection, thereby providing 
reference and inspiration for advancing road safety in adverse weather conditions. The key contributions of this paper are as 
follows:

(1) Novel framework design: We present ABCDWaveNet, a pioneering deep learning architecture that merges dynamic 
convolution with advanced feature fusion to boost road ponding detection under foggy conditions. In contrast to traditional 
convolutional architectures that rely on fixed kernels, ABCDWaveNet leverages dynamic convolution to improve 
adaptability to non-uniform visual patterns arising from varying environmental conditions. By simultaneously capturing 
spatial and frequency domain features, the framework substantially improves robustness and accuracy in challenging foggy 
environments.

(2) Incorporation of discrete wavelet transform (DWT): ABCDWaveNet integrates the DWT within its encoding layers, 
where features are decomposed into low- and high-frequency sub-bands. This multiscale representation enhances the 
extraction of global structural information while maintaining intricate details, which helps reduce the impact of fog-related 
interference and enhances the reliability of the learned features.

(3) Multi-scale feature integration: The proposed ABC mechanism integrates multi-scale feature aggregation with an 
adaptive attention coupling gate (AACG), enabling effective fusion of global and local representations. By dynamically 
modulating the information exchange between scales, this mechanism supports adaptability to varying ponding extents 
while maintaining high segmentation accuracy in the decoding process.

(4) Dataset development and performance: To overcome the scarcity of datasets that emulate realistic, challenging 
weather conditions, we constructed the Foggy Low-Light Puddle benchmark dataset, which includes low illumination, 
dense fog, and various ponding appearances. Comprehensive evaluations demonstrated that ABCDWaveNet attained 
state-of-the-art (SOTA) results, with intersection over union (IoU) gains of 3.51%, 1.75%, and 1.03% on the Foggy-Puddle, 
Puddle-1000, and Foggy Low-Light Puddle datasets, respectively. In addition, the model achieved a speed of 25.48 FPS on 
an NVIDIA Jetson AGX Orin (NVIDIA, USA), demonstrating its feasibility for integration into ADAS for timely road 
ponding alerts in fog-affected environments.

2. Related work

2.1. Sensor-based methods



Sensor-based approaches, such as LiDAR Error! Reference source not found.–Error! Reference source not 
found.,Error! Reference source not found., hydrogel sensors Error! Reference source not found., and infrared systems 
Error! Reference source not found.,Error! Reference source not found., are commonly applied for detecting water on 
road surfaces, providing reliable performance across different environmental settings. LiDAR-based techniques typically 
perform real-time segmentation and hazard identification by analyzing the point cloud histogram Error! Reference source 
not found.. Similarly, near-infrared optoelectronic techniques utilize reflection, scattering, and polarization characteristics 
to differentiate road surface conditions Error! Reference source not found..

Despite these strengths, significant drawbacks arise under foggy-affected scenarios. Fog-related signal attenuation 
markedly degrades the performance of hydrogel sensors Error! Reference source not found. and infrared devices Error! 
Reference source not found., and reduced visibility compromises the accuracy of LiDAR systems Error! Reference 
source not found.. Moreover, the relatively narrow detection range of these sensors, together with the substantial costs and 
intricate hardware requirements, limits their feasibility for widespread deployment in challenging weather environments.

2.2. Machine learning-based methods

2.2.1. Classical machine learning methods

Classical machine learning techniques, such as SVMs and random forests, have been employed for water detection using 
hand-crafted descriptors, including color and texture cues. Approaches integrating optical flow with SVMs Error! 
Reference source not found. and SVM-based hypothesis generation relying on color characteristics Error! Reference 
source not found. have been developed to identify wet road surfaces. In addition, optimized SVMs combined with image 
segmentation Error! Reference source not found.,Error! Reference source not found. and random forest classifiers 
utilizing Hue- Saturation-Value (HSV) color features Error! Reference source not found. have demonstrated satisfactory 
performance in controlled environments. Wavelet packet transform-enhanced SVM models have also been introduced to 
improve wet surface recognition Error! Reference source not found.. Nevertheless, although these techniques perform 
well in simplified scenarios, they exhibit high sensitivity to noise and reduced adaptability in complex, dynamically 
changing environments, particularly under fog, where visual degradation undermines the reliability of hand-crafted features 
Error! Reference source not found..

2.2.2. Deep learning-based methods

Deep learning techniques, particularly CNNs, have significantly advanced road water detection and now achieve SOTA 
performance Error! Reference source not found.. U-Net Error! Reference source not found., characterized by its 
encoder-decoder architecture, has become a core framework for segmentation and consistently surpasses classical 
HSV-based approaches Error! Reference source not found.. Enhanced variants, such as U-Net-RAU Error! Reference 
source not found., exploit water reflection characteristics to improve pixel-level predictions, while SWNet Error! 
Reference source not found. integrates multiscale feature fusion with splash attention modules for more accurate water 
splash recognition. AGSENet Error! Reference source not found. incorporates multi-scale attention to strengthen feature 
discrimination, enabling more robust detection in complex environmental conditions.

Transformer-based approaches, including vision Transformers Error! Reference source not found.,Error! Reference 
source not found., have further broadened capabilities in semantic segmentation. SeaFormer Error! Reference source not 
found., a lightweight Transformer model, effectively captures both global contextual information and local details with 
efficiency. However, these models still encounter constraints in computational cost and boundary precision, both of which 
are crucial for fine-grained water segmentation.

2.3. Foggy condition detection

Foggy environments intensify the challenges of ponding detection due to reduced contrast and visibility Error! 
Reference source not found.. Classical dehazing techniques, such as the dark channel prior Error! Reference source not 
found., enhance sense clarity but often degrade fine details, which limits their suitability for complex segmentation tasks. 
Deep models, such as AOD-Net Error! Reference source not found., provide real-time dehazing but are not tailored for 
water segmentation. More recent strategies focus on domain adaptation to mitigate fog-induced feature corruption. 
Fog-invariant features foggy scene segmentation method (FIFO) Error! Reference source not found. enhances 
consistency between clear and foggy domains using fog-pass filtering, and CuDA-Net Error! Reference source not found. 
improves generalization by disentangling fog-related and style-related components. Bi-directional wavelet guidance Error! 
Reference source not found. employs wavelet-based feature decoupling to preserve important details and improve 
robustness, while its bi-directional design focuses on both global and local context, achieving competitive results in 
fog-heavy scenarios.

Although these approaches provide progress toward managing fog-related degradation, additional research is required to 
more tightly couple dehazing mechanisms with task-specific segmentation networks, enabling reliable road ponding 
detection in adverse weather conditions.



3. Proposed method

In this section, we begin with an overall description of the network architecture, followed by a detailed explanation of 
each constituent module.

3.1. Overall architecture

Fig. 2 presents the overall architecture of the proposed ABCDWaveNet. The network adopts a hierarchical U-Net 
architecture with skip connections to support effective information flow.

Given an red-green-blue (RGB) input image I ∈ ℝH×W×C (where H × W represents spatial resolution, and C indicates 
the number of channels), ABCDWaveNet begins feature extraction through multiple encoding stages incorporating a dual 
dynamic convolutional (DDC) layer and a bidomain information synergy (BIS) module. These modules collaboratively 
generate the encoded feature representations. The features extracted at different encoding levels are subsequently integrated 
through the multi-scale information aggregation (MIA) module, enabling a thorough multi-scale representation. Operating 
in a coarse-to-fine manner, the MIA module employs an adaptive scale selection (ASS) mechanism to effectively capture 
critical structural and contextual cues for ponding detection in foggy conditions. This includes identifying ponding 
boundaries and distinguishing them from surrounding dry road surfaces. A progressive refinement module is then applied to 
highlight the most discriminative features, which are essential for separating ponding from non-ponding areas based on 
variations in color and texture. The globally aggregated feature from the MIA module is propagated to each decoder stage 
through the AACG embedded within the skip connections. The AACG selectively fuses global and local information, 
allowing the model to accentuate structure relevance and context-dependent details. In the following subsections, we delve 
into the details of the newly introduced components.

3.2. Dynamic feature extraction

3.2.1. Dynamic convolution

Extracting reliable features for accurate ponding detection is highly challenging under adverse environments, such as fog. 
Fog substantially reduces image contrast and blurs edge structures, leading to a noticeable decline in the effectiveness of 
conventional CNNs Error! Reference source not found.,Error! Reference source not found.,Error! Reference source 
not found.. These models often fail to capture essential visual cues under such degraded conditions. To overcome these 
drawbacks, we propose the incorporation of a double dynamic convolution layer within the encoder, aimed at improving the 
network's adaptability and robustness through dynamic feature extraction.

The double dynamic convolution layer relies on dynamic convolution, which increases the expressive capability of the 
network by adaptively combining multiple convolution kernels according to the input content Error! Reference source not 
found.. As illustrated in Fig. 2(c), dynamic convolution fuses 𝐾 parallel convolutional kernels {𝑊(𝑘)}𝐾

𝑘=1with 
input-dependent attention weights (𝑘). For an input feature map 𝑋∈ℝH×W×C, the output is computed as

𝑌 =
𝐾

𝑘=1
𝛼(𝑘) ⋅ (𝑋 ∗ 𝑊(𝑘))(1)

where ∗ represents the convolution operation. The coefficient 𝛼(𝑘) is adaptively computed from the input via an MLP 
module. For a given input 𝑋, global average pooling is applied to condense the spatial information into a vector. This vector 
is subsequently passed through the MLP module, followed by a Sigmoid activation function to generate the input-dependent 
weighting coefficients:

𝛼 = Sigmoid(MLP(Pool(𝑋)))(2)

where Pool(X) is the result of applying global average pooling to the input feature map 𝑋.

Complexity analysis: The parameter count and floating-point operations (FLOPs) of dynamic convolution are evaluated 
in comparison with those of standard convolution Error! Reference source not found.. In a standard convolution layer, a 
single kernel is used, leading to a total parameter count of 𝐶out ⋅ 𝐶in ⋅ 𝐾 ⋅ 𝐾, and the corresponding FLOPs can be expressed 
asFLOPsconv = 𝐻′ ⋅ 𝑊′ ⋅ 𝐶out ⋅ 𝐶in ⋅ 𝐾 ⋅ (3)

where 𝐻′ and 𝑊′ denote the height and width of the output feature map, respectively, 𝐶out is the number of output 
channels, 𝐶in is the number of input channels.

In contrast, dynamic convolution incorporates multiple kernels along with an attention mechanism. The total parameter 
count is determined as 𝐶2

in + 𝐶in ⋅ 𝑀 + 𝑀 ⋅ 𝐶out ⋅ 𝐶in ⋅ 𝐾2, and the FLOPs for dynamic convolution are expressed as



FLOPsconv = 𝐶2
in + 𝐶in𝑀 + 𝑀𝐶out𝐶in𝐾2 + 𝐻′𝑊′𝐶out𝐶in𝐾2(4)

where M denotes the number of parallel convolutional kernels in the dynamic convolution module.

Fig. 2. Architecture of the proposed ABCDWaveNet. (a) A U-shaped network consisting of five encoder stages and four 
decoder stages, integrated with the MIA and AACG modules. (b) The encoder-decoder framework is constructed by 
stacking dual dynamic convolution-BIS (DDC-BIS) modules, where (c) illustrates the placement of the MIA and AACG 
components. (d) Each DDC block contains two sequential dynamic convolution layers. Fll, Flh, Fhl, Fhh: four sub-bands 
obtained by DWT decomposition of the feature map, where Fll denotes the low-frequency approximation sub-band that 
preserves the global structural context, and Flh, Fhl, and Fhh represent the high-frequency detail sub-bands corresponding to 
the horizontal, vertical, and diagonal directions of the feature map, respectively; α, α(1), α(2), …, α(k) : input-dependent 
adaptive attention weighting coefficients for the k parallel convolutional kernels in the dynamic convolution module; Nh: 
number of attention heads in the multi-head cross-attention mechanism; ℚ, 𝕂, and 𝕍: query, key, and value matrices in 
the multi-head cross-attention mechanism, respectively; BN: batch normalization; LN: layer normalization; FC: fully 
connected layer; Conv: convolutional layer; ReLU: rectified linear unit. 

The parameter ratio of dynamic convolution over standard is

𝑅param =
𝐶2

in + 𝐶in𝑀 + 𝑀𝐶out𝐶in𝐾2

𝐶out𝐶in𝐾𝐾

       =
𝐶in

𝐶out𝐾2 +
𝑀

𝐶out𝐾2 + (5)

                               ≈
1

𝐾2 + 𝑀,  (𝑀 ≪ 𝐶out𝐾2,𝐶in ≈ 𝐶out)

The FLOP ratio is

𝑅flop =
𝐶2

in + 𝐶in𝑀 + 𝑀𝐶out𝐶in𝐾2 + 𝐻′𝑊′𝐶out𝐶in𝐾2

𝐻′𝑊′𝐶out𝐶in𝐾2

             =
𝐶in

𝐻′𝑊′𝐶out𝐾2 +
𝑀

𝐻′𝑊′𝐶out𝐾2 +
𝑀

𝐻′𝑊′
+ (6)

≈ 1,  (1 < 𝑀 ≪ 𝐻′𝑊′,𝐶in ≈ 𝐶out)



Therefore, compared with the standard convolution, the dynamic convolution has about M ×  parameters with negligible 
extra FLOPs.

3.2.2. Dual dynamic convolution layer

To enhance the model’s adaptability to non-uniform visual patterns arising from diverse environmental conditions, 
particularly under fog, we propose the DDC layer. This layer enhances the feature extraction process in complex and 
variable scenes by substituting the conventional pair of fixed convolutional layers, commonly used in architectures such as 
the U-Net, with dynamic convolutions.

In standard U-Net encoders, feature extraction is performed through two successive static convolutional layers. Although 
these layers progressively refine feature representations, their fixed nature restricts adaptability to changing input 
characteristics. By integrating dynamic convolutions, the DDC layer allows the network to modulate its convolution kernels 
in response to input variations. This adaptive kernel adjustment provides a notable advantage in adverse conditions, such as 
fog, where reduced visibility and obscured fine structures hinder reliable feature capture.

Formally, the output Y1 from the first dynamic convolution is computed as

𝑌1 =
𝐾

𝑘=1
𝛼(𝑘)

1 ⋅ 𝑋 ∗ 𝑊(𝑘)
1 (7)

𝛼(𝑘)
1 = Sigmoid(MLP(Pool(𝑋)))(8)

where X denotes the input feature map, and 𝛼(𝑘)
1  represents the input-dependent attention coefficients as defined in Eq. (8). 

𝑊(𝑘)
1  represent the convolutional kernels of the first layer.

The output Y2 from the second dynamic convolution is expressed as

𝑌2 =
𝐾

𝑘=1
𝛼(𝑘)

2 ⋅ 𝑌1 ∗ 𝑊(𝑘)
2

𝛼(𝑘)
2 = Sigmoid(MLP(Pool(𝑌1)))

where 𝑊(𝑘)
2  denotes the convolutional kernels of the second layer, and 𝛼(𝑘)

2  represents the attention coefficients computed 
from 𝑌1 as described in Eq. (10).

This dynamic convolution process enables iterative refinement of feature extraction, allowing the model to adaptively 
emphasize salient features under diverse conditions. The DDC layer enhances robustness in visually degraded 
environments, such as fog, where image contrast and clarity are reduced. By dynamically adjusting the convolution weights, 
the model retains essential information, enabling accurate detection of subtle features, such as road and ponding boundaries, 
even under obscured visibility.

Unlike conventional kernel-fixed convolutions that employ two sequential static layers, dynamic convolutions provide 
improved flexibility by modulating kernels according to input variation, thereby enhancing feature extraction. Although the 
parameter count increases slightly, the model sustains computational efficiency with only a marginal rise in FLOPs, as 
confirmed by the complexity analysis. This makes it particularly suitable for applications such as road safety early-warning 
systems, where both accuracy and processing speed are crucial.

3.3. Wavelet-based synergy of frequency and spatial information

Detecting ponding under foggy conditions is particularly challenging due to reduced visibility, light scattering, and the 
reflective nature of water surfaces. These factors significantly diminish image clarity and detail, making it difficult for 
conventional image processing techniques to accurately identify waterlogged regions. To overcome these limitations, we 
propose the BIS module, a novel framework designed to enhance detection performance in fog-affected environments.

The BIS module consists of two complementary pathways: the frequency-aware information processing pathway and the 
spatial-enhanced feature learning pathway. The frequency pathway operates on low-frequency components to preserve 
global structural consistency while simultaneously exploiting high-frequency components to sharpen edges and recover fine 
details. This dual representation enables accurate modeling of both the smooth and detailed characteristics of water surfaces 
partially obscured by fog. In parallel, the spatial pathway focuses on object localization and contextual relationships, 
facilitating precise identification of ponding regions and their interactions with surrounding features. By integrating both 



pathways, the BIS module achieves a balance between global coherence with local detail, thereby improving feature 
representation and robustness in complex foggy environments.

3.3.1. Frequency-aware information processing pathway

Foggy conditions introduce considerable difficulties in ponding detection by reducing visibility and degrading edge 
information that is essential for differentiating waterlogged regions. These effects lead to a notable loss of fine structural 
detail, particularly in the high-frequency components of the image. To investigate the influence of fog on both the frequency 
and spatial aspects of ponding detection, we employ the DWT using the Haar wavelet basis, selected for its computational 
simplicity. This decomposition separates the image into four sub-bands (see Fig. 3): FLL, FLH, FHL, and FHH, which 
represent the low- and high-frequency components. The LL sub-band mainly encodes the global structural context and 
remains relatively stable under foggy conditions, showing minimal variation between clear and fog-affected scenes. In 
contrast, the high-frequency sub-bands (LH, HL, and HH) capture critical edge and texture information but experience 
substantial attenuation as fog density increases, leading to a pronounced loss of detail, especially in regions containing 
ponding. The results of this analysis are presented in Fig. 4, where the x-axis corresponds to different fog intensities, from 
clear to slight fog, medium fog, and heavy fog Error! Reference source not found.. The y-axis denotes the normalized 
energy ratio for each frequency sub-band (LL, LH, HL, and HH). The results indicated a clear trend: under clear conditions, 
high-frequency sub-bands (LH, HL, and HH) maintained a greater proportion of the total energy. As fog concentration 
increased, the energy distribution progressively shifted, with the low-frequency energy (LL) increasing while the 
high-frequency energy (LH, HL, HH) consistently decreasing.

Fig. 3. Wavelet sub-band analysis of Puddle-1000 images and synthesized Foggy-Puddle images.

The frequency-aware information processing pathway aims to reduce the adverse effects of fog while maintaining 
essential scene details, thereby improving the accuracy of ponding area detection. As shown in Fig. 6, Fig. 6(b), this 
pathway is composed of three primary components: the feature mixing block (FM-Block) Error! Reference source not 
found.Error! Reference source not found., the DWT, and the inverse DWT (IDWT) Error! Reference source not 
found.. For a given input feature map 𝐹 ∈  ℝ𝐻×𝑊×𝐷 (where D is denotes the number of channels), the DWT decomposes 
it into four sub-bands: FLL, FLH, FHL, and FHH, each of size ℝ

𝐻
2

×𝑊
2

×𝐷; the sub-band FLL corresponds to the low-frequency 
(approximation) component that preserves the global structural context, whereas FLH, FHL, and FHH capture the 
high-frequency components containing edge and texture information crucial for detailed scene representation Error! 
Reference source not found..

The DWT utilizes low-pass (l) and high-pass (h) filters defined as

𝑙 =
1
2

[1,1],      ℎ =
1
2

[1,1](11)

These filters extract both smooth (low-frequency) and detailed (high-frequency) components, ensuring that the essential 
scene information is preserved. The corresponding sub-bands are computed as

𝐹LL(𝑢,𝑣) =
𝐻―1

𝑚=0

𝑊―1

𝑛=0
𝐹(𝑚,𝑛) ∙ 𝑙(𝑚 ― 2𝑢) ∙ 𝑙(𝑛 ― 2𝑣)(12)

𝐹LH(𝑢,𝑣) =
𝐻―1

𝑚=0

𝑊―1

𝑛=0
𝐹(𝑚,𝑛) ∙ 𝑙(𝑚 ― 2𝑢) ∙ ℎ(𝑛 ― 2𝑣)(13)



𝐹HL(𝑢,𝑣) =
𝐻―1

𝑚=0

𝑊―1

𝑛=0
𝐹(𝑚,𝑛) ∙ ℎ(𝑚 ― 2𝑢) ∙ 𝑙(𝑛 ― 2𝑣)(14)

FHH(𝑢,𝑣) =
𝐻―1

𝑚=0

𝑊―1

𝑛=0
𝐹(𝑚,𝑛) ∙ ℎ(𝑚 ― 2𝑢) ∙ ℎ(𝑛 ― 2𝑣)(15)

where m and n denote the row and column indices of 𝐹, respectively, and u and v represent the row and column indices of 
the sub-bands, respectively. The downsampling by a factor of 2 reduces the spatial resolution of the sub-bands while 
preserving the essential information.

Fig. 4. Energy distribution across frequency bands for different fog density levels.

Unlike conventional wavelet-based approaches Error! Reference source not found., which treat low- and 
high-frequency components uniformly, our method distinguishes their unique characteristics and processes them separately. 
The low-frequency sub-band FLL represents the global structural context of the image, which remains relatively stable even 
under foggy conditions. To enhance its representational capacity while maintaining global coherence, FLL is processed using 
FM-Block. The FM-Block architecture integrates channel splitting and shuffling (as illustrated in Fig. 5(d)) with FMBConv 
(Fig. 5(b)) to facilitate effective feature interaction while preserving both local and global information. This channel 
splitting and shuffling strategy reduces model complexity by handling smaller subsets of features before recombination. 
Moreover, it strengthens the network’s representational ability by promoting richer inter-channel interactions. The final 
output after processing FLL through the FM-Block is expressed as

𝐹1
LL = CP(Conv(CP(𝐹LL)))(16)

𝐹2
LL = CP Conv CP 𝐹1

LL (17)

𝐹LL = Conv SiLU GConv 𝐹2
LL + 𝐹LL (18)

where CP(·) denotes the channel projection (see Fig. 5(d)), GConv(·) represents the group convolution, and CP corresponds 
to the channel projection mechanism. SiLU is the Sigmoid linear unit; 𝐹1

LL: first-stage intermediate feature map of the 
original low-frequency sub-band 𝐹LL; 𝐹2

LL is the second-stage intermediate feature map; 𝐹LL is the final enhanced 
low-frequency feature map output; and Conv(·) represents the convolution.

The enhanced low-frequency sub-band 𝐹LL and the high-frequency sub-bands are then integrated using IDWT to 
reconstruct the refined feature map:

𝐹 = IDWT 𝐹LL,𝐹LH,𝐹HL,𝐹HH (19)

where 𝐹 ∈  ℝ𝐻×𝑊×𝐷combines both global and local information. Finally, a residual connection fuses the original input 𝐹 
with 𝐹, preserving the original structural information while incorporating enriched features:

𝐹out, frequency = 𝐹 + 𝐹(20)

This design ensurs robust and adaptive detection in challenging conditions such as foggy environments.



3.3.2. Spatial-enhanced feature learning pathway

The spatial-enhanced feature learning pathway enhances spatial feature representation through a series of specialized 
operations, including depth-wise convolutions, activation functions, and normalization layers. This structure enables the 
extraction and refinement of local spatial features, providing essential details that complement the global structural 
information obtained from the frequency pathway.

As shown in Fig. 2(b), the process begins with a depth-wise convolution designed to efficiently capture localized spatial 
patterns. A ReLU activation function follows, introducing non-linearity and allowing the network to learn complex, 
fine-grained representations. Batch normalization (BatchNorm) is subsequently applied to stabilize feature distributions, 
promote training convergence, and enhance overall robustness. A second depth-wise convolutional layer is then employed 
to further enhance the extraction of spatial features (𝐹′), strengthening the pathway’s capability to delineate object 
boundaries and capture intricate spatial relationships.

𝐹′ = 𝒟2(ℬ(𝜙(𝒟1(𝐹))))(21)

where 𝒟1 and 𝒟2 represent the depth-wise convolution operations, 𝜙(⋅) denotes the ReLU activation function, and ℬ(⋅) 
refers to batch normalization.

Fig. 5. (a) Architecture of the FM-Block. (b) Architecture of the FM-Block conv (FMBconv). (c) Architecture of 
contrast-aware channel attention (CCA). (d) Architecture of channel projection. C represents the number of channels. 
DWconv: Depth-wise Convolution. 

To integrate the enriched spatial features with the original input seamlessly, a residual connection is incorporated as 
follows:

𝐹out, spatial = 𝐹′ + (22)

This integration ensures that the model retains the original information while embedding the enhanced spatial details. 
This balanced approach strengthens the overall feature representation, enabling precise ponding detection under challenging 
conditions, such as foggy environments, where maintaining both local and global information is critical.

After processing through both the frequency-aware information processing pathway and the spatial-enhanced feature 
learning pathway, the outputs are concatenated and refined using a depth-wise separable convolution to achieve cohesive 
feature integration:

𝐹final = 𝒟3 Concat 𝐹out, frequency,𝐹out, spatial (23)



where Concat(·) denotes the concatenation operation, 𝒟3 represents the depth-wise separable convolution, and 
𝐹out, frequency and 𝐹out, spatial correspond to the outputs from the frequency and spatial pathways, respectively. This 
synergistic process fuses information from both the frequency and spatial domains, enhancing the model’s ability to capture 
comprehensive feature representations. The resulting feature map 𝐹final effectively balances global structural context with 
local fine details, thereby ensuring robust performance in complex and challenging foggy environments.

3.4. ABC mechanism

To overcome the challenge of detecting ponding at multiple spatial scales, we introduce the ABC mechanism. This 
mechanism comprises two primary components: the MIA and AACG modules. The ABC mechanism aggregates features 
from different levels and broadcasts global contextual information to each level, enabling effective integration of features 
across multiple ponding scales while selectively emphasizing crucial detection cues. The subsequent sections provide a 
detailed description of these two modules.

3.4.1. MIA module

The MIA module, illustrated in Fig. 6(a), serves as a fundamental component of the ABC mechanism and is specifically 
designed to address the challenges of detecting ponding on fog-affected roads. In such environments, ponding regions are 
influenced by reduced visibility, complex road structures, and irregular water distribution. To accurately detect ponding 
under these conditions, it is essential to extract features at multiple spatial scales, enabling the differentiation between both 
broad contextual patterns and fine-grained details.

The MIA module integrates two key processes: ASS, as shown in Fig. 6(b), and progressive separable refinement (PSR), 
as shown in Fig. 6(c). These components work in conjunction to capture, refine, and enhance multi-scale features, 
producing contextually aware representations that significantly improve detection accuracy.

Initially, feature maps from all hierarchical levels, denoted as {F1, F2, F3, F4, F5}, are concatenated. Adaptive average 
pooling or bi-linear interpolation is applied to align the number of channels across these feature maps with that of F4. A 
subsequent 1 × 1 convolution is then performed to reduce the dimension of the concatenated feature maps to the same 
channel dimension as F4’s, effectively lowering computational complexity (GFLOPs) and resource consumption. This step 
can be formally expressed as

𝐹all = 𝑊1(AAP(Concat(𝐹1,𝐹2,𝐹3,𝐹4,𝐹5),𝐶4))(24)

where 𝑊1 represents the weights of the 1 × 1 convolution, and 𝐶4 denotes the target channel size used for channel 
unification.

The second step is ASS, which is essential for detecting ponding regions that exhibit a significant variation in spatial 
extents. Ponding may appear as small puddles or as large, extensive waterlogged areas, necessitating flexible scale 
adaptation. To address this variability, the ASS module employs convolution with receptive field sizes 3 × 3, 5 × 5, and 7 × 
7 to generate three distinct feature maps. In addition, a sequential convolution operation using 3 × 3, 5 × 5, and 7 × 7 
kernels produced a fourth feature map that aggregates contextual information across all scales. The final aggregated feature 
map FASS is computed as a weighted sum of these four feature maps, where the weights wk are dynamically learned to 
emphasize the most relevant scales for accurate ponding detection:

𝐹ASS =
𝑘∈𝑘1,𝑘2,𝑘3,chain

𝑤𝑘 ∙ 𝐹𝑘(𝑋)(25)

where Fk1 (X), Fk2 (X), and Fk3 (X) represent the feature maps generated by the 3 × 3, 5 × 5, and 7 × 7 convolution kernels, 
respectively, while Fchain (X) denotes the feature map produced by their sequential application. The dynamically learned 
weights wk enable the network to concentrate on the most relevant scales, thereby enhancing its capability to detect ponding 
regions of varying spatial sizes.

After the multi-scale features are aggregated through the ASS process, the next phase is PSR. This step is employed to 
refine these aggregated features. This stage incrementally enhances spatial accuracy and boundary clarity, a particularly 
important aspect in foggy conditions where blurred boundaries can obscure ponding regions. To address this challenge, PSR 
employs a series of depthwise separable convolutions to progressively refine the aggregated feature map FASS, improving 
spatial resolution while maintaining the structural consistency of multi-scale features.

During each refinement step, PSR divides the feature channels into two groups: a subset of distilled channels that 
undergo targeted refinement to capture fine spatial details, and the remaining channels, which reserve broader contextual 



information. Through three channel splits, the ratio of distilled-to-remaining channel is progressively adjusted to 3:1, 2:1, 
and 1:1. This iterative process can be formally described as follows:

𝐹𝑖,rem,𝐹𝑖,dis =
Split𝑖(𝒟ℒ𝑖(𝐹in)) 𝑖 = 1

Split𝑖(𝒟ℒ𝑖(𝐹in))    𝑖 = 2,3
𝒟ℒ𝑁(𝐹𝑁―1,dis)      𝑖 =  4

(26)

where Fi,rem represents the remaining channels at each refinement step, and Fi,dis denotes the distilled channels that are 
progressively processed in subsequent layers. 𝒟ℒ𝑖(·) refers to the depthwise separable convolution with a leaky ReLU 
activation applied at the ith step, while Split𝑖(·) denotes the channel separation operation. N is the total number of iterative 
refinement steps.

After completing the final refinement stage, the distilled channels Fi,dis obtained from all iterations are concatenated to 
construct the final distilled feature map:

𝐹distilled = Concat(𝐹1,dis,𝐹2,dis,𝐹3,dis,𝐹4,dis)(27)

The output 𝐹distilled consolidates the iterative enhancements, ensuring that fine spatial details and object boundaries are 
preserved with high clarity, even under challenging foggy conditions.

Beyond enhancing spatial details, the PSR module integrates a contrast-aware channel attention (CCA) mechanism. This 
mechanism enhances the model’s capacity to prioritize channels based on their contrast sensitivity, a critical factor in foggy 
environments where the distinction between waterlogged and dry areas is often diminished. By focusing channels with 
higher contrast and suppressing less informative ones, CCA directs the network’s focus toward the most discriminative 
features essential for accurate ponding detection. The structure of the CCA mechanisms is illustrated in Fig. 5(c).

The CCA mechanism determines attention weights by computing the global contrast for each channel. It captures both 
the mean and variance of the feature map to represent contrast variations effectively. These contrast descriptors are 
subsequently processed through learnable weight matrices, followed by non-linear activation functions to generate the 
attention map 𝜁, which selectively enhances channels with higher contrast:

𝜁 = 𝜎(𝑊3 ∙ (𝜙(𝑊2 ∙ Contrast(𝐹distilled))))(28)

where Contrast(𝐹distilled) computes the mean and variance for each channel in 𝐹distilled, thereby capturing the contrast 
profile. The resulting attention map 𝜁 is subsequently applied to the feature map through element-wise multiplication:

𝐹CCA = 𝜁⨀𝐹distilled(29)

where ⊙ denotes element-wise multiplication.

By selectively amplifying channels that are sensitive to contrast variations, the CCA mechanism enables the model to 
focus on subtle yet crucial features necessary for accurate ponding detection, particularly under low-contrast and foggy 
conditions. This targeted attention enhances the model’s robustness and accuracy, allowing it to effectively identify ponding 
areas even when visual degradation obscures essential scene details.



 

Fig. 6. Architecture of the MIA module. (a) Overall computational process of the MIA module. (b) Computational specifics 
of the ASS. (c) Progressive separable refinement module. Avg is the pooling stands for average pooling

3.4.2. AACG 

The AACG module is developed to enhance feature fusion within the skip connections by adaptively regulating the 
information flow between the MIA module and each encoding stage. This selective regulation ensures that only 
contextually significant information is preserved and emphasized, which is essential for complex tasks, such as ponding 
detection under foggy environments, where specific spatial features need emphasis.

In the AACG module, feature fusion begins through a multi-head cross attention mechanism that integrates feature maps 
from the MIA module and the corresponding encoding stage. Let FMIA and Fencoder represent the respective input feature 
maps. The query (ℚ), key (𝕂), and value (𝕍) matrices for each attention head𝑖 are computed as

ℚ𝑖 = 𝑊𝑖
𝑄𝐹MIA,𝕂𝑖 = 𝑊𝑖

𝐾𝐹encoder,𝕍𝑖 = 𝑊𝑖
𝑣𝐹encoder(30)

where 𝑊𝑖
𝑄, 𝑊𝑖

𝐾 amd 𝑊𝑖
𝑣 denote the learnable weight matrices for projecting the input features to the query, key, and 

value spaces of the ith attention head, respectively.

The multi-head self-attention output is subsequently obtained by concatenating the outputs of all attention heads and 
applying a final transformation:

MHSA(𝑄,𝐾,𝑉) = Concat(head1,head1,…,headℎ)(31)



head𝑖 = Softmax
ℚ𝑖𝕂T

𝑖

𝑑𝑘
𝕍𝑖(32)

where dk represents the dimensionality of the key vector for each attention head. head𝑖 denotes the ith attention head in the 
multi-head cross attention mechanism; Softmax(·) represents the softmax activation function; The final fused 
representation effectively integrates the most relevant contextual information from both the MIA module and encoding 
stage feature maps, capturing critical spatial and structural details.

To further refine this fused output, the AACG module applies layer normalization to Ffused, which stabilizes the feature 
distribution and enhances training robustness. Ffused denotes the fused feature map generated by the multi-head cross 
attention mechanism that integrates global contextual features from the MIA module and local spatial features from the 
corresponding encoder stage. This normalized feature map is then passed through a sigmoid activation function to generate 
a gating signal λ ranging from 0 to 1. This signal acts as an adaptive control gate, modulating the contribution of each 
feature channel according to its contextual importance. The sigmoid-activated gating signal is computed as

𝜆 = 𝜎(LayerNorm(𝐹fused))(33)

where 𝜎 represents the sigmoid function, and LayerNorm(·) represents the layer normalization.

In the final stage of the AACG module, the generated gating signal is applied to the encoder feature map. Through 
element-wise multiplication, this gating signal selectively enhances or attenuates the features within Ffused, resulting in the 
final gated output:

𝐹gated = 𝜆⨀𝐹encoder(34)

To retain the original contextual information from the MIA module while integrating the adaptively gated features, a 
residual connection is established between the MIA feature map and the gated output. The final output of the AACG 
module, Foutput, is thus computed by adding FMIA back to Fgated:

𝐹output = 𝐹MIA + 𝐹gated(35)

This residual connection preserves essential spatial information from the MIA module while enabling the network to 
adaptively emphasize contextually significant details. The gated output ensures that only the most relevant features are 
retained and propagated through the skip connection, thereby enhancing the network’s capability to maintain critical spatial 
and contextual information.

In summary, the AACG module functions as an adaptive feature gate that integrates the most pertinent features from both 
the MIA module and the encoding stage feature maps through the combined use of cross attention, layer normalization, and 
sigmoid-based gating, followed by a residual connection. This fusion strategy allows the network to selectively focus on the 
most important features, ensuring robust and accurate ponding detection in complex environments, such as foggy 
environments, where the preservation of subtle features is vital for improving detection performance.

4. Experiments

In this section, we first introduce the datasets: Puddle-1000, Foggy-Puddle, and Foggy Low-Light Puddle. We then 
describe the experimental setup and the evaluation metrics used for performance assessment. Subsequently, a comparative 
analysis is carried out against SOTA methods on these datasets. To investigate the contribution of individual components to 
the overall network performance, ablation studies are performed. Finally, we evaluate the computational efficiency of the 
proposed network on an edge computing platform and provide a detailed analysis of the obtained results.

4.1. Datasets, settings, and evaluation metrics

4.1.1. Datasets

We evaluate the proposed method using three datasets: Puddle-1000, Foggy-Puddle, and Foggy Low-Light Puddle, to 
provide a comprehensive assessment of its effectiveness and robustness under challenging environmental conditions.

Puddle-1000: The Puddle-1000 dataset, introduced by Han et al. Error! Reference source not found., is one of the few 
publicly available benchmarks specifically designed for road ponding detection in normal, clear-weather conditions. It 
consists of 985 manually annotated RGB images captured with a ZED camera (Stereolabs, USA), serving as a critical 
resource for evaluating algorithmic performance across both structured and unstructured environments. The dataset is 
divided into two subsets corresponding to different driving scenarios: the on-road subset, containing 357 structured ponding 
images, and the off-road subset, containing 628 unstructured images, both with a resolution of 640 × 360. This division 



enables targeted evaluation of model robustness under varying terrain and surface conditions.

Foggy-Puddle: Building upon the Puddle-1000 dataset, the Foggy-Puddle dataset was generated using an atmospheric 
scattering model, as described in Eq. (36), to simulate foggy conditions Error! Reference source not found.. This dataset 
is constructed based on the atmospheric scattering equation:

𝐼(𝑥) = 𝐽(𝑥) ∙ 𝑡(𝑥) + 𝐴 ∙ (1 ― 𝑡(𝑥))(36)

where 𝐼(𝑥) represents the foggy image, 𝐽(𝑥) is the clear-weather image, 𝑡(𝑥) denotes the medium transmission map, and 
A indicates the global atmospheric light. The transmission map 𝑡(𝑥) is generally computed using the following formula:

𝑡(𝑥) = e―𝜅𝑑(𝑥)(37)

where κ is the scattering coefficient that determines the fog density, and d(x) represents the scene’s depth at pixel location x. 
Eq. (37) models the exponential attenuation of light as it propagates through the fog, where higher values of κ correspond to 
denser fog and stronger light scattering. The Foggy-Puddle dataset is designed to serve as a challenging benchmark for 
evaluating road ponding detection under adverse weather conditions, particularly those involving fog-induced visibility 
degradation. By transforming the clear-weather images from the Puddle-1000 dataset into foggy conditions, it enables a 
comprehensive assessment of algorithm robustness against atmospheric distortions.

Foggy Low-Light Puddle: To extend the scope of road ponding detection to challenging low-light and reduced-visibility 
scenarios, we developed the Foggy Low-Light Puddle dataset as a dedicated benchmark for algorithm evaluation under such 
conditions. The dataset builds upon the night-puddle dataset, which consists of 500 images captured under low-light and 
near-darkness conditions across urban, suburban, and campus roads in 10 cities in China. 

We employed the Monodepth2 algorithm Error! Reference source not found. to generate accurate depth maps from the 
night-puddle images, which were then used to guide the application of an atmospheric scattering model for simulating 
realistic fog effects. The depth information played a crucial role in this process, enabling adaptive adjustment of fog density 
according to object distance within the scene, producing denser fog in distant areas while maintaining details in closer areas. 
This depth-aware synthesis effectively captures the combined challenges of foggy and low-light conditions, establishing a 
robust foundation for evaluating algorithm performance under such compounded scenarios. By integrating both fog and 
low-light elements into a single benchmark, the Foggy Low-Light Puddle dataset fills a significant gap in road ponding 
research, providing a valuable resource for developing and validating algorithms in adverse environments. It serves as an 
important benchmark for advancing multi-condition road safety research, particularly in detecting ponding under foggy, 
low-light conditions.

4.1.2. Setting

Data preprocessing: In our experiments, all models were trained from scratch without the use of any pre-trained 
weights. During the preprocessing stage, all input images and their corresponding target masks were uniformly resized to 
256 × 256 pixels. To ensure training stability, pixel intensity values were normalized to the range [0, 1].

Training procedure: Training was initialized using the AdamW optimizer with an initial learning rate of 1×10−4. A 
cosine annealing schedule was applied to progressively reduce the learning rate, enabling the model to escape local minima 
and achieve improved convergence. The batch size was set to 8, and training was conducted for 100 epochs or until early 
stopping was activated based on validation loss.

Computational environment: All experiments were implemented in PyTorch 2.1.1 (Meta, USA), and model evaluations 
were conducted on a single NVIDIA GeForce RTX 4090 GPU (NVIDIA, USA). The experimental environment was 
configured with CUDA 11.8, Python 3.10.13, and cuDNN 8.7.0.

4.1.3. Evaluation metrics

To quantitatively assess the performance of our segmentation model in road ponding detection, we used four widely 
recognized metrics: IoU, F1 score, mean IoU (MIoU), and mean pixel accuracy (MPA). These metrics collectively provided 
a comprehensive evaluation of the model’s effectiveness and robustness.

IoU: IoU is a commonly used metric for assessing the degree of overlap between the predicted segmentation and the 
ground truth. It is defined as the ratio of the intersection (true positives) to the union of the predicted and ground truth 
regions (true positives, false positives, and false negatives). Mathematically, IoU is formulated as

IoU =
TP

TP + FP + FN(38)



where TP, FP, and FN denote the true positives, false positives, and false negatives, respectively.

F1 score: The F1 score represents the harmonic mean of precision and recall, providing a balanced measure of accuracy 
between the two. It is especially valuable in cases of class imbalance, ensuring that both false positives and false negatives 
are effectively accounted for. The F1 score is defined as

F1 =
2 × TP

2 × TP + FP + FN(39)

MIoU: MIoU generalizes the IoU metric for multi-class segmentation by averaging the IoU values computed for each 
class. It provides a holistic measure of segmentation performance across all categories. It is calculated as

MIoU =
1

𝐶cls

𝐶

𝑖=1

TP𝑖

TP𝑖 + FP𝑖 + FN𝑖
(40)

where 𝐶cls represents the total number of classes, and TP𝑖, FP𝑖, and FN𝑖 denote the true positives, false positives, and 
false negatives for each class 𝑖, respectively.

MPA: MPA evaluates the mean pixel-level accuracy across all classes. It accounts for both true positives and true 
negatives predictions, offering a detailed understanding of the model’s performance in pixel-wise classification. The 
formula for MPA is

MPA =
1

𝐶cls

𝐶

𝑖=1

TP𝑖 + TN𝑖

TP𝑖 + TN𝑖 + FP𝑖 + FN𝑖
(41)

where 𝑇𝑁𝑖 represents the true negatives for class i, while the remaining terms are defined as previously described. MPA 
ensures a balanced evaluation by accounting for both foreground (water) and background (non-water) regions, ensuring a 
comprehensive assessment of pixel-wise classification accuracy.

4.2. Comparison with SOTA methods

To assess the performance of ABCDWaveNet, we performed an extensive comparison with 11 SOTA methods, 
encompassing classical architectures, recent developments, and advanced approaches in road ponding detection and related 
domains. The compared methods included F3Net Error! Reference source not found., CCNet Error! Reference source 
not found., U2Net Error! Reference source not found., SegFormer-B2 Error! Reference source not found., 
SeaFormer-Base Error! Reference source not found., UDTransNet Error! Reference source not found., and 
VW-Former Error! Reference source not found. for general semantic segmentation; BWG Error! Reference source not 
found. for foggy semantic segmentation; and SWNet Error! Reference source not found., Homo-Fusion Error! 
Reference source not found., and AGSENet Error! Reference source not found. for road ponding detection. To maintain 
fairness, all experiments were conducted using publicly available data under a consistent environmental setup, and all 
prediction maps were evaluated using a unified codebase. The training procedure is shown in Fig. 7.

 

Fig. 7. Loss and performance metrics over training epochs on the Foggy-Puddle dataset.

4.2.1. Foggy-Puddle

Table 1 [31,32,34,49,58–64] presents a comprehensive comparison of various methods on the Foggy-Puddle dataset. The 
proposed ABCDWaveNet demonstrated SOTA performance, significantly outperforming existing methods. Specifically, 
ABCDWaveNet achieved an IoU of 84.59%, surpassing the second-best method, BWG Error! Reference source not 
found., by 3.51% points, and a F1 score of 92.22%, exceeding BWG by 2.98% points. The qualitative comparison in Fig. 8 



further illustrates the advantages of ABCDWaveNet, showing more accurate segmentation with fewer missed detections 
(yellow boxes) and fewer false detections (blue boxes) than AGSENet, BWG, SWNet, Homofusion, and U2Net. Several 
models failed to detect subtle, distant water accumulation. For example, in the fourth image of U2Net and Homofusion, the 
water regions in the far distance were largely omitted. In the second image of SWNet, fog-induced visual interference 
caused misclassification of the sky as water. In contrast, our method demonstrated superior robustness, as shown in the third 
image, where it produces a more accurate prediction than the ground truth, highlighting its resilience to annotation 
imperfections. Particularly, for discontinuous water regions, the model must delineate water boundaries accurately despite 
fog interference. Models such as SWNet, BWG, and AGSENet performed inadequately in such scenarios, struggling with 
boundary localization.

Beyond its accuracy, ABCDWaveNet also delivers competitive efficiency, with an inference speed (FPS) of 25.48 on the 
NVIDIA Jetson AGX Orin (NVIDIA, USA). This combination of high detection accuracy and computational efficiency 
establishes ABCDWaveNet as a practical and effective solution for ADAS early-warning systems operating in adverse 
weather conditions.

4.2.2. Puddle-1000

Table 2 [31,32,34,49,58–64] presents the performance results on the Puddle-1000 dataset, which evaluates road ponding 
segmentation under normal weather conditions. The proposed ABCDWaveNet achieved the highest IoU of 85.84%, 
exceeding AGSENet Error! Reference source not found., the second-best performance method, by 1.75% points. 
Similarly, ABCDWaveNet attained an F1 score of 93.06%, improving upon AGSENet by 1.70% points. Moreover, it 
recorded an MIoU of 92.45% and an MPA of 96.89%, reflecting respective gains of 0.49% and 1.57% points.

4.2.3. Foggy Low-Light Puddle

To further evaluate the robustness of ABCDWaveNet under compounded adverse conditions, the model was tested on the 
Foggy Low-Light Puddle dataset (Table 3). This dataset integrates both foggy and low-light conditions, posing substantial 
challenges for segmentation accuracy. ABCDWaveNet achieved an IoU of 62.51%, surpassing BWG Error! Reference 
source not found. by 1.03 percentage points, demonstrating its strong generalization and adaptability in visually degraded 
environments. The F1 score achieved was 78.84%, which was 1.01 percentage points higher than that of BWG. The MIoU 
and MPA were 76.93% and 88.66%, respectively, demonstrating consistent improvements over existing methods.

Experimental results across all datasets confirmed that ABCDWaveNet consistently outperformed existing SOTA 
methods in road ponding segmentation, particularly under adverse weather conditions. The significant improvements in IoU 
and F1 score indicated that the proposed model effectively captured and differentiated ponding features, even when 
visibility was reduced. Although ABCDWaveNet exhibits a moderate parameter count and computational cost, its 
substantial gains in segmentation accuracy justify these requirements, making it a strong candidate for safety-critical 
applications, such as ADASs.

Table 1

Comprehensive quantitative comparison of SOTA methods on the Foggy-Puddle dataset. 

Foggy-Puddle
Methods Publication year

IoU (%) F1 score 
(%)

MIoU (%) MPA (%)
#Param (M) GFLOPs FPS

F3Net Error! 
Reference source not 

found.

2020 77.42 88.65 88.64 94.57 25.54 9.48 31.97

CCNet Error! 
Reference source not 

found.

2020 79.55 89.15 89.78 95.20 71.27 79.69 22.33

U2Net Error! 
Reference source not 

found.

2020 80.20 89.18 90.07 94.96 1.77 13.07 25.51

SegFormer-Base Error! 
Reference source not 

found.

2021 78.26 88.47 89.17 94.86 27.45 14.98 24.71

SWNet Error! 
Reference source not 

found.

2022 79.44 89.02 89.88 95.14 21.81 26.84 38.83

HomoFusion Error! 
Reference source not 

found.

2023 78.35 88.65 89.73 94.83 1.24 61.20 25.41

SeaFormer-Base Error! 
Reference source not 

found.

2023 79.96 89.61 90.28 95.22 8.58 0.43 42.68

UDTransNet Error! 
Reference source not 

found.

2024 76.56 88.11 86.72 94.59 33.93 34.58 18.64

VWFormer Error! 
Reference source not 

found.

2024 76.73 88.16 86.83 92.78 94.74 37.30 10.60

AGSENet Error! 
Reference source not 

found.

2024 79.29 89.55 88.45 92.32 2.05 16.01 22.74

BWG Error! Reference 
source not found.

2024 81.08 89.24 90.35 95.15 73.46 93.54 15.52



ABCDWaveNet (Ours) 2026 84.59 92.22 91.65 95.74 47.51 38.16 25.48

Metrics shown in ABCDWaveNet (Ours) bold represent the best performance. We assessed the performance of the model using multiple 
evaluation metrics, including IoU, F1 score, MIoU, and MPA. In addition, we report the parameter count (#Param in millions), GFLOPs, and 
FPS. The FPS was measured on an NVIDIA Jetson AGX Orin with an input image resolution of 256 × 256.

Table 2

Comprehensive quantitative comparison of SOTA methods on the Puddle-1000 dataset. 

Puddle-1000
Methods Publication year

IoU (%) F1 score 
(%)

MIoU (%) MPA (%)
#Param (M) GFLOPs FPS

F3Net Error! 
Reference source not 

found.

2020 81.84 90.01 90.79 94.36 25.54 9.48 31.97

CCNet Error! 
Reference source not 

found.

2020 82.23 91.03 90.73 94.40 71.27 79.69 22.33

U2Net Error! 
Reference source not 

found.

2020 83.57 91.22 90.68 95.17 1.77 13.07 25.51

SegFormer-Base Error! 
Reference source not 

found.

2021 80.49 89.19 90.12 94.55 27.45 14.98 24.71

SWNet Error! 
Reference source not 

found.

2022 82.01 90.11 90.89 94.77 21.81 26.84 38.83

HomoFusion Error! 
Reference source not 

found.

2023 80.26 89.13 89.91 95.67 1.24 61.20 25.41

SeaFormer-Base Error! 
Reference source not 

found.

2023 81.22 89.19 90.35 94.98 8.58 0.43 42.68

UDTransNet Error! 
Reference source not 

found.

2024 77.59 88.64 87.38 95.56 33.93 34.58 18.64

VWFormer Error! 
Reference source not 

found.

2024 77.98 89.27 88.70 94.64 94.74 37.30 10.60

BWG Error! Reference 
source not found.

2024 83.94 91.27 91.35 95.23 73.46 93.54 15.52

AGSENet Error! 
Reference source not 

found.

2024 84.09 91.36 91.96 95.32 2.05 16.01 22.74

ABCDWaveNet (Ours) 2026 85.84 93.06 92.45 96.89 47.51 38.16 25.48

Metrics shown in ABCDWaveNet bold denote the best performance. We evaluated the model using multiple metrics, including IoU, F1 score, 
MIoU, and MPA, along with the parameter count (#Param, in millions), GFLOPs, and FPS. The FPS was measured on an NVIDIA Jetson AGX 
Orin with an input image resolution of 256 × 256.

Table 3

Comprehensive quantitative comparison of SOTA methods on the Foggy Low-Light Puddle dataset. 

Foggy Low-Light PuddleMethods Publication 
year

IoU(%) F1 score(%) MIoU(%) MPA(%)
#Param (M) GFLOPs FPS

F3Net Error! 
Reference source not 

found.

2020 55.44 72.49 72.68 81.01 25.54 9.48 31.97

CCNet Error! 
Reference source not 

found.

2020 57.74 73.18 73.24 83.28 71.27 79.69 22.333

U2Net Error! 
Reference source not 

found.

2020 59.62 74.70 77.15 83.58 1.77 13.07 25.51

SegFormer-Base Error! 
Reference source not 

found.

2021 55.10 71.05 74.16 83.77 27.45 14.98 24.71

SWNet Error! 
Reference source not 

found.

2022 51.29 67.80 71.79 82.55 21.81 26.84 38.83

HomoFusion Error! 
Reference source not 

found.

2023 58.63 75.45 74.02 83.98 1.24 61.20 25.41

SeaFormer-Base Error! 
Reference source not 

found.

2023 60.50 75.39 77.40 85.67 8.58 0.43 42.68

UDTransNet Error! 
Reference source not 

found.

2024 60.09 77.14 75.07 87.56 33.93 34.58 18.64

VWFormer Error! 
Reference source not 

found.

2024 60.96 77.57 76.16 87.98 94.74 37.30 10.60

AGSENet Error! 
Reference source not 

found.

2024 59.11 74.60 76.81 83.19 2.05 16.01 22.74

BWG Error! Reference 
source not found.

2024 61.48 77.83 76.32 88.23 73.46 93.54 15.52

ABCDWaveNet (Ours) 2026 62.51 78.84 76.93 88.66 47.51 38.16 25.48



Metrics highlighted in ABCDWaveNet bold indicate the best performance. The model was evaluated using multiple metrics, including IoU, F1 
score, MIoU, and MPA, along with parameter count (#Param in millions), GFLOPs, and FPS. The FPS was measured on an NVIDIA Jetson 
AGX Orin with an input image resolution of 256 × 256.

Fig. 8. Representative prediction results on the Foggy-Puddle dataset, comparing ABCDWaveNet (ours), AGSENet, BWG, 
SWNet, Homofusion, and U2Net. The bottom row shows the ground-truth annotations. Yellow boxes denote missed 
detections, while blue boxes indicate false detections.

4.3. Ablation studies

In our comprehensive ablation experiments on the Foggy-Puddle dataset, we investigated the individual and combined 
effects of three core components in the proposed model: the BIS module, the MIA module, and the AACG module. The 
quantitative results summarized in Table 4 demonstrate the contribution of each component to puddle detection 
performance under foggy conditions. Furthermore, we first investigate the effect of the layer architecture on model 
performance in Table 5, followed by an analysis of the impact of varying the number of dynamic experts in the DDC layer 
on the overall performance and efficacy of ABCDWaveNet in Table 6. We then present a detailed evaluation of the 
different convolution types within the DDC layer in Table 7, and finally assess the performance of distinct wavelet basis 
function types for the frequency-aware pathway in Table 8.

Table 4

Ablation study on the proposed components of ABCDWaveNet. 

Models IoU (%) F1 score (%) MIoU(%) MPA(%) #Param (M) GFLOPs

ABCDWaveNet (full model) 84.59 92.22 91.65 95.74 47.51 38.16

w/o BIS 83.72 (−0.87)* 91.78 (−0.44)* 91.14 (−0.51)* 95.34 (−0.40)* 37.33 (−10.18)# 28.62 (−9.54)#

w/o ASS 84.16 (−0.43)* 92.01 (−0.21)* 91.40 (−0.25)* 95.65 (−0.09)* 47.50 (−0.01)# 37.71 (−0.45)#

w/o PSR 84.25 (−0.34)* 92.05 (−0.17)* 91.47 (−0.18)* 95.70 (−0.04)* 47.24 (−0.27)# 37.90 (−0.26)#

w/o AACG 84.04 (−0.55)* 91.99 (−0.23)* 91.37 (−0.28)* 95.59 (−0.15)* 47.01 (−0.50)# 26.32 (−11.84)#

w/o BIS + AACG 83.67 (−0.92)* 91.76 (−0.46)* 91.11 (−0.54)* 95.30 (−0.44)* 36.84 (−10.67)# 16.78 (−21.38)#

w/o MIA + AACG 83.86 (−0.73)* 91.86 (−0.36)* 91.23 (−0.42)* 95.36 (−0.38)* 45.69 (−1.82)# 25.01 (−13.15)#



w/o BIS + MIA + AACG 83.10 (−1.49)* 91.47 (−0.75)* 90.71 (−0.94)* 95.27 (−0.47)* 35.52 (−11.99)# 15.47 (−22.69)#

* values indicate a performance deterioration relative to the baseline configuration, whereas # values represent improvements. Bold values 
highlight the best performance, and w/o stands for without. We evaluated the IoU, F1 score, MIoU, and MPA metrics on the Foggy-Puddle 
dataset while also measuring the parameter size and GFLOPs. PSR, Progressive Separable Refinement. 

Table 5

Ablation study on different configurations of layers in a dynamic convolution layer. 

Model architecture IoU(%) F1 score(%) MIoU(%) MPA(%) #Param (M) GFLOPs

Dual-layer 84.59 92.22 91.65 95.74 47.51 38.16

Single-layer 81.13 (−3.46)* 89.06 (−3.16)* 90.38 (−1.27)* 93.80 (−1.94)* 27.07 (−20.44)# 21.77 (−16.39)#

* values indicate a degradation relative to the baseline configuration, while # values denote an improvement. Bold values represent the best 
performance.

Table 6

Ablation study on different configurations of experts in dynamic convolution. 

Num_experts IoU(%) F1 score(%) MIoU(%) MPA(%) #Param (M) GFLOPs

[2, 2, 2, 4, 4] 84.59 92.22 91.65 95.74 47.51 38.16

[2, 2, 2, 2, 2] 84.05 (−0.54)* 91.95 (−0.27)* 91.33 (−0.32)* 95.55 (−0.09)* 30.99 (−16.52)# 38.14 (−0.02)#

[4, 4, 4, 2, 2] 84.21 (−0.38)* 92.04 (−0.18)* 91.44 (−0.21)* 95.66 (+0.02)# 33.28 (−16.52)# 38.14 (−0.02)#

[4, 4, 4, 4, 4] 84.62 (+0.03)# 92.28 (+0.06)# 91.70 (+0.05)# 95.68 (+0.04)# 49.80 (+2.29)* 38.16 (+0.00)#

* values indicate a degradation relative to the baseline configuration, while # values denote an improvement. Bold values highlight the best 
performance.

Table 7

Ablation study on different convolution types in dual convolutional layers. 

Convolution type IoU(%) F1 score(%) MIoU(%) MPA(%) #Param (M) GFLOPs

Dynamic convolution 84.59 92.22 91.65 95.74 47.51 38.16

Standard convolution 82.33 (−2.26)* 90.94 (−1.28)* 89.93 (−1.72)* 95.16 (−0.58)* 21.58 (−25.93)# 38.11 (−0.05)#

Dilated convolution 79.49 (−5.10)* 89.64 (−2.58)* 88.57 (−3.08)* 94.09 (−1.65)* 21.58 (−25.93)# 38.11 (−0.05)#

Group convolution 79.95 (−4.64)* 89.88 (−2.34)* 88.86 (−2.79)* 95.08 (−0.66)* 14.56 (−32.95)# 29.05 (−9.11)#



Depthwise convolution 73.64 (−10.95)* 86.68 (−5.54)* 84.82 (−6.83)* 94.36 (−1.38)* 13.24 (−34.27)# 25.22 (−12.94)#

* values indicate a deterioration relative to the baseline configuration, while # values indicate an improvement. Bold values represent the best 
performance.

Table 8

Ablation study on different types of wavelet basis functions. 

Wavelet basis function IoU(%) F1 score(%) MIoU(%) MPA(%) FPS

Haar 84.59 92.22 91.65 95.74 25.48

Daubechies (db2) 84.17 (−0.42)* 91.75 (−0.47)* 92.43 (+0.78)# 95.20 (−0.54)* 14.07 (−11.41)*

Symlet (sym2) 84.48 (−0.11)* 92.39 (+0.17)# 92.12 (−0.53)* 95.54 (+0.30)# 9.86 (−15.62)*

Coiflet (coif2) 84.79 (+0.20)# 92.84 (+0.62)# 92.39 (+0.74)# 95.87 (+0.13)# 5.19 (−20.29)*

* values indicate a deterioration relative to the baseline configuration, while # values indicate an improvement. Bold values represent the highest 
performance.

4.3.1. Analysis of BIS module

The BIS module plays a vital role in improving the model’s robustness and accuracy by simultaneously processing low- 
and high-frequency components. It integrates a frequency-aware information pathway that focuses on low-frequency 
components to preserve the global structural consistency of the image, while high-frequency features enhance fine details 
and capture complex, intricate textures. In addition, the spatial-enhanced feature learning pathway strengthens the model’s 
ability to localize objects and interpret spatial relationships across the scene. This function is particularly crucial in visually 
complex conditions where subtle variations in texture and structure must be detected. Through these dual processing 
mechanisms, the BIS module ensures the preservation of global structural information while enhancing the fine-grained 
details, which are critical for precise road ponding detection.

To evaluate the BIS module’s impact, we performed an ablation study using a model variant without the BIS component 
module (denoted as “w/o BIS,” as presented in Table 4). The removal of the BIS module led to a notable reduction in 
performance. The IoU decreased from 84.59% to 83.72%, a reduction of 0.87%, and the F1 score declined from 92.22% to 
91.78%, a loss of 0.44%. These findings clearly indicate the BIS module’s significant contribution, particularly in retaining 
detailed structural and fine-grained details in the presence of environmental disturbances, such as haze or fog.

In addition to the observed performance decline, the removal of the BIS module resulted in a reduction of the model’s 
parameter count from 47.51 million to 37.33 million and a decrease in GFLOPs from 38.16 to 28.62. These changes 
indicated improved computational efficiency; however, this efficiency was achieved at the expense of a notable drop in 
accuracy. Although the reduction in GFLOP may appear advantageous, the loss in segmentation performance emphasizes 
the indispensable role of the BIS module. Its inclusion is well justified, as the module’s contribution to maintaining high 
detection accuracy in challenging environments significantly outweighs the benefits of lower computational cost.

The heatmaps (Fig. 9, row 2) further substantiated these observations, showing that, in the absence of BIS, the model 
failed to preserve strong activation in key regions, such as puddle edges and water reflections, where high-frequency 
features are critical for precise boundary delineation. In contrast, the model incorporating the BIS module exhibited 
enhanced activation in these regions, highlighting the model’s capability to preserve and enhance essential fine-grained 
features. This visual evidence, combined with the quantitative performance results, underscores the crucial role of the BIS 
module in ensuring the overall effectiveness and robustness of the model.



Fig. 9. Heatmaps of encoder activations across stages (Stages 1–5), arranged from left to right and top to bottom for the 
following configurations: ABCDWaveNet (full model), w/o BIS module, w/o MIA module, w/o AACG module, w/o MIA 
& AACG, and w/o BIS & MIA & AACG module.

4.3.2. Analysis of ABC mechanism

Our detailed analysis of the ABC mechanism highlighted its well-structured design for effectively integrating multi-scale 
information. The ABC mechanism comprises two essential components: the MIA and AACG modules. The MIA module is 
specifically designed to combine features from different encoding stages in a coarse-to-fine manner, allowing the model to 
generate rich and detailed representations through efficient multi-scale feature fusion. This strategy enables the model to 
capture both broad structural patterns and fine-grained details, which are crucial for accurate detection in visually complex 
environments.

To evaluate the contribution of the MIA module in progressively capturing multi-scale information, an ablation study was 
conducted by removing both the ASS and PSR modules. The ASS module plays a key role in learning structural and 
contextual information at a coarse-grained level, whereas the PSR module extracts highly discriminative features to refine 
spatial accuracy. The results of this study were reflected in the performance metrics, where removing the ASS module 
resulted in a decrease in IoU by 0.43%, while excluding the PSR module resulted in an additional drop of 0.34%. These 
reductions emphasize the significant contributions of both modules in maintaining multi-scale feature integrity and 
improving overall model accuracy.

The heatmap analysis further supported these results (Fig. 9, row 3), revealing diminished activation in critical regions, 
where multi-scale information is essential, particularly around water boundaries and subtle textural variations. The absence 
of the MIA module led to a less detailed representation, particularly in regions requiring fine-grained differentiation. The 
heatmap demonstrated a visible loss of localized detail when the multi-scale fusion process was disrupted, underscoring the 
importance of the MIA module.

We further investigated the role of the AACG module, which refines multi-scale features by adaptively weighting the 
importance of features from different stages. To assess its influence, the AACG module was removed (Fig. 9, row 4), and 
the concatenation operation was replaced with a simpler element-wise addition fusion method. As presented in Table 4, the 
complete model attained an IoU of 84.59%. However, when the AACG module was removed (denoted as “w/o AACG”), 
the model’s performance decreased noticeably, with the IoU dropping to 84.04%, a reduction of 0.55%. This result 
emphasizes the essential role of the AACG module in enhancing feature fusion and enabling the model to adaptively 
emphasize the most relevant information across different stages.

Subsequently, we examined the impact of removing both the MIA and AACG modules (denoted as “w/o MIA + 
AACG”). This configuration led to a more pronounced performance drop, with the IoU dropping to 83.86%, corresponding 
to a reduction of 0.73%. The heatmaps visualizations (Fig. 9, row 5) further corroborated these findings, showing weaker 
activation in essential regions and indicating a diminished ability of the model to effectively integrate and prioritize 
multi-scale information.

Overall, these results demonstrate that both the MIA and AACG modules are vital to the success of the ABC mechanism. 



Their exclusion resulted in significant degradation in model accuracy and representational quality. The heatmap evidence 
further supported this observation, visually confirming the loss of fine-grained and contextually significant features when 
these modules were omitted.

4.3.3. Analysis of layer architectures in dynamic convolutional networks

To evaluate the effectiveness of different layer architectures, we conducted an extensive ablation study, the results of 
which are summarized in Table 5. The findings indicated that the dual-layer architecture consistently and significantly 
surpassed the single-layer configuration across major performance metrics, achieving improvements of +3.46% in IoU and 
+3.16% in F1 score.

In our proposed design, each encoder block incorporates DDC layers. In contrast to the single-layer configuration, which 
employs a single convolution followed by batch normalization and activation, the dual-layer structure enables a more 
comprehensive feature extraction process. The first layer captures coarse, adaptive representations from the input, while the 
second layer refines these features through deeper extraction and an additional linear transformation. This process 
effectively broadens the receptive field and enhances fine-detail resolution.

Performing this dual-stage feature extraction before downsampling is essential for preserving both fine textures and 
high-level semantic information, which are often diminished during resolution reduction. The refinement is particularly 
advantageous under challenging visual conditions, such as fog, where scene visibility and edge detail are substantially 
degraded.

Although the dual-layer architecture introduces additional computational overhead, specifically, an increase in parameters 
from 27.07 M to 47.51 M and in GFLOPs from 21.77 to 38.16, these costs are justified by the considerable performance 
improvements achieved. The enhanced capability of the model to capture multi-scale and adaptive refined features results in 
superior accuracy for complex tasks, such as road ponding detection. This makes the dual-layer architecture particularly 
beneficial for safety-critical applications, such as ADAS, where precise and reliable detection is essential for ensuring 
operational safety.

4.3.4. Analysis of different configurations of dynamic experts

The configuration of dynamic experts plays a critical role in defining the overall capacity and GFLOP of the model. We 
performed an extensive evaluation of multiple expert configurations across the dual convolution layers, with the results 
summarized in Table 6. The analysis revealed that assigning two experts to the first three encoding stages and four experts 
to the final two stages (i.e., [2, 2, 2, 4, 4]) provided the most effective performance. This configuration strikes a delicate 
balance between model accuracy and computational efficiency, effectively utilizing the model’s capability to capture both 
low- and high-level features without adding unnecessary complexity.

In contrast, adopting a uniform configuration of only two experts across all stages, although computationally efficient, 
resulted in a notable decline in performance. The reduced representational capacity in the deeper layers, which are critical 
for extracting more abstract and complex features, led to a considerable decline in model accuracy. This finding indicates 
that a uniform and shallow expert configuration is not sufficient for addressing the complexities of high-level feature 
extraction, especially in tasks that demand fine-grained discriminative precision.

Furthermore, we examined a configuration with four experts assigned to the initial encoding stages and two experts to the 
deeper stages (i.e., [4, 4, 4, 2, 2]). This configuration resulted in a 0.38% decrease in IoU, suggesting that the deeper layers, 
which handle lower-resolution yet semantically richer features, require a larger number of experts to accurately capture and 
represent these features. Reducing the number of experts in these layers significantly weakened the model’s ability to 
encode complex, high-level information. This finding highlights the necessity of distributing experts in accordance with the 
semantic depth and feature resolution of each network stage.

Additionally, we investigated the effect of uniformly increasing the number of experts across all stages using the 
configuration [4, 4, 4, 4, 4]. Although this setup enhanced the model’s capacity to capture a broader range of features, it did 
not lead to a significant improvement in accuracy. This finding reveals an important insight: increasing the number of 
experts alone does not necessarily result in better performance. Instead, the added experts increase the overall model 
complexity, making the joint optimization of convolution kernels and attention mechanisms more difficult. This elevated 
complexity also raises the likelihood of overfitting, especially in cases where the model may capture irrelevant patterns or 
assign excessive importance to less informative features. Furthermore, adding more experts substantially raises the 
computational demands in terms of both memory usage and processing time. In resource-limited scenarios, such as 
real-time inference on embedded platforms, this higher computational cost may not be justified by the marginal gains in 
accuracy. Therefore, although a larger number of experts can theoretically improve representational power by allowing the 
model to learn a wider variety of features, it is essential to maintain a careful balance between computational efficiency and 
the risk for overfitting.



In summary, the configuration [2, 2, 2, 4, 4] achieves an optimal balance between model complexity, representational 
capacity, and computational efficiency. It allows the model to maintain adequate flexibility for capturing fine-grained 
features in the shallow layers and abstract, semantic features in the deeper layers, without adding excessive complexity or 
computational cost. This configuration represents a well-calibrated design decision, supported by both theoretical reasoning 
and empirical validation, effectively satisfying performance requirements while preserving computational efficiency.

4.3.5. Analysis of convolution type in dual convolution layers

In this part of our ablation study, we evaluate the effect of different convolution types employed in the DDC layer on the 
performance of ABCDWaveNet. Four convolution types were compared: standard convolution, dilated convolution with a 
dilation rate of 2, group convolution with a group size of 4, and depthwise convolution. The corresponding results are 
presented in Table 7. Among these, dynamic convolution achieved the best performance, with an IoU of 84.59% and F1 
score of 92.22%. Notably, the GFLOPs of dynamic convolution were nearly comparable to those of standard and dilated 
convolutions, exceeding them by only 2.26% and 5.10%, respectively. Although dilated convolution expands the receptive 
field, it compromises the ability to capture fine spatial details, resulting in reduced performance in scenarios that require 
complex feature extraction.

Group convolution demonstrated relatively better computational efficiency; however, this advantage came at the cost of 
decreased performance. Specifically, the IoU and F1 score decreased by 4.64% and 2.34%, respectively. The reduced 
parameterization limited feature integration across channels, hindering the model’s ability to capture intricate spatial 
relationships essential for high-precision tasks. Depthwise convolution yielded the lowest accuracy, with an IoU of 73.64% 
and F1 score of 86.68%. Although it offers the smallest parameter count and GFLOPs, its accuracy remains inadequate for 
high-precision applications, thereby restricting its effectiveness in complex environments that demand detailed feature 
extraction. Overall, dynamic convolution emerged as the most effective choice, delivering superior performance without a 
substantial increase in GFLOPs. It consistently maintained high accuracy in challenging conditions, such as foggy 
environments, where precise feature extraction is critical. In comparison, the other convolution types struggled to sustain 
comparable performances, emphasizing the distinct advantages of dynamic convolution in complex detection scenarios.

4.3.6. Analysis of wavelet basis function in frequency-aware pathway

In the experiments, we evaluated four widely used wavelet basis functions: Haar, Daubechies (db2 variant), Symlet 
(sym2 variant), and Coiflet (coif2 variant). The experimental outcomes for each wavelet basis function are summarized in 
Table 8. The Coiflet wavelet showed slight improvements in IoU and F1 score, with increases of 0.20% and 0.62%, 
respectively, compared with those of Haar. However, its FPS (5.19) was considerably lower than that of the other wavelets.

Given the stringent real-time requirements of ADAS early-warning systems, these minor accuracy gains are insufficient 
to compensate for the notable decrease in computational efficiency. Similarly, both Daubechies (db2) and Symlet (sym2) 
exhibited marginal improvements in certain metrics, such as MIoU for Daubechies and F1 score for Symlet, but their 
overall performance did not surpass that of Haar. Furthermore, their FPS values (14.07 and 9.86) were significantly lower 
than Haar’s, rendering them unsuitable for real-time applications, especially under challenging conditions, such as fog. In 
contrast, the Haar wavelet achieved the most favorable trade-off between accuracy and computational efficiency, obtaining 
an IoU of 84.59%, F1 score of 92.22%, and FPS of 25.48. This balance allows Haar to effectively meet the requirements of 
road ponding detection while maintaining timely response capabilities in complex environments. Therefore, the Haar 
wavelet basis function was selected as the optimal choice for this task, as it provides the best balance between accuracy and 
processing speed, which is essential for reliable performance in early-warning systems.

4.4. Analysis of model generalization

This section presents a detailed analysis of the generalization capability of ABCDWaveNet across varying fog densities, 
driving conditions, and road types. The model’s performance was examined under slight, medium, heavy, and low-light fog 
conditions and evaluated on both structured (e.g., urban streets, campus roads, and expressways) and unstructured roads to 
assess its robustness and potential limitations.

To evaluate cross-domain generalization, the weights trained on the Foggy-Puddle dataset 
(https://github.com/Lyu-Dakang/ABCDWaveNet) under dense fog conditions were used to test the model on the slight and 
medium fog datasets. This evaluation highlights the model’s ability to generalize effectively across fog densities, with the 
results summarized in Table 9. For the low-light fog condition, visual results were generated using weights trained on the 
Foggy Low-Light Puddle dataset, as illustrated in Fig. 10.

Table 9

Performance of ABCDWaveNet under different fog densities and conditions. The results for slight fog and medium fog were obtained by 
directly testing the model using the pre-trained weights trained on heavy fog conditions from the Foggy-Puddle dataset.



Testing condition IoU (%) F1 score (%) MioU (%) MPA (%) Training dataset Training condition

Slight fog 85.47 92.87 92.01 95.98 Foggy-Puddle Heavy fog

Medium fog 85.16 92.38 91.48 95.77 Foggy-Puddle Heavy fog

Heavy fog 84.59 92.22 91.65 95.74 Foggy-Puddle Heavy fog

Low-light & slight fog 62.51 78.84 76.93 88.66 Foggy Low-Light Puddle Low-light & slight fog

Fig. 10. ABCDWaveNet detection results across varying fog densities and road types, including slight fog, medium fog, 
heavy fog, and low-light & slight fog, demonstrating the model’s robustness and generalization capability under diverse 
environmental conditions.

The findings indicated that ABCDWaveNet achieved excellent performance in puddle detection under slight and medium 
fog conditions, maintaining high IoU and F1 scores, especially in clear, unobstructed environments. As fog density 
increased, however, a moderate reduction in performance was observed. While the model consistently identified larger 
puddles, smaller puddles with low contrast or those partially occluded were occasionally missed, resulting in false 
negatives. Under low-light fog conditions, reflections and background noise can also contribute to false detections.

Despite these challenges, the model demonstrated strong generalization across a wide range of environmental conditions, 
as confirmed by both quantitative and qualitative analyses. Failure cases primarily involved occlusions caused by shadows 
or reflections and fragmented puddle patterns, which sometimes led to misdetections, particularly in campus road and 
expressway scenarios. In addition, in heavy fog conditions, reduced sensitivity to very small or thin water formations 
occurred due to frequency attenuation effects.

In conclusion, ABCDWaveNet exhibited strong generalization capabilities across different fog densities and a variety of 
road types, although there remains room for further improvements. Future research will aim to tackle the difficulties 
associated with detecting small targets and mitigating environmental interference, with possible strategies including the 
application of multi-scale techniques and the incorporation of infrared light information.

4.5. Model deployment

To further validate our algorithm in real-world conditions, we deployed and tested the model within an automotive 
setting, complementing evaluations on existing datasets. The vehicle-mounted edge computing platform, illustrated in Fig. 
11, comprised an NVIDIA Jetson AGX Orin, a display monitor, and a data cable. As reported in Table 1, the model 
achieved a frame rate of 25.48 FPS. In addition, the model loading time was 2.62 s, and the inference latency exhibited a 
standard deviation of 3.79 ms over 200 runs, indicating high runtime stability and consistency. Peak GPU memory usage 
during inference reached 601.5 MB. These results demonstrate that the proposed method reliably delivered both high 
accuracy and operational efficiency on the vehicle’s edge platform, effectively satisfying the real-time performance 
requirements of ADAS early-warning systems under constrained computational resources.



Fig. 11. An edge computing system built with an NVIDIA Jetson AGX Orin.

5. Conclusion

In this study, we introduced ABCDWaveNet, an advanced framework designed for robust road ponding detection under 
foggy conditions, utilizing the synergistic integration of dynamic convolution and wavelet-based frequency-spatial 
enhancement. Through the BIS module and ABC mechanism, the model effectively captures both global structure and 
fine-grained details across multiple scales. Comprehensive experiments conducted on the Puddle-1000, Foggy-Puddle, and 
newly proposed Foggy Low-Light Puddle dataset demonstrated that ABCDWaveNet achieved SOTA performance on edge 
devices, confirming its practicality for ADAS applications. It is anticipated that this study will provide meaningful insights 
for advancing resilient and proactive road safety systems under visually degraded conditions.To facilitate future research 
and ensure reproducibility, the code and datasets will be made publicly accessible to the research community.

Supplement Material

Our code is available publicly at https://github.com/Lyu-Dakang/ABCDWaveNet.
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