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Abstract

Semantic segmentation under adverse conditions is criti-
cal for reliable visual perception in challenging weather
environments. These extreme scenarios introduce distor-
tions, such as low contrast and reduced visibility, making
traditional segmentation models struggle. The scarcity of
labeled data in such conditions makes it difficult to train
models directly for these environments. Unsupervised do-
main adaptation (UDA) has been proposed as a solution to
transfer knowledge from labeled source domains (normal
weather) to unlabeled target domains (adverse weather).
However, existing methods face significant challenges, par-
ticularly due to weather unawareness and feature hetero-
geneity. Many models fail to account for the unique char-
acteristics of different weather conditions, and the signif-
icant feature discrepancies between normal and adverse
weather images hinder effective adaptation. In this paper,
we propose a novel weather-aware aggregation and adap-
tation network that leverages characteristic knowledge to
achieve weather homogenization and enhance scene per-
ception. Specifically, we introduce amplitude prompt aggre-
gation to capture essential characteristics from the Fourier
frequency domain that are indicative of different weather
conditions. Additionally, we employ weather heterogene-
ity adaptation to mitigate the inter-domain heterogeneity,
thereby achieving feature homogenization across diverse
environments. Extensive experimental results on multi-
ple challenging benchmarks demonstrate that our method
achieves consistent improvements for semantic segmenta-
tion under adverse conditions.

1. Introduction
Semantic segmentation involves assigning a class label to
each pixel in an image [30, 35, 36, 38, 47], which plays a
crucial role in various real-world applications such as au-

*Corresponding author.

Teacher-
Student
Network

Fe
at

ur
e 

E
xt

ra
ct

io
n

Source 
Domain

Target 
Domain

snow

rain

normal

H
et

er
og

en
ei

ty
 

A
da

pt
at

io
n

snow

rain

normal

(a) Traditional Cross-weather Paradigm

(b) Weather-aware Aggregation and Adaptation (ours)

Characteristic
Aggregation Weather-aware 

Prompts

Vision
Embedding

Weather-unawareness

Weather
homogenization

Severe 
heterogeneity

Teacher-
Student
Network

Figure 1. Comparison of the traditional cross-weather paradigm
and our weather-aware aggregation and adaptation. To mitigate the
existing issues (unawareness of weather characteristics and severe
cross-weather heterogeneity), we aim to aggregate weather-aware
attribute knowledge and homogenize domain discrepancies.

tonomous driving [34, 37, 59] and surveillance [13, 32, 60].
However, the performance of segmentation models often
degrades significantly when faced with adverse weather
conditions [22, 45], including night, fog, rain, and snow.
The deterioration in visibility and scene appearance poses
a substantial challenge for traditional segmentation algo-
rithms, which are typically trained on datasets collected un-
der normal weather conditions. Therefore, exploring an
effective way for semantic parsing under extreme weather
conditions is highly anticipated.

Extensive research efforts have been devoted to seman-
tic segmentation in adverse weather conditions [7, 26, 41–
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43, 51]. Due to the scarcity of labeled data in such ad-
verse conditions, existing methods strive to employ an
unsupervised domain adaptation (UDA) paradigm utiliz-
ing both labeled normal weather data and images without
annotations under extreme scenarios to address the chal-
lenge [16, 44, 50, 53, 54]. Kerim et al. [20] propose a
dual-branch network based on DeepLabV3+ [1], enhanc-
ing training knowledge for extreme weather conditions by
incorporating a synthetic multi-scene dataset. However,
discerning similar-looking categories in the target domain
with limited real annotations remains a challenge for do-
main adaptation methods. To address this, MIC [18] in-
troduces the masked image consistency, leveraging spatial
context relations in the target domain as additional cues to
enhance the robustness of UDA. The emergence of these
methods has benefited the understanding of scenes in ex-
treme weather conditions.

Despite considerable progress, the task of distinguish-
ing and analyzing scenes under different extreme weather
conditions remains challenging. Whether through the as-
sistance of synthetic data or exploration of spatial context
clues, existing methods struggle with accurately identifying
weather-aware semantics in multiple extreme scenarios. We
attribute the predicament of this cross-weather paradigm
to two inherent issues (Figure 1): (1) Unawareness of
Weather Characteristics. The style characteristics under
adverse weathers, such as illumination conditions and con-
trast, are primary culprits responsible for the inter-weather
gap among diverse scenes. Although recognizing this cru-
cial aspect, existing works [10, 58] generally employ low-
level enhancements or implicit learning for inter-domain
style transfer, failing to fully exploit weather attribute rep-
resentation. Therefore, designing a strategy to aggregate
weather-aware scene knowledge across diverse conditions
is worthy of exploration. (2) Severe Cross-Weather Het-
erogeneity. Early works [16, 18] tend to scene images
from different weather conditions uniformly, ignoring the
substantial differences across different weather types. The
significant heterogeneity across weather conditions presents
another challenge, stemming from the diverse and complex
nature of weather phenomena that introduce distinct visual
distortions and scene alterations. Even though some meth-
ods [2, 11] attempt to address this challenge, the significant
differences in characteristics across different weather con-
ditions still pose considerable difficulties. These variations
lead to a significant disparity between features learned from
the normal weather and those required for effective inter-
pretation in adverse scenes. Addressing how to leverage
characteristic knowledge to achieve weather homogeniza-
tion to facilitate scene perception in adverse scenes is an
essential question.

Motivated by the above discussions, we propose a
Weather-aware Aggregation and Adaptation NETwork

(WA2Net) to aggregate weather-aware attribute knowledge
and homogenize domain discrepancies, including ampli-
tude prompt aggregation and weather heterogeneity adap-
tation. In the amplitude prompt aggregation, to acquire
weather-aware characteristic knowledge, we utilize the am-
plitude operation of Fourier transform to capture essential
characteristics indicative of different weather conditions.
These amplitude features serve as discriminative cues for
weather-related variations in the scene. To efficiently ag-
gregate the crucial characteristic knowledge from the fre-
quency domain into weather-adaptive prompts, we prepend
a set of learnable prompts in the prompt bank to interact
with frequency features by cross-attention mechanism to
obtain weather-aware prompts. These prompts encapsu-
late the intrinsic characteristics of various weather condi-
tions, providing essential guidance for the adaptation pro-
cess. In the weather heterogeneity adaptation, to realize
inter-weather homogenization for effective semantic pars-
ing, the resultant weather-aware prompts are leveraged to
generate adapted characteristics after modulation. Then, we
propose a novel homogenization attention mechanism to ac-
quire homogenized features across diverse weather condi-
tions. This mechanism identifies the discrepancy between
features of the original image and adapted characteristics,
decoupling weather characteristics from valuable target in-
formation and thereby filtering out attribute interference.
In this way, our WA2Net achieves effective weather-aware
knowledge aggregation and robust adaptation, ensuring im-
proved performance for semantic segmentation in adverse
weather conditions.

To sum up, our contributions can be summarized as fol-
lows:
• We propose a novel weather-aware aggregation and adap-

tation network for semantic segmentation under adverse
conditions. Our paper exploits a practical way to acquire
weather-adaptive knowledge and enhance cross-weather
perception via an aggregation and adaptation manner.

• We design the amplitude prompt aggregation to ac-
quire weather-aware prompts from weather characteris-
tics through amplitude extraction, and the weather hetero-
geneity adaptation to inherit weather-aware knowledge
and mitigate the inter-weather heterogeneity.

• Extensive experiment results on multiple challenging
benchmarks demonstrate that our method achieves con-
sistent improvements for semantic segmentation under
adverse conditions.

2. Related Work

2.1. Semantic Segmentation under Adverse Condi-
tions

The field of semantic segmentation [3, 4, 23, 27, 28, 39, 48]
has made significant advancements with the emergence
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of convolutional neural networks (CNNs) [21] and trans-
formers [52]. However, traditional semantic segmentation
models experience a notable performance drop under ad-
verse conditions such as rain, fog and night-time environ-
ments [45, 46, 61]. Therefore, semantic segmentation un-
der adverse conditions aims to develop robust models ca-
pable of accurately delineating objects and regions in chal-
lenging environments. Upon the scarcity of labeled data
in extreme weathers, the unsupervised domain adaptation
paradigm is utilized to enhance the generalization of mod-
els across different weather conditions with the aid of nor-
mal weather data [24, 54]. Kerim et al. [20] propose a
dual-branch network and expand the training dataset for ex-
treme weather conditions by integrating a synthetic multi-
scene dataset. Nevertheless, domain adaptation methods
encounter challenges due to the difficulty in distinguishing
similar-looking categories in the target domain with limited
real annotations. To tackle this issue, MIC [18] introduces
Masked Image Consistency, utilizing spatial context rela-
tions in the target domain as additional cues to enhance vi-
sion perception. Additionally, to mitigate knowledge for-
getting in new scenes, Yang et al. [57] introduce adap-
tive knowledge acquisition and replay of weather-condition
combinations, aiming to alleviate model-forgetting issues in
diverse scenes. Differently, we strive to tackle the challenge
of weather-unaware perception, leveraging weather-aware
prompts in an aggregation and adaptation manner.

2.2. Prompt Learning
Prompting [29] incorporates task-specific instructions into
input text to guide model behavior, enhancing performance
without retraining, particularly in few-shot learning [9]. Re-
cent work extends prompting to vision tasks, where learn-
able prompts enable adaptation without tuning all param-
eters [25] and improve segmentation generalization [14].
For semantic segmentation under adverse weather, weather-
adaptive prompts modulate visual embeddings to mitigate
distortions like lighting and visibility changes, enhanc-
ing robustness without extensive fine-tuning. Integrating
weather-specific knowledge into prompts improves general-
ization across diverse conditions, making models more ef-
fective in real-world applications.

3. Method

3.1. Preliminaries
Typically, in the field of unsupervised domain adapta-
tion [16, 18], the source domain data can be formulated as
Ds = {Xs, Y s}, where Xs and Y s represent the corre-
sponding image and label space, respectively. Each source
domain image xs

k ∈ Xs is associated with a ground truth
segmentation mask ysk ∈ Y s. Similarly, let Xt be the target
domain image space, and Y t be the label space. However,

unlike the source domain, the target domain has no access
to annotated segmentation masks. The supervised loss Ls

can be formulated with a neural network fµ as:

Ls =
1

Ns

Ns∑
k=1

Lce (fµ (x
s
k) , y

s
k) , (1)

where Ns denotes the image number of the source domain,
Lce denotes the pixel-wise cross-entropy loss as:

Lce(ŷ, y) = −
H∑

h=1

W∑
w=1

C∑
c=1

yhwc log ŷhwc . (2)

The model trained on the source domain Ds normally
exhibits performance degradation when tested on the target
domain Dt. Therefore, the self-training paradigm gener-
ates pseudo-labels for the target domain images Xt with
a teacher network gϕ instead of the student network fµ.
Specifically, the model predicts segmentation masks for un-
labeled target domain images, producing pseudo-labels ŷtk
for each image xt

k in the target domain. The unsupervised
loss Lt for the target domain is formulated as:

Lt =
1

Nt

Nt∑
k=1

λtLce

(
fµ
(
xt
k

)
, ŷtk
)
, (3)

where Nt denotes the image number of the target domain,
λt is a weight coefficient for the unsupervised loss. The stu-
dent network updates the parameters of the teacher network
through backpropagation, utilizing the teacher network’s
output as targets to minimize prediction errors, while also
employing Exponential Moving Average (EMA) update to
stabilize the training process and improve convergence.

3.2. Overview
As shown in Figure 2, given an input image xs from the
source domain and xt from the target domain under adverse
conditions, we denote the image under different weather
condition θ as xθ for clarity, where θ ∈ (0, ..., Θ), Θ de-
notes the total number of adverse weather conditions (x0

refers to the source domain image under the normal weather
condition). The Fourier amplitude features fθ

a are decou-
pled from the frequency domain. Then, a set of prompts,
i.e., prompt bank P, is learned during the prompt aggre-
gation process. The acquired weather-aware prompts P̂
further interact with amplitude features fθ

a to evolve into
adapted characteristic f̂θ

a . Then, to achieve homogenization
for features from diverse weather conditions, we further em-
ploy homogenization attention to mitigate the influence of
weather heterogeneity. Finally, the modulated features fθ

h

are fed into the teacher-student network for comprehensive
training.
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Figure 2. Illustration of our proposed WA2Net. Our network contains the amplitude prompt aggregation to acquire weather-aware prompts
(Section 3.3) and weather heterogeneity adaptation to realize feature homogenization (Section 3.4).

3.3. Amplitude Prompt Aggregation
In order to disentangle the latent weather characteristics and
target information fused in the RGB images, we first model
the representation of weather characteristics by exploring
the Fourier frequency domain. Then, we collect the weather
characteristic properties in Fourier amplitude features and
acquire weather-aware prompts during the prompt aggrega-
tion process.
Amplitude Characteristic Extraction. In the frequency
domain, it is known that the amplitude component of
Fourier spectrum preserves low-level statistics informa-
tion [33, 58], which reflects the energy distribution of the
frequency components of the image and can be understood
as a representation of the “characteristics” or “style” of the
image. Therefore, we can utilize the amplitude of Fourier
spectrum to extract weather characteristic knowledge in di-
verse scenes. Specifically, in the amplitude extractor, given
an image xθ ∈ RH×W×3, we apply a two-dimensional
Fourier transform F(x) as:

F(xθ)u,v =
H−1∑
h=0

W−1∑
w=0

xθ
h,we

−J2π(uh
H + vw

W ), (4)

where J refers to the imaginary unit. Then we can acquire
the corresponding amplitude A and phase Φ as:

A(xθ)u,v =
∣∣F(xθ)u,v

∣∣ , (5)

Φ(xθ)u,v = arg(F(xθ)u,v) = arctan

[
Im(F(xθ)u,v)

Re(F(xθ)u,v)

]
,

(6)
where arg represents the argument (or phase angle) of the
complex number, Im and Re represent the imaginary and
real part of F(x), respectively. In this way, to finally gener-
ate our amplitude characteristic map, we fix the phase to an
average constant cp and apply inverse Fourier transform to
acquire the amplitude characteristic map as

A(xθ) = F−1[A(xθ)u,ve
−Jcp ], (7)

where F−1 denotes the inverse Fourier transformation.
Then, we can obtain the amplitude characteristics Fa =
{fθ

a}Θθ=0 through a shared-weight lightweight encoder (e.g.,
ResNet-18 [15]), preparing for the following aggregation of
weather-aware prompts.
Weather-aware Prompt Aggregation. To effectively ag-
gregate characteristic information across different weather
conditions, we aim to develop a medium capable of absorb-
ing cross-weather knowledge. Inspired by [19], we intro-
duce a set of prompts, i.e., prompt bank P = {pn}Nn=1,
where pn ∈ R1×L and N denotes the number of proto-
types. These learnable prompts will be leveraged to ex-
tract characteristic knowledge by interaction with ampli-
tude features fθ

a , which highly represents the style condi-
tion of the current scene. In specific, for the acquired am-
plitude characteristic fθ

a , the queries arise from the prompts
P, and keys and values arise from the amplitude feature
Fa = {f0

a , ..., f
θ
a , ..., f

Θ
a }. Formally,

Qn = pnW
Q,Kθ = fθ

aW
K ,Vθ = fθ

aW
V , (8)

where n ∈ [1, . . . , N ] , and WQ ∈ RC×Ck , WK ∈
RC×Ck , WV ∈ RC×Cv are linear projections. The atten-
tion weights are calculated based on the dot-product simi-
larity between each query and key:

sn,θ =
exp (βn,θ)∑Θ
θ=0 exp (βn,θ)

, βn,θ =
QnK

θ⊤

√
Ck

, (9)

p̂n = FFN(Att (Qn,K,V)) = FFN

(
Θ∑

θ=0

sn,θV
θ

)
,

(10)
where FFN() denotes the feed forward network. In this
way, weather-aware prompts P̂ = {p̂n}Nn=1 can distill rich
characteristic knowledge from the amplitude features Fa.

Besides, in order to enable prompts to carry diverse and
comprehensive knowledge of various weather conditions,
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we apply the diversity loss on the prompt bank P. Formally,

Ldiv =
1

N(N − 1)

N∑
i=1

N∑
j=1,i̸=j

( 〈
pi,pj

〉
∥pi∥2

∥∥pj

∥∥
2

)
. (11)

Applying diversity loss to different prompts offers the ad-
vantage of encouraging each prompt pn to focus on dis-
tinct attributes of weather conditions, thereby preventing re-
dundancy in aggregation learning. Diversity loss enhances
weather-specific prompts by encouraging each to capture
unique traits. Integrating the prompt bank and diversity
loss within domain adaptation allows the model to adapt to
varied weathers. Splitting this into two tasks is limited by
the lack of direct supervision on weather-adaptive prompts;
only foreground masks from the source domain are avail-
able. Diversity loss thus broadens the prompt bank’s cover-
age of style features for better domain adaptation.

3.4. Weather Heterogeneity Adaptation
In adverse weather conditions, weather-induced distortions
such as glare, fog, and raindrops introduce complexities
that can degrade the performance of vision perception.
To address the weather heterogeneity challenges posed
by varying weather conditions, we introduce the weather
heterogeneity adaptation, which utilizes acquired weather-
adaptive prompts P̂ as references to modulate the weather
characteristic in the current scene and homogenizes weather
features via homogenization attention.
Prompt-guided Modulation. In fact, the introduction of
the prompt bank can be deemed as a guidepost in artifi-
cially solving incidents, i.e., guiding information, which ab-
sorbs weather-aware knowledge across various scenes and
can transfer reliable weather-aware properties into modu-
lated characteristic features. For the acquired weather am-
plitude feature fθ

a , the modulated characteristic can be for-
mulated as:

f̂θ
a = Softmax(

fθ
a P̂

⊤
√
C

)P̂. (12)

In this way, the modulated characteristic f̂θ
a inherits rich

cross-weather knowledge from the weather-aware prompts
P̂, thereby evolving into an adapted representation poised
for subsequent homogenization.
Homogenization Attention Mechanism. With the ac-
quired representation of modulated characteristic f̂θ

a , we
first extract the vision features of image xθ from the RGB
domain through feature encoding as fθ

v . To homogenize vi-
sion features from diverse weather conditions, we aim to
find an appropriate way to mitigate the influence of f̂θ

a on
fθ
v . Inspired by the success of Transformer [52] architecture

in discovering local regions, we further explore the poten-
tial of attention mechanism in characteristic homogeniza-
tion for different weather conditions.

Given an image feature fθ
v ∈ Rh×w×c extracted from

the vision feature extractor (e.g., MiT-B5 [56]), we use the
extracted f̂θ

a to remove the weather characteristics through
a novel homogenization attention mechanism. First, we
employ two convolution layers to map fθ

v and f̂θ
a to the

same dimension C, then we can obtain f
θ

v ∈ Rh×w×C and
f
θ

a ∈ Rh×w×C , respectively. The disparity between image
features and weather characteristics signifies the saliency
details of the target objects, thereby aiding in accentuat-
ing the relevant information about the targets. Rather than
vanilla transformer attention mechanism [52], we custom
design the homogenization attention to reduce heterogene-
ity in a finer manner, prompting the vision system to high-
light salient regions across diverse scenes. Specifically, we
acquire the homogenized map H ∈ Rh×w from pixel-level
features and weather characteristic as:

Hθ
i,j =

C∑
c=1

(f
θ

vi,j,c − f
θ

ai,j,c)
2, (13)

where i, j, and c are the index of height, width, and channel,
respectively. Finally, we can get the homogenized pixel fea-
tures Fa by weighting the homogenized map H to original
image features in a pixel-wise manner as:

fθh = fθ ◦ Hθ, (14)

where ◦ denotes the element-wise product. Besides, we use
a self-attention layer for further aggregating target informa-
tion across different pixels. The obtained visual features are
fed into the conventional teacher-student network, wherein
the images from the source domain are input to the student
network for supervised constraints, while the images from
the target domain are separately input to both the student
and teacher networks to generate predictions and pseudo-
labels for unsupervised constraints.

3.5. Training Supervision
As illustrated in Section 3.1, the acquired adapted vision
features from the source and target are input to the teacher-
student network to acquire the supervised loss Ls and un-
supervised loss Lt. Together with the diversity loss Ldiv

in the prompt bank, we can finally obtain the segmentation
map as follows:

Ltotal = Ls + Lt + λdivLdiv, (15)

where λdiv is the trade-off weight.

4. Experiment
4.1. Experiment Setup
Datasets. In our experiments, following the conven-
tional practice [16, 18, 20], we utilize 4 datasets includ-
ing CityScapes [6], ACDC [45], NightCity [49] and Dark-
Zurich [44]. For the source domain, we use the training
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Table 1. Quantitative comparisons of semantic segmentation performance under adverse conditions on CityScapes [6]→ACDC [45], where
the best performance is marked as bold and the second best is underlined. † denotes the performance of our reproduction.
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ADVENT [53] 72.9 14.3 40.5 16.6 21.2 9.3 17.4 21.2 63.8 23.8 18.3 32.6 19.5 69.5 36.2 34.5 46.2 26.9 36.1 32.7
MGCDA† [44] 73.4 28.7 69.9 19.3 26.3 36.8 53.0 53.3 75.4 32.0 84.6 51.0 26.1 77.6 43.2 45.9 53.9 32.7 41.5 48.7
DANNet† [54] 84.3 54.2 77.6 38.0 30.0 18.9 41.6 35.2 71.3 39.4 86.6 48.7 29.2 76.2 41.6 43.0 58.6 32.6 43.9 50.0
DAFormer [16] 58.4 51.3 84.0 42.7 35.1 50.7 30.0 57.0 74.8 52.8 51.3 58.3 32.6 82.7 58.3 54.9 82.4 44.1 50.7 55.4
SSAC† [20] 76.5 59.8 82.7 52.6 34.5 51.2 58.1 61.2 63.9 58.1 67.2 61.5 40.0 81.8 59.2 61.7 83.4 47.5 55.6 59.6
HRDA [17] 88.3 57.9 88.1 55.2 36.7 56.3 62.9 65.3 74.2 57.7 85.9 68.8 45.7 88.5 76.4 82.4 87.7 52.7 60.4 68.0
MIC [18] 90.8 67.1 89.2 54.5 40.5 57.2 62.0 68.4 76.3 61.8 87.0 71.3 49.4 89.7 75.7 86.8 89.1 56.9 63.0 70.4
HALO [8] 94.2 79.8 88.2 60.2 51.1 64.1 78.2 65.6 87.9 55.7 95.5 66.3 20.7 88.9 82.2 89.3 87.9 50.4 59.0 71.9
CoDA [12] 93.1 72.7 90.7 57.3 47.4 56.8 69.9 70.0 87.3 59.8 95.4 71.4 47.6 90.3 77.1 83.8 89.1 54.7 64.1 72.6
WA2Net (ours) 94.5 77.1 91.6 61.9 47.6 57.5 68.5 70.4 79.2 64.0 95.6 72.8 50.2 90.5 75.5 88.7 90.9 57.5 62.6 73.8

Table 2. Quantitative comparisons of performance on CityScapes [6]→NightCity [49]. Considering the NightCity [49] dataset is newly
introduced, we reproduce the results of state-of-the-art methods for better comparison.
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DANNet [54] 57.5 36.4 52.3 42.5 39.5 33.2 27.8 46.1 48.9 18.4 67.0 49.5 28.3 57.2 44.0 50.4 43.2 29.1 37.4 44.0
DAFormer [16] 64.2 41.0 59.6 47.0 43.2 35.7 31.9 52.0 50.3 20.3 73.1 51.8 29.7 62.0 49.8 58.9 45.3 31.2 39.8 46.8
SSAC [20] 84.5 46.7 75.5 53.1 49.6 38.3 31.0 48.8 56.8 20.2 81.5 52.6 30.2 75.8 53.5 61.1 46.8 30.2 37.5 48.4
HRDA [17] 83.5 50.5 78.6 51.9 48.3 40.5 35.4 57.8 58.2 19.9 81.8 56.3 29.7 80.5 65.8 80.7 50.4 31.0 40.8 52.2
MIC [18] 84.9 51.6 78.4 53.8 48.6 41.8 38.8 60.5 57.1 22.0 83.4 60.2 31.9 81.4 64.8 70.8 52.2 37.8 43.8 53.8
HALO [8] 85.7 52.1 77.9 52.9 47.2 39.3 37.5 63.2 55.6 21.5 82.1 61.4 30.7 80.5 63.9 72.3 53.4 39.1 44.7 54.2
CoDA [12] 86.1 50.9 79.1 51.7 49.3 40.1 36.9 65.4 58.3 23.2 82.7 62.8 33.1 80.2 62.5 74.6 54.9 38.3 45.6 54.9
WA2Net (ours) 87.4 54.2 79.3 54.3 49.9 40.6 42.2 67.8 59.4 22.8 83.9 68.2 34.3 83.5 65.1 76.1 56.8 46.4 48.2 56.5

split of CityScapes; for the target domain, we use either the
test of ACDC/DarkZurich or the validation set of NightC-
ity. (1) CityScapes’ training set contains 2,975 images of
19 classes with resolution of 2048× 1024. (2) ACDC con-
tains weather conditions including fog, nighttime, rain, and
snow. The test set contains 2,000 images of 1920 × 1080
resolution. (3) NightCity includes 4,297 real night-time im-
ages, divided into 2,998 train images and 1,299 val images.
(4) DarkZurich contains 2,416 training and 151 test images
for nighttime.

Implementation Details. We adopt Pytorch [40] and
Detectron2 [55] to implement the proposed method. 4
NVIDIA GeForce RTX 3090 GPUs are used for training.
The extractor of amplitude characteristic is ResNet-18 [15].
During the training stage, our model is trained with a batch
size of 4, using the Adam optimizer [31] with an initial
learning rate of 0.0001. The input images are rescaled and
randomly cropped to 512 × 512 following the same data
augmentation in DAFormer [16], and the EMA coefficient
for updating the teacher net is set to be 0.999. We set the
prompt number as N = 16, and the coefficient of the diver-
sity loss as λdiv = 0.2.

Evaluation Metric. For a fair comparison, we adopt the

metric of mean intersection over union (mIOU). It measures
the similarity between the prediction and the ground truth
by computing the ratio of the intersection area to the union
area of the two masks for each object class.

4.2. Comparison with State-of-the-Art Methods
Our method demonstrates superior performance for seman-
tic segmentation under adverse conditions, outperforming
state-of-the-art methodsin Table 1, 2& 3. As can be ob-
served, our method achieves significant improvements in
challenging classes such as road, traffic light and person.
Besides, as shown in Figure 3, our method shows promis-
ing segmentation performance in diverse weather scenes.
In specific, our method performs great in most scenarios,
while MIC [18] may generate confusing activation due to
the inability to explicitly perceive weather conditions, our
WA2Net can adaptively focus on accurate foreground tar-
gets owing to weather-aware aggregation and adaptation.

4.3. Ablation Study
Effectiveness of the Amplitude Prompt Aggregation.
The amplitude prompt aggregation consists of two pro-
cesses: amplitude characteristic extraction and weather-
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Table 3. Quantitative comparisons of performance on CityScapes [6]→DarkZurich [44], where the best performance is marked as bold
and the second is underlined. † denotes the performance of our reproduction of the corresponding model.
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Figure 3. Qualitative results of our WA2Net and MIC [18] under adverse conditions on ACDC [45], NightCity [49] and DarkZurich [44].

Table 4. Ablation on main components of our network.

Amplitude Prompt Aggregation Weather Heterogeneity Adaptation
ACDC NightCity

Charac. Extraction Prompt Agg. Prompt Modu. Homo. Attention

68.6 52.4

! ! 70.7 53.7

! ! ! 71.2 54.9

! ! ! ! 73.8 56.5

aware prompt aggregation. To evaluate the effectiveness
of the amplitude prompt aggregation, we conduct ablation
studies as shown in Table 4. As shown in the 3rd row in
Table 4, not using prompt aggregation alone means that the
prompt bank does not undergo knowledge learning of am-
plitude characteristics but instead self-initialized and only
updated during network training. Without aggregating am-
plitude characteristic information, prompts cannot perceive
weather-aware knowledge, failing to effectively modulate
features in the prompt-guided modulation with a significant
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Figure 4. Qualitative results on the daytime → nighttime setting.

performance decline.

Effectiveness of the Weather Heterogeneity Adaptation.
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Figure 5. Ablation experiments on super-parameters: λdiv and N .

Table 5. Performance w/ and w/o the diversity loss Ldiv .

Diversity Loss ACDC [45] NightCity [49]w/o Ldiv w/ Ldiv

! 72.4 56.0
! 73.8 56.5

The weather heterogeneity adaptation includes the prompt-
guided modulation and homogenization attention. We as-
sess the impact of the weather heterogeneity adaptation by
disabling this process and observing the changes in segmen-
tation accuracy. Simultaneously discarding both prompt ag-
gregation and modulation, as shown in the 2nd row of Ta-
ble 4 (i.e., abandoning the generation and use of prompts),
means that the extracted amplitude features are directly fed
into the homogenization attention mechanism. This ap-
proach results in fθ

a being unable to perceive multi-weather
scene characteristics, adversely affecting the model’s gen-
eralization in extreme scenarios.
Analysis of the Homogenization Attention. We also an-
alyze the effectiveness of our designed homogenization
attention with comparisons against other attention mech-
anisms as shown in Table 6. The homogenization at-
tention mechanism is designed to address the significant
variability in weather conditions by dynamically aligning
features from different weather domains. Unlike cross-
attention, which focuses on explicit interactions between
tokens across feature spaces, and masked attention, which
selectively attends to spatial regions, our homogenization
attention incorporates a domain adaptation strategy that di-
rectly mitigates the feature discrepancies caused by adverse
weather conditions. As can be observed, the heterogene-
ity adaptation mechanism proved to be essential to dynam-
ically adapt to varying weather patterns, thereby improving
overall performance and reliability. Besides, Figure 6 dis-
plays activation maps of different classes with and without
weather-aware aggregation and adaptation, illustrating the
impact of our design on class-specific segmentation quality.
Analysis of Hyperparameters. We conducted a compre-
hensive analysis of hyperparameters to understand their in-
fluence on the model’s performance. The impact of the
choice of diversity loss λdiv and the prompt number N is
shown in Figure 5. Too few prompts hinder the ability to
capture rich scene information, while too many may capture
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Figure 6. Comparison of activation maps for different classes with
(w/) and without(w/o) weather-aware aggregation and adaptation.

Table 6. Comparison of different attention mechanisms with our
homogenization attention.

Attention Mechanism ACDC [45] NightCity [49]
cross-attention [52] 70.9 54.1
masked attention [5] 71.8 55.0
Homogenization Attention (ours) 73.8 56.5

irrelevant noise information. It is worth noting that the im-
provement brought by the diversity loss in Table 5 is more
significant when ACDC [45] is the target domain. This is
due to ACDC containing more weather diversities (night,
rain, snow and fog) compared to the night-only NightC-
ity [49], prompts on ACDC can aggregate more diverse
knowledge with Ldiv . Therefore, the diversity in prompt
combinations contributes to diverse scene analysis under
multiple weather conditions.

5. Conclusion

In this paper, we propose a weather-aware aggregation and
adaptation network (WA2Net) for semantic segmentation
under adverse conditions. We design the amplitude prompt
aggregation to acquire weather-aware characteristic knowl-
edge and weather heterogeneity adaptation to realize inter-
weather homogenization for effective parsing. Extensive
experiments demonstrate our effectiveness.
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