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Abstract

Real-world image de-weathering aims at removing various
undesirable weather-related artifacts. Owing to the impos-
sibility of capturing image pairs concurrently, existing real-
world de-weathering datasets often exhibit inconsistent illu-
mination, position, and textures between the ground-truth im-
ages and the input degraded images, resulting in imperfect
supervision. Such non-ideal supervision negatively affects
the training process of learning-based de-weathering meth-
ods. In this work, we attempt to address the problem with a
unified solution for various inconsistencies. Specifically, in-
spired by information bottleneck theory, we first develop a
Consistent Label Constructor (CLC) to generate a pseudo-
label as consistent as possible with the input degraded image
while removing most weather-related degradation. In partic-
ular, multiple adjacent frames of the current input are also
fed into CLC to enhance the pseudo-label. Then we com-
bine the original imperfect labels and pseudo-labels to jointly
supervise the de-weathering model by the proposed Infor-
mation Allocation Strategy (IAS). During testing, only the
de-weathering model is used for inference. Experiments on
two real-world de-weathering datasets show that our method
helps existing de-weathering models achieve better perfor-
mance. Code is available at https://github.com/1180300419/
imperfect-deweathering.

Introduction

The effectiveness of outdoor computer vision systems e.g.
monitoring systems and autonomous driving is inevitably
impacted by weather conditions. Image de-weathering,
which aims at removing undesirable image degradation
caused by adverse weather, e.g. rain, fog, and snow, is signif-
icant in improving the performance of the subsequent tasks.
Recently, data-driven learning-based de-weathering meth-
ods have experienced notable progress. However, capturing
ideal real-world pairs for training neural networks is nearly
impossible since it is not feasible to capture a scene simul-
taneously with and without weather-related artifacts.

To circumvent this problem, some existing de-weathering
methods (Valanarasu, Yasarla, and Patel 2022; Wang, Ma,
and Liu 2023) initially construct paired data by simulat-
ing weather degradation and subsequently undergo super-
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vised learning. However, synthesized degraded images have
limited realism in modeling complex and variable weather
characteristics (e.g. raindrop shapes and fog concentration).
Consequently, models trained using synthetic pairs typically
face challenges in effectively generalizing to realistic severe
weather scenarios, even leading to artifacts and the loss of
original details. Other methods (Wu et al. 2021; Wei et al.
2021) address the lack of real-world pairs by employing
semi-supervised or unsupervised manners. While some of
these methods (Rai et al. 2022; Huang, Yu, and He 2021)
have demonstrated promising results, challenges remain in
separating intricate overlaps of foreground and background
information in real-world degraded images (Li et al. 2022).

Recognizing the aforementioned limitations, the recent
works (Ba et al. 2022; Zhang et al. 2023) pin their hopes
on acquiring real-world image pairs. They relax the strict
requirement for simultaneous acquisition of ideal pairs and
instead retrieve degraded and clean images from live streams
of landscape scenes on YouTube within the shortest possible
time window. And the conclusion shows that such a man-
ner indeed bridges the domain gap better than synthetic (Hu
et al. 2019; Li, Cheong, and Tan 2019) and semi-real (Wang
etal. 2019) datasets. It is worth noting that, despite the adop-
tion of strict filtering conditions during dataset collection to
ensure spatial position and illumination consistency between
the ground-truth (GT) and degraded images, certain incon-
sistencies persist, which will have a detrimental impact on
the learning process of the de-weathering model.

Actually, the inconsistencies also occur in some other
low-level vision (e.g. super-resolution (Zhang et al. 2022;
Wang et al. 2023), deblurring (Li et al. 2023), learnable
ISP (Zhang et al. 2021b), and etc (Feng et al. 2023)) tasks.
And their works usually utilize optical flow estimation and
color correction approaches (He, Sun, and Tang 2012) for
aligning the network output and GT in position and color, re-
spectively. However, these solutions are less effective when
being applied to de-weathering due to the complexity and
diversity of inconsistent types (see Fig. 1).

In this work, we suggest a novel perspective to allevi-
ate the adverse impact of imperfect supervision in real-
world de-weathering datasets, and propose a unified solu-
tion for a variety of inconsistencies. The main motivation is
from the information bottleneck (IB) theory (Tishby and Za-
slavsky 2015). Therein, during network training, it has been
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GT

(a) Changed color (b) Unwanted sunlight

(c) Varied lighting

(d) Misalignment  (e) Disappeared car (f) Melted snow

Figure 1: Examples of various inconsistent types between the degraded (top) and original GT (bottom) images. These cases
come from two real-world de-weathering datasets (i.e., GT-Rain-Snow and WeatherStream). The pairs in (a)~(c) show in-
consistencies in color and illumination. (d) and (e) show that the pairs are not aligned owing to object movement. (f) shows
inconsistent textures due because of snow melting. The inconsistent parts are highlighted in red boxes.

observed that the mutual information between the learned
features and target increases monotonically, while that be-
tween the learned features and input increases first and then
decreases gradually. Taking advantage of it, we can de-
velop a Consistent Label Constructor (CLC) for generating
a pseudo-label whose non-weather content is as consistent
as possible with the input degraded image while degrada-
tion are mostly removed. Considering the characteristics of
the dataset itself, multiple adjacent frames of the current in-
put can be also fed into CLC to enhance the ability of the
pseudo-label. Noted that although the pseudo label is bet-
ter than the original imperfect label in terms of consistency
preservation, it may not be as satisfactory as the original
label in terms of degradation removal. Therefore, we com-
bine the two labels and present an Information Allocation
Strategy (IAS) for supervising the de-weathering model,
which draws on the advantages and discards the disadvan-
tages of both. During inference, only the de-weathering
model is used for removing weather-related degradation.
Experiments are conducted with RainRobust (Ba et al.
2022) and Restormer (Zamir et al. 2022) models on GT-
Rain-Snow (Ba et al. 2022) and WeatherStream (Zhang et al.
2023) datasets. With the proposed method, the quantitative
and qualitative results of existing de-weathering models are
greatly improved, while not increasing any inference cost.
The main contributions are as follows:

¢ In real-world de-weathering datasets, the content incon-
sistencies between degraded and labeled images hurt the
performance of de-weathering models, and we propose a
unified and novel solution for various inconsistencies.

* We first feed multiple frames into Consistent Label Con-
structor (CLC) to generate a pseudo-label consistent with
input content, and then combine the pseudo- and original
labels for supervising the de-weathering model by the In-
formation Allocation Strategy (IAS).

* Experiments demonstrate that our proposed method en-
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hances the performance of existing de-weathering mod-
els without incurring additional inference costs.

Related Work
De-Weathering Methods

Deraining. Traditional deraining methods (Garg and Na-
yar 2007; Chen and Hsu 2013) rely on handcrafted image
priors to remove rain streaks. but these priors heavily de-
pend on empirical observations and fail to capture the intrin-
sic properties of clean images accurately. In contrast, recent
advancements in deep learning-based approaches, utilizing
neural convolutional networks (CNNs) (Fu et al. 2017) or
Transformers (Chen et al. 2023b), have achieved remarkable
rain removal performance by learning prior knowledge from
paired data. Nonetheless, these methods typically rely on
synthetic data and show limited generalization when applied
to real-world images. To address this limitation, several
studies have explored semi-supervised (Yasarla, Sindagi,
and Patel 2021) or unsupervised (Ye et al. 2022) frameworks
for handling real rainy images, given the scarcity of real-
world deraining datasets. However, these approaches often
face challenges in achieving satisfactory deraining results.
Desnowing. Early works usually employ priors derived
from rainfall-driven features to model snow particles.
Desnownet (Liu et al. 2018) is the first CNN-based approach
introduced for snow removal. Recently, DDMSNet (Zhang
et al. 2021a) further presents a deep dense multiscale net-
work incorporated semantic and geometric priors to enhance
snow removal. To address the challenges posed by diverse
scenes, a multi-scale projection transformer (Chen et al.
2023a) is proposed, which employs a multi-path approach to
involve various snow degradation features and utilizes self-
attention operation to integrate comprehensive scene context
information for clean reconstruction.

Dehazing. Previous attempts (Li et al. 2019) primarily rely
on the parameter estimation of the atmospheric scatter-
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ing model by the handcrafted priors on haze-free images.
With the advent of deep learning techniques, learning-based
methods have been developed rapidly by exploring the de-
ployment of CNNs and Transformers effectively (Guo et al.
2022). Despite performing excellently well on synthetic
data, the above approaches typically suffer from constrained
generalization in handling real-world hazy images (Ancuti
etal. 2021) . As an alternative, some studies endeavor to em-
ploy GANs (Goodfellow et al. 2014) within the unpaired or
unsupervised framework (Chen et al. 2022b) for real image
dehazing. However, GANs often generate images with arti-
facts, which adversely affects the subsequent model training.
Unified De-Weathering. To remove various adverse
weather conditions via a single set of pre-trained parame-
ters, All-in-One (Li, Tan, and Cheong 2020) deploys mul-
tiple encoders associated with different weather types for
image restoration. However, it suffers from the model in-
efficiency problem. To overcome this, TransWeather (Vala-
narasu, Yasarla, and Patel 2022) presents a transformer-
based structure comprising a single encoder-decoder net-
work with learnable weather type queries. In contrast, (Chen
et al. 2022a) draw inspiration from knowledge distillation,
and leverage multiple well-trained teacher networks to distill
the student model for multiple weather effects. Meanwhile,
(Wang, Ma, and Liu 2023) introduce a multi-task learn-
ing way for deraining and desnowing by designing multiple
heads. Although the aforementioned works achieve encour-
aging results in various weather types with a unified frame-
work, they are typically trained on synthetic data, leading to
degraded performance in real-world all-weather removal.

De-Weathering Datasets

Single weather removal, such as deraining (Fu et al. 2017;
Zhang and Patel 2018; Li, Cheong, and Tan 2019; Hu et al.
2019), dehazing (Li et al. 2018; Ancuti et al. 2019, 2021)
and desnowing (Liu et al. 2018; Chen et al. 2020, 2021)
has made substantial advancements due to the numerous
publicly accessible datasets. As for the de-weathering task,
due to the absence of dedicated datasets, prevailing meth-
ods often explore the integration of existing weather-specific
datasets. For example, some works (Valanarasu, Yasarla, and
Patel 2022; Li, Tan, and Cheong 2020) sample images from
Snow100K (Liu et al. 2018), Raindrop (Qian et al. 2018)
and Outdoor-Rain (Li, Cheong, and Tan 2019) to facilitate
the training of the model. However, those weather-specific
datasets are commonly composed of synthetic paired data
given certain degradation.

Recently, SPA (Wang et al. 2019) dataset introduces
a semi-automatic approach to generate one high-quality
clean image from each input sequence of real rain images,
and builds the semi-real paired dataset. RainRobust (Ba
et al. 2022) indeed establishes the real-world paired de-
raining dataset, i.e., GT-Rain, by enforcing rigorous selec-
tion criteria to minimize the environmental variations in
time multiplexed pairs. Unfortunately, it requires signifi-
cant human and financial resources, which limits the size
of the dataset. To reduce manpower requirements, Weath-
erStream (Zhang et al. 2023) then introduce an automatic
pipeline capturing real-world weather effects and their clean
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Figure 2: Comparison of mutual information in different
training periods. At different training epochs, we test the
RainRobust model trained on the GT-Rain-Snow dataset,
and measure the mutual information between the output and
the target as well as between the output and the input. The
model was trained in total 20 epochs, and we calculate the
mutual information every 2 epochs.

image pairs, which can be typically regarded as a real-world
de-weathering dataset.

Proposed Method
Motivation and Overall Pipeline

Denote by I and G a degraded image caused by severe
weather (e.g., rain, fog, and snow) and the correspond-
ing clean ground-truth (GT) image. The learning-based de-
weathering model D predicts output G without weather-
related degradation from I, i.e.,
G = D(I;0p). (1)

Op denotes the model parameters, whose optimization ob-
jective can be defined by,

Op = arg %LHEI,G[ﬁD(Gv G)l, (2)
where Lp denotes the loss functions.

Generally, the content of GT image G should remain the
same as that of input I, except for the weather-related degra-
dation to be removed. But for real-world de-weathering, G
and I cannot be captured at the same time, and they have
to be collected successively. During this collection process,
changes in weather and scenes are unavoidable and uncon-
trollable. As a result, there are inconsistencies in illumi-
nation, spatial position, and texture between G and I. Al-
though recent works (Ba et al. 2022; Zhang et al. 2023) have
set strict filtering and selection conditions to alleviate this
problem, some subtle inconsistencies still exist, as shown
in Fig. 1. Intuitively, these irregular and diverse inconsis-
tencies will inevitably affect the optimization of parameters
Op, harming the performance of the de-weathering model.



The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

Training

Tz Lig, 1 Ligg, L Pseudo-Label G;

J Eqn.(8)

= == - -

De-wea.

Degraded Input I; Stage 2

Output G;

Eqn.(6)

— =p .

Eqn.(9)

Original Label G;

Testing

CLC
De—wea. De-weathering Network
Loss for CLC Training
Loss for De-wea. Training

Consistent Label Constructor

-~ =

- >

Figure 3: Overview of the proposed pipeline. Left: In training stage 1, we pre-train a Consistent Label Constructor (CLC),
which utilizes multiple degraded frames to produce a pseudo-label G consistent with the 1nput degraded image I;. In training

stage 2, we leverage both the original label G; and pseudo-label G to constrain the output G, of the de- -weathering model.
Right: During testing, only the de-weathering model is used to remove weather-related degradation. Better viewed in color.

It is worth mentioning some other real-world low-level
vision (e.g. super-resolution (Zhang et al. 2022; Wang et al.
2023), deblurring (Li et al. 2023), learnable ISP (Zhang et al.
2021b), and etc (Feng et al. 2023)) tasks face this problem
as well, and the corresponding solutions vary. For inconsis-
tent illumination, guided filter (He, Sun, and Tang 2012) is
adopted to correct output color to target one, and then cal-
culate the loss value (Wei et al. 2020). For spatial misalign-
ment, optical flow estimation (Sun et al. 2018) is widely used
for aligning pairs, and some works propose more robust loss
functions, e.g., CoBi (Kim et al. 2013) and misalignment-
tolerate ¢, (Xia et al. 2023) loss. Regrettably, these sin-
gle and coarse-grained inconsistency mitigation methods are
less effective for real-world de-weathering pairs whose in-
consistencies are diverse and fine-grained, as evidenced by
the experimental results presented in the subsequent section.

In this work, we aim to explore a unified approach for
alleviating the adverse impact caused by a variety of incon-
sistencies in real-world de-weathering datasets. Inspired by
information bottleneck (IB) theory (Tishby and Zaslavsky
2015), we propose a novel perspective for addressing the
problem. Specifically, the IB principle has observed that the
mutual information between the network features and tar-
get goes up monotonically, while that between the network
features and input goes up first and then goes down dur-
ing the training, as shown in Fig. 2. In other words, for the
target information, the network continuously learns. For the
input information, the network absorbs first and then elimi-
nates the part that is irrelevant to the target. Thus, it gives us
an opportunity to construct a pseudo-label as consistent as
possible with the input. Simultaneously, for de-weathering
with non-ideal supervision, it may be more difficult to fit
weather-irrelevant irregular disturbance from the target than
to remove weather-related degradation. So the pseudo-label
is promising to remove most of the degradation while not
fitting the imperfect parts of the original GT.

Furthermore, we develop a Consistent Label Constructor
(CLC) for generating pseudo-labels. Multiple neighboring
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frames of the current degraded image are also fed into CLC
to enhance the consistency between the pseudo-label and
the degraded image. Additionally, noted that it is not fea-
sible when only taking the pseudo-label as supervision for
the de-weathering model, as the pseudo-label has to make a
trade-off between consistency preservation and degradation
removal. Instead, we combine the pseudo-label and original
imperfect labels to re-train a de-weathering model by the
proposed Information Allocation Strategy (IAS), which is
detailed in the following section. Please see Fig. 3 for the
overview of the proposed pipeline.

Consistent Label Constructor
The CLC model C learns pseudo-label G, from input i-th
degraded image I, i.e.,

The parameters O can be optimized by the constraints be-
tween the original label G; and G;, which is written as,
O¢ = arg minEr, g, [Le(Gi, Gy)], “)
[«
where L¢ denotes the loss functions of CLC model.
Moreover, given that real-world de-weathering datasets
are usually collected from live streams, multiple adjacent
frames of degraded images can be easily obtained. Thus, we
can naturally feed the neighboring 2n frames into the CLC
model. Eqn. (3) can be modified as,

Gi=CIin,..., )

On the one hand, it does not hinder CLC to produce a
pseudo-label consistent with I;, as the weather-independent
content is also consistent between frames captured in a short
amount of time. On the other hand, sometimes complemen-
tary multi-frames help CLC to generate a clearer pseudo-
label, as the rain streaks and snowflakes cannot always be
fixed at the same position in the frame.

L1, L L, Lo Oc).
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For the loss function in Eqn. (4), we adopt ¢; as well as
structural similarity (SSIM) (Wang, Simoncelli, and Bovik
2003) distance between the output G; and the original label
G;, which can be written as,

Le(Gi,Gy) = [|Gi — Gill1 + (1 — Lssrar (Gi, Gy)), (6)

where Lgs7nr denotes the multi-scale SSIM function.

The network structure of CLC depends on that of the
de-weathering model used in our experiments. For exam-
ple, when the de-weathering adopts Restormer (Zhang et al.
2023), we simply modified its single encoder to multiple
ones as the CLC model. The details about the CLC archi-
tecture can be seen in the suppl. In addition, we set n to 2
for experiments.

Information Allocation Strategy

Although the pseudo-label G; is more consistent with the
input I; than the original label G;, it may perform worse on
degradation removal. Thus, It is not appropriate to treat G;
as the only supervision of the de-weathering model. Natu-
rally, we can also include G; as additional guidance, and
combine the advantages of G; and G, for supervising the
de-weathering model. Thus, the loss function in Eqn. (2) can
be written as,

ED(GM éi7 Gz) :Lpse(éh éi)+)\ori£0ri(éi7 G7)7 (7)

where L, and L,,; denote the optimization objectives with
pseudo-label and the original label as supervision, respec-
tively. A,,; denotes a weight coefficient. The proper design
of Ly and L,,; is essential, and we propose the following
Information Allocation Strategy (IAS) for this.

First, IAS should take advantage of the fact that the
pseudo-label is more consistent with the input. Thus, for
L,se, we directly adopt the image-level constraint between

the output G, and the pseudo label G, ie.,

»Cpse(GivGi): ||GZ_GZ||1 (8)

Second, IAS should efficiently leverage clean information
from the original label G; while mitigating the impact of
its inconsistencies as much as possible. At this time, image-
level or pixel-level loss terms are not suitable. Instead, we
impose feature-level and distribution-level constraints be-
cause of their robustness to spatial misalignment and color
variations between image pairs. On the one hand, we adopt
rain-robust loss (Ba et al. 2022), which is a variant of con-
trastive loss and is calculated between intermediate features
of the de-weathering networks. On the other hand, we utilize
Sliced Wasserstein (SW) (Zhang et al. 2022) loss, which is
a probability distribution distance between VGG (Simonyan
and Zisserman 2014) features. In short, the optimization ob-
jective with the original label can be written as,

©))

where Lgropust and Lgy denote rain-robust and SW loss
terms, respectively. Agyy is the weight for SW loss and set to
0.08. A\or; in Eqn. (7) is set to 0.1. The details and formulas
of Lrobust and Lgyy are shown in the suppl.

Lori = LRobust + AswLsw,

3742

Experiments
Datasets

(Zhang et al. 2023) offers datasets constructed in two ways.
One of which, named GT-Rain-Snow, follows the protocol
of (Baetal.2022) and extends to multiple weather types by
manual collection. The other WeatherStream dataset is ob-
tained by automatic collection. Specifically, GT-Rain-Snow
comprises 129 scenes and WeatherStream contains a larger
set of 424 scenes. Each scene consists of approximately 300
aligned degraded images and one clean image. We conduct
experiments with the two training datasets, respectively. And
experiments are all evaluated on the testing dataset proposed
by (Zhang et al. 2023), which consists of 45 scenes and cov-
ers the sub-tasks of deraining, dehazing and desnowing.

Implementation Details

We integrate our method into the CNN-based RainRo-
bust (Ba et al. 2022) and transformer-based Restormer (Za-
mir et al. 2022) to validate the effectiveness. During train-
ing, we follow (Ba et al. 2022) to employ various augmenta-
tion techniques, including random rotation, padding, crop-
ping, Rain-Mix (Guo et al. 2021) and Snow-Mix (Zhang
et al. 2023). For optimizing the models, we adopt the Adam
with £; = 0.9 and 2 = 0.999. A warm-up strategy is em-
ployed to gradually increase the learning rate from 5 x 10~°
to 2 x 1074, followed by the cosine annealing strategy to
decrease the learning rate from 2 x 10~ to 10~%. Experi-
ments based on RainRobust are conducted on a single GPU.
The corresponding patch size is 256 x 256, and the batch
size is 8. Experiments based on Restormer are conducted on
two GPUs. The corresponding patch and batch sizes are set
to 168 x 168 and 6, respectively. All experiments are imple-
mented with the PyTorch framework.

Comparison with State-of-the-Arts

Quantitative Comparisons. In Table 1, we report the
PSNR and SSIM of the models trained with GT-Rain-Snow
and WeatherStream datasets, respectively. It can be seen that
our method consistently improves the performance of base-
line de-weathering models regardless of whether a CNN or
Transformer backbone, thereby demonstrating its satisfac-
tory capability. In particular, when training models with GT-
Rain-Snow dataset, our transformer-based Restormer ob-
tains 0.66dB PSNR improvements while CNN-based Rain-
Robust achieves 0.39dB PSNR gains. Although the incon-
sistencies in the WeatherStream are significantly reduced
in comparison with GT-Rain-Snow. When training models
with WeatherStream, our Restormer and RainRobust still
obtain 0.21dB and 0.24dB PSNR gains, respectively. More-
over, our method universally boosts the capability of de-
weathering across different weather conditions.

Qualitative Comparisons. Fig. 4 and Fig. 5 show visual
comparisons on various scenarios. Our method brings vis-
ible improvements with fewer degradation and more con-
sistent color. For instance, in the bottom-right example of
Fig. 4, our method promisingly recovers the color of heavily
foggy images, while Restormer only removes some streaks.
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Dataset Mothod Rain Fog Snow Overall

PSNRT SSIMt PSNRT SSIM{ PSNRT SSIM{ PSNRT SSIM{

GT-RainSnow  REStOTmer (Zamiretal 2022) 2263 07940 20.14 07700 21.62 08123 2151 07913
(Bacial 202s)  Ours-Restormer 2310 07971 21.46 0.7860 21.78 0.8178 22.17 (.7995
(Zhang et al. 2023) RainRobust (Ba etal. 2022)  22.83 0.7887 2095 0.7691 22.17 0.8058 22.01 0.7871
Ours-RainRobust 2324 07980 21.52 0.7860 22.31 0.8107 22.40 0.7977

Restormer (Zamir et al. 2022)  23.50 0.7990 22.89 0.8034 2229 08175 22.94 0.8059

WeatherStream  Ours-Restormer 23.64 0.8055 23.01 0.8062 22.66 0.8209 23.15 0.8102
(Zhang etal. 2023)  poinRobust (Baetal. 2022) 2346 0.7957 22.61 0.7962 22.11 0.8143 22.78 0.8013
Ours-RainRobust 23.68 07987 2271 0.7971 2254 0.8163 23.02 0.8033

Table 1: Quantitative improvements of de-weathering models when applying the proposed method. Experiments are conducted
with Restormer and RainRobust networks on GT-Rain-Snow and WeatherStream datasets, respectively.

Degraded Clean

RainRobust Ours-RainRobust

Degraded

Clean Restormer  Ours-Restormer

Figure 4: Qualitative testing results of the de-weathering models trained with GT-Rain-Snow dataset.

Degraded

Clean

RainRobust Ours-RainRobust

Degraded

Clean Restormer  Ours-Restormer

Figure 5: Qualitative testing results of the de-weathering models trained with WeatherStream dataset.

In the top-left example of Fig. 5, our de-weathered image
contains fewer snow streaks than Rain-Robust.

Visualization of Pseudo-Labels

As mentioned above, our pseudo-labels can have greater
consistency with the degraded images compared to the orig-
inal label, encompassing color, position, and other aspects.
Here we give some visual examples in Fig. 6. Therein, the
first two rows showcase the superior color and texture con-
sistency of pseudo-labels with the degraded images, respec-
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tively. Notably, the utilization of multiple frames in CLC en-
hances the visual quality in the last row, with pseudo-labels
exhibiting more intricate textures, while the original label
still retains rain streaks.

Ablation Study
Comparison with Other Inconsistency- Handling
Methods

Here we compare our method with alternative ones from
other works that can also alleviate the effect of inconsisten-
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Degraded " Pseudo-Label »Original-Label

Figure 6: Visualizations of pseudo-labels.

Methods PSNRT SSIM1
Baseline 22.01 0.7871
Guided Filter 22.14 0.7959
Optical Flow 22.15 0.7932
Misalign-Tolerate ¢; 22.18 0.7951
Guided Filter + Optical Flow 22.21 0.7935
Guided Filter + Misalign-Tolerate ¢;  22.24  0.7976
Ours 22.40 0.7977

Table 2: Quantitative results when comparing with other
inconsistency-handling methods. The baseline represents
the model trained directly with the original label. The re-
sults on three sub-tasks are attached in the suppl.

cies between input and GT images. We select two types of
methods that are robust to color-inconsistent supervision and
misaligned supervision, respectively. Among them, guided
filter (He, Sun, and Tang 2012) is adopted for aligning the
color between the output and GT (Wei et al. 2020; Wang
et al. 2023). The optical flow (Sun et al. 2018) is used in
some works (Zhang et al. 2021b; Li et al. 2023) for aligning
the content spatially. And the misalignment-tolerate ¢; (Xia
et al. 2023) loss is also present to tackle the misalignment.

During experiments, we train the de-weathering model
with the single or combined methods by following their
ways. The results are shown in Table 2. From the table, al-
though these methods can also improve performance com-
pared to the baseline, our method achieves better perfor-
mance than them. Furthermore, even combining two com-
plementary techniques (e.g., Guided Filter + Optical Flow),
our method still performs better than them.
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F CLC De-Weathering
rame Number
PSNRt SSIMt PSNR{T SSIMt
1 22.01 0.7871 22.19 0.7971
3 22.84  0.8199 2234  0.7972
5 2330 0.8282 2240 0.7977
7 23.20  0.8277 2239  0.7976

Table 3: Effect of feeding the different number of frames into
the CLC model. The results of the CLC and corresponding
de-weathering models are both reported.

Pseudo-Label Original Label PSNR{ SSIM?T
X v 22.01 0.7871
v X 22.18  0.7903
v v 2240 0.7977

Table 4: Quantitative results of de-weathering model trained
with different supervisions.

Effect of Number of Frames in CLC

Here we investigate the effect of feeding different number
of frames into CLC. Table 3 evaluates the performance of
both CLC and its enhanced de-weathering model. It can be
observed that their performance generally increases as the
number of frames increases. When the number of frames
is larger than 5, the performance tends to be saturated. See
suppl. for visual examples.

Effect of Supervision Setting

Here we conduct an ablation experiment to investigate
the impact of different supervisions when training the de-
weathering model. As illustrated in Table 4, benefiting from
CLC’s meticulous design, taking pseudo-labels for supervis-
ing the de-weathering model is more effective than taking
the original labels for that. Nevertheless, combining the two
labels can achieve better performance gain. This result also
indicates the complementary nature of the two supervisions,
and shows the effectiveness of our proposed IAS.

Conclusion

In this work, we propose a unified method to mitigate ad-
verse effects of inconsistencies in real-world de-weathering
pairs. Firstly, we develop a CLC that generates a pseudo-
label consistent with the input degraded image while elimi-
nating most of weather-related degradation. To further en-
hance the pseudo-label, we incorporate multiple adjacent
frames of the input into the CLC. Then we propose an IAS
to combine the original imperfect labels and pseudo-labels,
thereby providing comprehensive and complementary su-
pervision for the de-weathering networks. Experimental re-
sults on two real-world de-weathering datasets demonstrate
that our method significantly improves the performance of
existing de-weathering models.
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