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Abstract

Existing approaches aiming to remove adverse weather
degradations compromise the image quality and incur the
long processing time. To this end, we introduce a multi-axis
prompt and multi-dimension fusion network (MPMF-Net).
Specifically, we develop a multi-axis prompts learning block
(MPLB), which learns the prompts along three separate axis
planes, requiring fewer parameters and achieving superior
performance. Moreover, we present a multi-dimension fea-
ture interaction block (MFIB), which optimizes intra-scale
feature fusion by segregating features along height, width and
channel dimensions. This strategy enables more accurate mu-
tual attention and adaptive weight determination. Addition-
ally, we propose the coarse-scale degradation-free implicit
neural representations (CDINR) to normalize the degradation
levels of different weather conditions. Extensive experiments
demonstrate the significant improvements of our model over
the recent well-performing approaches in both reconstruction
fidelity and inference time.

Code — https://github.com/chdwyb/MPMF-Net

Introduction

Traffic images often suffer from texture loss and color dis-
tortion due to adverse weather conditions (Wen, Gao, and
Chen 2024a; Jiang et al. 2024), which significantly reduce
the effectiveness of subsequent computer vision algorithms
(Gao et al. 2024a,b; Wen, Gao, and Chen 2024b). Currently,
weather removal algorithms can be divided into three cat-
egories, task-specific, task-aligned and all-in-one methods.
Task-specific approaches (Ding et al. 2025a; Zhang et al.
2021) involve creating custom physical models for specific
weather conditions, allowing the network to accurately iden-
tify the corresponding weather effects. Meanwhile, task-
aligned methods (Wang et al. 2022) employ a single net-
work architecture to handle different weather degradations,
training the model with various weather-degraded datasets.
Recent advancements (Gao et al. 2024c) train an all-in-
one model that can simultaneously address multiple weather
conditions. However, these research faces issues with re-
duced image quality and longer processing times.

*Corresponding authors.
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.
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Figure 1: Efficiency comparisons of the involved compar-
ative approaches. Our proposed model achieves the best
trade-off between the image quality and inference time.

In this work, we propose a multi-axis prompt and multi-
dimension fusion network (MPMF-Net) for all-in-one traf-
fic weather removal. Specifically, existing methods utilize
learnable prompts to capture task-related knowledge, but
they only focus on either the spatial dimension (Valanarasu,
Yasarla, and Patel 2022) or the channel dimension (Pot-
lapalli et al. 2023). This narrow focus leads to inaccurate
task representation, affecting the overall task understanding
and the quality of reconstructed images. Additionally, these
methods require a large number of parameters to learn the
prompts, which makes the solution space for the prompts un-
stable. To this end, we propose a multi-axis prompts learning
block (MPLB), which learns the prompts separately along
the hw-axis ch-axis, and cw-axis. This approach enables
more comprehensive and accurate prompt learning. More-
over, our MPLB uses fewer parameters than existing ap-
proaches but achieves the best all-in-one traffic weather-
degraded image restoration.

Furthermore, existing methods for cross-stage intra-scale
feature fusion (Wen et al. 2023; Gao et al. 2024c; Wang
et al. 2022) struggle to adjust the weighting of different
features based on input variations, leading to less effective



CDINR

: o PRl LA =
ﬂnu.h‘ et ! E zzzzz-zz--3 ;
R -\ r
ol I 2 - 0y onm (N 3~ RE-O-
v h X \
S = P {
PE CDINR PU <« BLB Z - e %
v coordinates =
BLB ———— > MFIB —> BLB MPLB
il t BLB
Down U <— BLB
RN z = 5. 2
BLB —— > MFIB —» BLB MPLB z %] Z z \f Z
¥ L B
Down Up — BLB =
o
| =
BLB MPLB A
PE Patch Embedding BLB Basic Learning Block ~ Down Feature Downsampling Up Feature Upsampling PU Patch Unembedding

CDINR  Coarse-scale Degradation-free Implicit Neural Representations

MFIB Multi-dimension Feature Interaction Block MPLB  Multi-axis Prompts Learning Block

@ Channel-wise Concatenation @ Element-wise Addition @ Bilinear Upsampling ~ RLN | Rescaled Layer Normalization | PWConv = Point-wise Convolution

SWSA Shifted Window-wise Self-Attention =~ DWConv

Depth-wise Convolution

Weather-degraded Pixel @  Clean Pixel @ Reconstructed Pixel

Figure 2: Overview of our proposed multi-axis prompt and multi-dimension fusion network (MPMF-Net) for all-in-one traffic
weather removal. Our model contains three key components, multi-dimension feature interaction block (MFIB) achieves the
features decomposed fusion in three dimensions and multi-axis prompts learning block (MPLB) learns the prompts from three
axis, coarse-scale degradation-free implicit neural representations (CDINR) represent the coarse-scale degradation-free images.

fusion results. To address this issue, we introduce a multi-
dimension feature interaction block (MFIB), which breaks
down input features into height, width and channel dimen-
sions. Our MFIB applies self-attention separately to each di-
mension, enabling adaptive feature fusion. Unlike traditional
self-attention mechanisms (Zamir et al. 2022; Chen et al.
2023c), our approach uses distinct query and key represen-
tations to capture the attention maps from different features.
This creates adaptive fusion weights specifically tailored to
each group of features, improving the robustness of feature
fusion process. Additionally, by decomposing feature fusion
across three dimensions, we achieve greater precision in as-
sessing the importance of different features.

Recently, implicit neural representations (INR) (Lee and
Jin 2022) have become an effective way to encode images
as continuous functions, allowing for the normalization of
degradation levels and simplifying the subsequent processes
(Yang et al. 2023; Chen, Pan, and Dong 2024). Therefore,
we develop the coarse-scale degradation-free implicit neural
representations (CDINR) to create the non-degraded neural
representations from coarse-scale degraded images, which
are then employed as the inputs in fine-scale reconstruction
network. Our neural representations approach also aligns
with the visual self-prompting paradigm (Wang et al. 2023;
Wen et al. 2024a; Ma et al. 2023) for all-in-one image
restoration. By utilizing the degradation-free representations
at coarse scales to guide fine-scale restoration, our model
continuously adapts to the input degraded images, which en-
hances the model ability in handling with various weather
degradations.
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Figure 2 illustrates the architectural overview of our pro-
posed multi-axis prompting and multi-dimension fusion net-
work for all-in-one traffic weather removal, and Figure 1
depicts that our model outperforms the other existing all-
in-one methods with a better trade-off between the image
quality and inference time. Our main contributions can be
summarized as follows.

* We introduce a multi-axis prompts learning block aimed
at learning more accurate all-in-one task-related repre-
sentations.

* We propose a multi-dimension feature interaction block
to effectively acquire the adaptive mutual attention and
discern the significance of distinct features.

* We incorporate the implicit neural representations span-
ning adjacent branches to facilitate the precise fine-
scale reconstruction and engenders the robustness against
complex degradations.

Related Work

Adverse Weather Removal In adverse weather removal,
Li et al. (Li, Tan, and Cheong 2020) introduce a ground-
breaking methodology utilizing the task-specific optimized
encoders to combat various weather degradations. Subse-
quently, Valanarasu et al. (Valanarasu, Yasarla, and Pa-
tel 2022) incorporate a spatially constrained self-attention
mechanism alongside task-specific queries to mitigate di-
verse weather artifacts. In parallel, Chen et al. (Chen et al.
2022) employ a dual-phase knowledge amalgamation ap-
proach in a multi-contrastive learning framework. Draw-
ing from the diffusion model (Ho, Jain, and Abbeel 2020),
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Figure 3: Illustration of our proposed multi-axis prompts
learning block (MPLB), which employs three sets of
prompts, corresponding to the hw, ch and cw axes, to regu-
late the flow of information and enhances the all-in-one task-
related representations.

PWConv

Ozdenizc et al. (Ozdenizci and Legenstein 2023) present
a patch-based diffusion model aimed at restoring high-
resolution weather-degraded images. Gao et al. (Gao et al.
2024c) explore the frequency variations during weather re-
moval while proposing a frequency-guided and frequency-
refined approach. Meanwhile, Ye et al. (Ye et al. 2023)
develop a unified method leveraging the code-book priors
to mitigate adverse weather-induced degradations. Further-
more, Luo et al. (Luo et al. 2023) and Wen et al. (Wen et al.
2024a) utilize the degradation-aware prompts to guide the
image reconstruction process.

Prompt Learning Contemporary studies attempt to employ
prompt learning techniques in the context of down-stream
visual tasks (Ding et al. 2025b; Li et al. 2024). For in-
stance, MAE-VQGAN (Bar et al. 2022) employs a grid-
like input configuration in the course of inference to au-
tonomously perform inpainting operations on regions lack-
ing visual content. TransWeather (Valanarasu, Yasarla, and
Patel 2022) and AIRFormer (Gao et al. 2024c) utilize several
groups of task queries as the query representation in calcu-
lating self-attention maps to perform the latent features de-
coding. Painter (Wang et al. 2023) employs the paired im-
ages as a fixed visual prompts to elicit network alignment
with task-specific objectives. Recently, PromptIR (Potlapalli
et al. 2023) and DyNet (Dudhane et al. 2024) employ the
learnable prompts in each decoding stage to achieve all-
in-one task representation and achieve competitive perfor-
mance in adverse weather removal.

Proposed Method
Multi-axis Prompts Learning Block

Existing prompt-based all-in-one methods (Dudhane et al.
2024; Gao et al. 2024c) primarily focus on either the spa-
tial (Valanarasu, Yasarla, and Patel 2022) or channel (Pot-
lapalli et al. 2023) dimensions of learnable parameters, re-
sulting in the inaccurate task representations. Please note
that although the learnable parameters are not technically
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Figure 4: Illustration of our proposed multi-dimension fea-
ture interaction block (MFIB), which decomposes the two
sets of features into the height, width and channel dimen-
sions to accomplish accurate and adaptive feature fusion.

prompt learning, we also refer to our learnable param-
eters as prompts following (Potlapalli et al. 2023). As
noted in (Chen et al. 2023b; Ruan et al. 2023), applying
the same feature transformations across all feature chan-
nels leads to an overload of redundant information. There-
fore, we introduce a lightweight multi-axis prompts learn-
ing block, as shown in Figure 3. Given the input features X
with the structure (B, 3 x C, H, W), we divide them into
three feature groups, Xp,.,, X.n and X.,,. Each group fol-
lows the structure (B, C, H,W). The learnable axis-wise
prompts for Xj,, are configured as (1,C,z,y), for X,
as (1,1,C,z) and for X, as (1,1,C,y), where = and
y correspond to the dimensions of prompts in the height
and width dimensions, respectively. All prompts are ran-
domly initialized. We initially transform Xj,,, X., and
Xy into (B,C,H,W), (B,W,C,H) and (B, H,C,W),
respectively. Meanwhile, three axis-wise prompts are inter-
polated to Py, € REXCXHXW "p, ¢ REXWXCXH apq
P, € RBXHXCXW and optimized through depth-wise
convolution. The prompted features can be obtained by

X' = Concat(Xnw ® Phuw, Xeh @ Pepy Xew ® Pey), (1)

where C'oncat denotes the channel-wise concatenation, © is
the element-wise multiplication. Our proposed MPLB trans-
forms the task representations by incorporating prompts
from three axes, ensuring the learned prompts capture rel-
evant information from each axis and leading to more accu-
rate all-in-one task representations. Additionally, our prompt
learning approach is efficient and stable, requiring fewer pa-
rameters than existing methods (Gao et al. 2024c; Potlapalli
et al. 2023; Dudhane et al. 2024), resulting in improved com-
putational efficiency and more reliable convergence.

Multi-dimension Feature Interaction Block

Existing methods (Zamir et al. 2022; Gao et al. 2024c; Wang
et al. 2022) for fusing cross-stage intra-scale features com-
monly rely on point-wise convolution following direct ad-
dition. However, this approach fails to effectively establish



information interaction between features and determine the
relative significance of different features. To this end, we
propose the multi-dimension feature interaction block. As
shown in Figure 4, with two given sets of input features,
we initially employ the point-wise convolution to derive the
query representation @@ and value representation V' of the
encoding features X.. Similarly, we acquire the key rep-
resentation K and value representation V' of the decoding
features X 4 using the same strategy. Each of these four rep-
resentations are then divided into three components, each
corresponding to the dimensions of height, width and chan-
nel. In height dimension, we first employ the query represen-
tation Q. j, of encoding features and the key representation
K, of decoding features to compute the interactive self-
attention. Subsequently, we utilize the interactive attention
map of height dimension to augment both sets of height-
dimension value representations. The enhanced features are
combined as height-dimensional fused features. This pro-
cess can be expressed as

Ap = (Qep ® Kgpn) © ap,

2
Xy =A,2Vop+ AL @V, @

where A;, € REXWXHXH jpdjcates the height-dimension

mutual attention map, «y, is a learnable parameter, X, are
the fused height-dimension features, ® denotes the matrix
multiplication. Furthermore, in width dimension, we utilize
the query representation Q. ,, of encoding features and the
key representation K ,, of decoding features to compute
the interactive attention. Subsequently, we apply the interac-
tive attention map of width dimension to enhance both two
sets of width-dimension value representations separately.
This process can be expressed as

A, = (Qe,’w & Kd,w) © oy,

T 3

Xw = Aw 02y ‘/e,w +Aw 02y ‘/d,wz
where A,, € REBXHXWXW indicates the width-dimension
mutual attention map, o, is a learnable parameter, X, are
the fused width-dimension features. In addition, in channel
dimension, we employ the query representation Q. . of en-
coding features and the key representation K . of decoding
features to calculate the mutual attention, and then use the
interactive attention map of channel dimension to enhance
both two sets of channel-dimension value representations,
namely

Ac = (Qe,c ® Kd,c) O] O,

. @)

X(: = Ac & ‘/e,c + Ac X ‘/d,c;
where A, € REXCXC jndicates the channel-dimension mu-
tual attention map, . is a learnable parameter, X, are the
fused channel-dimension features. This dynamic weighting
mechanism enhances the model ability to adapt to various
features, resulting in a context-sensitive representation of the
input and further boosting the reconstruction performance.
Additionally, the multi-dimension decoupling approach fa-
cilitates the precise integration of different features.
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Coarse-scale Degradation-free Implicit Neural
Representations

Although (Chen, Pan, and Dong 2024) have introduced
the implicit neural representations in image deraining (Wen
et al. 2024b), which fails to fully explore how these rep-
resentations can normalize various weather degradations.
However, images captured in adverse weather conditions of-
ten display diverse degradation patterns and intensities, pre-
senting significant challenges for current methods, which
struggle particularly with complex scenarios involving mul-
tiple stochastic degradations. Recent advancements in im-
plicit neural representations (Lee and Jin 2022) have shown
their ability to encode images as continuous functions. This
approach aids in normalizing various levels of weather
degradations, leading to more uniform degradation distribu-
tion and simplifying the subsequent image processing tasks
(Yang et al. 2023). To this end, in our proposed coarse-
scale degradation-free implicit neural representations, we
employ a simple lightweight network to extract the high-
dimension features E € R7*WXD from the coarse-scale
degraded images. Meanwhile, we capture the spatial infor-
mation of weather degradations through the relative coordi-
nate set X € REXWX2 where D denotes the dimensions of
the learned features and 2 signifies the horizontal and verti-
cal coordinates. As depicted in Figure 2, we concatenate the
positional coding X with the features E, followed by em-
ploying multi-layer perceptron (MLP) to generate the neural
representation images

where (i, j) is the location of a pixel. In our approach, we
directly impose a constraint on I;,, to mirror the corre-
sponding clean images through the utilization of the L1-
norm. As recommended in (Lee and Jin 2022), preceding
the fusion of coordinates with image features, we employ a
high-frequency function G(-) to transform the original co-
ordinates X from R into a higher-dimensional space R?".
This transformation can be expressed as

Gla) = ©)

where ¢ ranges from O to L — 1, and L denotes a hyper-
parameter governing the dimension. Instead of employing
original-scale implicit neural representations for image rep-
resentation (Yang et al. 2023), we introduce a coarse-scale
image representation strategy (Chen, Pan, and Dong 2024)
to generate the clean representations based on the given de-
graded images, which are then utilized to augment the input
of fine-scale reconstruction network. This approach enables
the fine-scale network to accurately capture the features of
degraded images and simplifies the complexity of subse-
quent processes (Chen, Pan, and Dong 2024). Meanwhile,
our neural representations branch is also consistent with the
visual self-prompting paradigm (Wang et al. 2023; Ma et al.
2023). Unlike existing algorithms that depend on fixed im-
age pairs or predefined features (Wang et al. 2023; Ma et al.
2023), our visual self-prompting mechanism enables ongo-
ing adaptation to the specific degraded images provided as
input. This dynamic adaptability improves the versatility of
our model in handling complex degradations.

,sin(2! — 7x), cos(2° — mx), - -],



FoggyCityscapes RainCityscapes RSCityscapes
Method PSNR SSIM  LPIPS Method PSNR  SSIM  LPIPS Method PSNR  SSIM | LPIPS
All-in-One 28.356 0.9353 0.0719 All-in-One 29.741 0.9204 0.1254 All-in-One 27.278 0.8229 0.2561
TransWeather 32.130 0.9754 0.0263 TransWeather 33.928 0.9695 0.0283 TransWeather 31.160 0.9235 0.0698
TKL 34.293 0.9824 0.0228 TKL 34.348 0.9740 0.0298 TKL 31.768 0.9339 0.0691
AirNet 31.448 09712 0.0314 AirNet 32.873 0.9646 0.0349 AirNet 30.272 0.9110 0.0879
AIRFormer 34.090 0.9816 0.0235 AIRFormer 34.282 0.9736 0.0332 AIRFormer 31.711 0.9372 0.0669
WeatherDiff 35.165 0.9887 0.0119 WeatherDiff 35.849 0.9864 0.0122 WeatherDiff  33.350 0.9623 0.0337
PromptIR 37.027 0.9910 0.0110 PromptIR 37.040 0.9853 0.0165 PromptIR 34.314 0.9604 0.0426
DyNet 35.949 0.9890 0.0130 DyNet 37.191 0.9853 0.0155 DyNet 34.286 0.9606 0.0399
MPMF-Net 37.592 0.9910 0.0105 MPMF-Net 37.435 0.9857 0.0131 MPMF-Net 34.670 0.9620 0.0330

(a) Image dehazing (b) Rain-by-haze removal (c) Rain-by-snow removal

SnowTrafficData LowLightTrafficData RainDS-syn
Method PSNR SSIM LPIPS Method PSNR gSSIM LPIPS Method PSNR SSIM yLPIPS
All-in-One 25.267 0.8591 0.1955 All-in-One 17.160 0.5692 0.4965 All-in-One 23.739 0.7134 0.1105
TransWeather 25.971 0.9075 0.1032 TransWeather 21.259 0.7371 0.3695 TransWeather 26.700 0.8456 0.1844
TKL 25.529 0.9015 0.1228 TKL 17.885 0.5810 0.4326 TKL 28.118 0.8568 0.1801
AirNet 23.534 0.8978 0.1205 AirNet 20.967 0.7315 0.3779 AirNet 25.559 0.8258 0.2154
AIRFormer 26.132 0.9040 0.1294 AIRFormer 19.824 0.7492 0.4124 AIRFormer 26.801 0.8322 0.2339
WeatherDiff 26.428 0.9207 0.0853 WeatherDiff  18.148 0.6541 0.3440 WeatherDiff 29.733 0.8971 0.1166
PromptIR 26.139 0.9227 0.0862 PromptIR 21.328 0.7662 0.3758 PromptIR 30.220 0.9123 0.1057
DyNet 25.949 0.9262 0.0797 DyNet 22.088 0.7690 0.3728 DyNet 29.954 0.9075 0.1182
MPMF-Net 27.053 0.9280 0.0819 MPMF-Net 22.584 0.7658 0.3563 MPMF-Net 30.185 0.9057 0.0958

(d) Image desnowing

(e) Image enhancement

(f) Rain-by-raindrop removal

Table 1: Quantitative comparisons of the different methods on all-in-one traffic weather removal. The red and blue metrical
scores denote the best and second-best quantitative performance. Our proposed method achieves the best metrical scores across

the six weather-degraded datasets.

Experimental Results
Implementation Details

Our model is constructed on NVIDIA Tesla A40 GPU.
During the 400 training epochs, we utilize a patch size
of 256x256 and a batch size of 32. The Adam optimizer
(Kingma and Ba 2014) is employed, and we implement
a learning rate schedule that decreases from 2 x 10~ to
1 x 107 using the cosine annealing decay (Loshchilov and
Hutter 2022). The feature dimensions and basic learning
depths are set to {24, 48, 96, 48, 24,24} and {8, 16, 17,9, 9,
8}, respectively. Meanwhile, the sizes of learnable prompts
are set to 16 x 16, 32 x 32 and 64 x 64, respectively. Addi-
tionally, we employ random horizontal and vertical flips to
augment the training dataset.

Datasets and Evaluation Protocols

We conduct experiments (following (Wen et al. 2024a)) us-
ing FoggyCityscapes (Sakaridis, Dai, and Van Gool 2018),
RainCityscapes (Hu et al. 2019), RSCityscapes (Wen et al.
2024c), SnowTrafficData (Chen et al. 2023a), LowLight-
TrafficData (Li et al. 2018) and RainDS-syn (Quan et al.
2021) datasets, corresponding to haze, rain-by-haze, rain-
by-snow, snow, low light and rain-by-raindrop degradations.
We calculate the peak signal-to-noise ratio (PSNR), struc-
tural similarity (SSIM) and learned perpetual image patch
similarity (LPIPS) (Zhang et al. 2018) between the recon-
structed and clean images, where decreased LPIPS values
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correspond to the enhanced image quality, and vice versa
for the others.

Comparisons with Existing Methods

We conduct experiments to evaluate the performance of
our proposed method with eight existing all-in-one ap-
proaches, namely All-in-One (Li, Tan, and Cheong 2020),
TransWeather (Valanarasu, Yasarla, and Patel 2022), TKL
(Chen et al. 2022), AirNet (Li et al. 2022), AIRFormer
(Gao et al. 2024c), WeatherDiff (Ozdenizci and Legen-
stein 2023), PromptIR (Potlapalli et al. 2023) and DyNet
(Dudhane et al. 2024). We train our model on the all-in-
one dataset (with six degradations simultaneously) and sub-
sequently test the trained model on six individual testing
datasets separately. As illustrated in Table 1, compared with
several well-performing methods, our proposed model ob-
tains consistent quantitative superiority. We also calculate
the average metrical scores of different all-in-one methods
in Table 6, where our proposed model advances the exist-
ing well-performing PromptIR (Potlapalli et al. 2023) and
DyNet (Dudhane et al. 2024) by 0.576 dB and 0.684 dB
in PSNR, respectively. Meanwhile, as the visual results and
error maps in Figure 5 depicted, our proposed model also
achieves the best vision reconstruction.

Ablation Studies

We conduct ablation experiments to evaluate the effective-
ness of our proposed multi-axis prompt and multi-dimension



Input Image TransWeather AirNet

AIRFormer  WeatherDiff

PromptIR DyNet MPMF-Net Clean Image

Figure 5: Visual comparisons of different all-in-one methods. Each reconstructed image is accompanied by its respective error
map corresponding to the clean image. Our proposed approach effectively mitigates degradation, yielding superior visual out-

comes with minimal error maps.

fusion network. All the experimental results are calculated
by averaging the metrical scores across the six testing
datasets.

Individual Components We start with a baseline model
based on a commonly used encoder-decoder architecture
with the basic learning block and convolution fusion ap-
proach. As shown in Table 2, incorporating coarse-scale
degradation-free implicit neural representations into the
baseline model results in a performance gain of 0.741
dB. Additionally, replacing the convolution fusion approach
with our proposed multi-dimension feature interaction block
improves the restoration performance by 0.516 dB. Further-
more, introducing the multi-axis prompts learning block into
the decoding stage enhances the overall performance by an
additional 0.718 dB.

Model PSNR SSIM LPIPS
Baseline 29.612 0.8949 0.1297
w/ CDINR 30.353 0.9098 0.1209
w/ MFIB 30.869 0.9140 0.1112
w/ MPLB 31.587 0.9230 0.0984

Table 2: Ablation experiments on individual components.
Each presents a positive effect on the overall performance.

Feature Interaction As shown in Table 3, convolution
fusion approach achieves a performance gain of 0.368 dB
over the simple addition. Furthermore, employing SKFusion

(Song et al. 2023) results in a performance gain of 0.674 dB
over the convolution. However, our proposed MFIB achieves
a performance gain of 0.669 dB over SKFusion.

Component PSNR SSIM LPIPS
Addition 29.876 0.8930 0.1249
Convolution 30.244 0.8991 0.1202
SKFusion 30.918 0.9097 0.1126
MFIB 31.587 0.9230 0.0984

Table 3: Ablation experiments on the feature interaction ap-
proaches. Our proposed multi-dimension feature interaction
block advances the other intra-scale feature fusion strategies.

Prompt Learning Since different prompts learning meth-
ods cannot be directly embedded into our network, we di-
rectly integrate their modules containing prompts learning
into our network for comparative experiments. As Table 4
depicted, our proposed multi-axis prompts learning block
achieves performance gains of 2.265 dB, 1.757 dB and 0.833
dB over the prompts learning approaches in TransWeather
(Valanarasu, Yasarla, and Patel 2022), AIRFormer (Gao
et al. 2024c) and PromptIR (Potlapalli et al. 2023), respec-
tively. Additionally, our method utilizes the fewest learnable
prompt parameters.

Implicit Neural Representations To understand the ef-
fect of implicit neural representations, we first visualize the
outputs of our proposed CDINR and the pixel value distri-
butions of images in Figure 6. Since RSCityscapes dataset



Prompt Number PSNR SSIM  LPIPS
in TransWeather ~ 7.37 x 10*  29.322  0.8891  0.1431
in AIRFormer 9.83 x 10*  29.830 0.8984  0.1307
in PromptIR 2.38 x 10° 30754 09179 0.1103
MPLB 6.04 x 10*  31.587 0.9230 0.0984

Table 4: Ablation experiments on prompts learning ap-
proaches. Our proposed multi-axis prompts learning block
achieves better performance over the other prompts learning
strategies.

(Wen et al. 2024c¢) is generated based on RainCityscapes
dataset (Hu et al. 2019), we can easily select images with
the same background but different degradation distributions
as examples. As depicted, the two inputs of CDINR show
significant differences in the pixel value distributions. How-
ever, the representation images through our CDINR are
degradation-free and the pixel value distributions are nor-
malized to close levels.

200 lr Input 1 300 Output 1
_a-é JN Input 2 _a-é —— Output 2
E] | = 200
Z 100 Y‘H \\ z ﬁ)
>
0 ol — o
0 100 200 0 100 200
Pixel Value Pixel Value
Input 1 Input 2 Output 1 Output 2

Figure 6: Comparisons of the pixel value distributions
between the input and output of our proposed coarse-
scale degradation-free implicit neural representations. Our
CDINR can normalize the degradation levels of different
weather conditions.

Image Scale As Table 5 reported, when utilizing the orig-
inal degraded images as the input to our CDINR, our model
performs the worst. This indicates that directly representing
non-degraded images at their original scale is challenging
due to the presence of numerous degraded details in fine-
scale images. Moreover, when using %—scale and %—scale de-
graded images as inputs to CDINR, our model shows perfor-
mance reductions of 0.654 dB and 1.062 dB, respectively,
compared to using i—scale degraded images.

Efficiency Analysis As Table 6 reported, our model uti-
lizes the fewest parameters (#Param). Additionally, AIR-
Former (Gao et al. 2024c) requires the least inference time.
However, compared with the most recent three methods (see
the sub-box), our model demonstrates significant improve-
ments in inference time. Specifically, our model utilizes
only 62.765% inference time of the recent well-performing
PromptIR (Potlapalli et al. 2023), while achieving a perfor-
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Scale PSNR SSIM LPIPS
Original 29.580 0.8982 0.1320
0.5 30.933 0.9147 0.1064
0.25 31.587 0.9230 0.0984
0.125 30.525 0.9150 0.1109

Table 5: Ablation experiments on representation scales. i—
scale degradation-free representations achieve the best per-
formance.

mance gain of 0.576 dB. In Figure 1, we demonstrate that
our proposed approach strikes an optimal balance between
image quality and inference time.

Method #Param Time PSNR SSIM LPIPS
All-in-One 50.226  0.0368 25.257 0.8034 0.2093
TransWeather 37.682 0.0185 28.525 0.8931 0.1303
TKL 28.713  0.0329 28.657 0.8716 0.1429
AirNet 5.7665 0.0984 27.442 0.8837 0.1447
AIRFormer 58.383 0.0139 28.807 0.8963 0.1499
WeatherDiff 1998.7 | 10.804 | 29.779 0.9016 0.1006
PromptIR 32.966 | 0.0991 | 31.011 0.9230 0.1063
DyNet 14.227 | 0.0933 | 30.903 0.9229 0.1065
MPMF-Net 3.2393 | 0.0622 | 31.587 0.9230 0.0984

Table 6: Efficiency analysis of the different all-in-one meth-
ods. Our proposed method achieves the best trade-off be-
tween the quality of generated images and inference time.

Limitations Our model is limited by the narrow scope
of training dataset, which covers only six types of weather
degradations and restricts the trained model to handle com-
plex weather conditions such as dust and back-light. Fur-
thermore, our research primarily centers on enhancing the
quality of traffic weather-degraded images and our experi-
mental focus remains confined to image reconstruction, pre-
venting the utilization of our model as a pre-processing oper-
ator. However, as emphasized in (Jiang et al. 2020; Liu et al.
2023), the imperative for achieving superior performance in
subsequent high-level vision tasks evidently lies in the accu-
racy of weather degradation removal.

Conclusion

We present a novel method to enhance visibility in traffic
scenes affected by adverse weather conditions. Specifically,
we tackle a significant drawback of existing prompts learn-
ing approaches by leveraging the prompts from three axes.
Furthermore, we explore the dimension-wise decomposi-
tion and adaptive weighting strategies for integrating fea-
tures across different stages, facilitating multi-dimension in-
teraction among height, width and channel dimensions. Ad-
ditionally, we demonstrate that implicit neural representa-
tions effectively normalize the degradation levels of differ-
ent weather conditions.
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