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Abstract— Robust segmentation performance under dense fog
is crucial for autonomous driving, but collecting labeled real
foggy scene datasets is burdensome in the real world. To this
end, existing methods have adapted models trained on labeled
clear weather images to the unlabeled real foggy domain.
However, these approaches require intermediate domain datasets
(e.g. synthetic fog) and involve multi-stage training, making
them cumbersome and less practical for real-world applications.
In addition, the issue of overconfident pseudo-labels by a confi-
dence score remains less explored in self-training for foggy scene
adaptation. To resolve these issues, we propose a new framework,
named DAEN, which Directly Adapts without additional datasets
or multi-stage training and leverages an ENergy score in self-
training. Notably, we integrate a High-order Style Matching
(HSM) module into the network to match high-order statistics
between clear weather features and real foggy features. HSM
enables the network to implicitly learn complex fog distri-
butions without relying on intermediate domain datasets or
multi-stage training. Furthermore, we introduce Energy Score-
based Pseudo-Labeling (ESPL) to mitigate the overconfidence
issue of the confidence score in self-training. ESPL generates
more reliable pseudo-labels through a pixel-wise energy score,
thereby alleviating bias and preventing the model from assigning
pseudo-labels exclusively to head classes. Extensive experiments
demonstrate that DAEN achieves state-of-the-art performance
on three real foggy scene datasets and exhibits a generalization
ability to other adverse weather conditions. Code is available at
https://github.com/jdg900/daen

Index Terms— Unsupervised domain adaptation, foggy scene
segmentation, energy score, features statistics matching.

I. INTRODUCTION

SEMANTIC segmentation is a fundamental task in com-
puter vision, with utmost importance in real-world

scenarios such as autonomous driving and robotics. While
semantic segmentation demonstrates commendable perfor-
mance in normal weather conditions, it encounters significant
performance degradation under poor visibility conditions such
as dense fog. The straightforward way is to establish the
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Fig. 1. Existing methods require additional intermediate domain datasets or
multi-stage training. However, our method directly adapts the network without
the intermediate domain datasets or multi-stage training.

labeled dataset for foggy scene segmentation. However, col-
lecting a huge set of images and pixel-wise annotations for
foggy scenes is extremely challenging and burdensome.

To mitigate the difficulty of collecting foggy images and a
scarcity of ground-truth labels, several unsupervised domain
adaptation methods [1], [2], [3], [4] have been studied to
adapt a model trained on labeled clear weather domain to
an unlabeled real foggy domain. However, some of these
methods [1], [2], [3] require an additional intermediate domain
dataset (e.g. synthetic fog) or multi-stage training to alleviate
the substantial domain discrepancy between the clear weather
and the real foggy domains, which is cumbersome in real-
world scenarios. To address the above limitation, self-training,
which has shown promising performance in conventional unsu-
pervised domain adaptation, can be an alternative for direct
adaptation to foggy scenes. The self-training approaches [5],
[6], [7] use a model trained on the source domain to predict
pseudo-labels for the target domain. This process leverages
a supervised signal with the predicted pseudo-labels to guide
the model in acquiring knowledge from the target domain.
However, a notable challenge in self-training lies in the poten-
tial accumulation of errors stemming from noisy predictions.
To prevent error accumulation caused by noisy predictions,
confidence score-based pseudo-labeling assigns pseudo-labels
only to high-confident pixels by filtering out unreliable pixels.
In self-training for foggy scene adaptation, existing works [3],
[4] utilize pseudo-labels produced by confidence score thresh-
olding. They propose pseudo label diffusion [3] and candidate
label set [4] in an attempt to obtain high-quality pseudo-
labels. Nevertheless, it is important to note that confidence
score-based pseudo-labeling tends to generate overly confident
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Fig. 2. X-axis: Confidence Score, Y-axis: Energy Score, Left: The
orange-shaded region shows the pixel-wise pseudo-labels assigned by the
confidence score. As observed, most pseudo-labels generated by the confi-
dence score are overconfident and include many incorrect labels. Right: The
blue-shaded region displays the pseudo-labels generated by the energy score.
As shown, energy score-based pseudo-labeling effectively filters out false
positives, providing more reliable pseudo-labels. These results are obtained
from a sampled image in Foggy Zurich-test (FZ) [8].

pseudo-labels for unlabeled target images. As shown in Fig. 2
left, the pseudo-labels generated by the confidence score are
overconfident and could include both correct and incorrect
labels. This poses a potential risk of conveying inaccurate
target domain knowledge to the model.

To address these issues, we propose a new framework
named DAEN, which Directly Adapts without an additional
intermediate domain dataset and multi-stage training, and
leverages ENergy score in self-training for foggy scene
segmentation. Our method eliminates the need for the inter-
mediate domain dataset and multi-stage training and mitigates
unreliable pseudo-labels caused by overconfidence in self-
training. Firstly, we propose High-order Style Matching
(HSM) to relieve the large domain gap without relying on
an extra intermediate domain dataset. By considering the
relationship between feature statistics and style, HSM aug-
ments clear weather features to emulate the real fog style
through high-order feature statistics matching. HSM leverages
high-order feature statistics to capture the real fog style that
is complex to model through low-order statistics, such as
mean and standard deviation, enabling the network to uti-
lize intermediate domain features during training implicitly.
Secondly, we propose Energy Score-based Pseudo-Labeling
(ESPL) to mitigate the issue of overconfident pseudo-labels
generated by confidence score. ESPL determines whether to
assign a pseudo-label to each pixel by utilizing pixel-wise
energy scores which assess whether a pixel belongs to the
inlier or outlier distribution. As illustrated in Fig. 2 right, ESPL
effectively filters out false positives, providing more reliable
pseudo-labels. This helps the model learn more accurate target
domain knowledge.

Extensive experiments show that the proposed DAEN out-
performs existing methods on various real foggy domain
datasets. Moreover, DAEN exhibits a generalization capability
to other adverse weather conditions. The main contributions
of this paper are summarized as follows:
• We propose High-order Style Matching (HSM) to obtain

intermediate domain features, which allows the network
to learn effectively complex real fog style without an
additional intermediate domain dataset and multi-stage
training.

• We propose Energy Score-based Pseudo-Labeling (ESPL)
to alleviate the overconfidence issue in self-training and
produce more reliable pseudo-labels.

• The proposed DAEN not only outperforms existing
domain adaptation methods for foggy scenes but also
achieves generalization capability on rainy and snow
scenes.

II. RELATED WORK

A. UDA for Semantic Segmentation

Unsupervised Domain Adaptation (UDA) aims to transfer
knowledge learned from a labeled source domain to an unla-
beled target domain. Early UDA methods align the source
and target distributions at the input- [9], [10], [11], feature-
[12], [13], [14], and output-level [6], [15] with adversarial
training. Recently, self-training methods [5], [6], [7] have
been proposed to overcome the training instability of adver-
sarial training. These methods obtain pseudo-labels for target
samples, either online [16], [17], [18] or offline [6], [7].
These pseudo-labels are utilized to allow the network to
learn target domain knowledge in a supervised manner, which
shows significant performance improvement in UDA. While
early works have mainly focused on synthetic-to-real domain
adaptation, recent research has drawn attention to clear-to-
adverse weather domain adaptation [1], [2], [3], [4], [19], [20],
[21], [22], [23], [24]. In this paper, we focus on adaptation
from the clear weather domain to real foggy domain.

B. Semantic Foggy Scene Understanding

The initial work for semantic foggy scene understanding
is SFSU [25]. SFSU synthesizes a simulated fog to clear
the Cityscapes dataset [26] and trains the network using a
labeled synthetic fog dataset. However, this method shows
limited performance in real fog conditions due to the domain
gap between synthetic fog and real fog. To address this
limitation, CMAda [27] performs model adaptation from light
synthetic fog to dense real fog in an easy-to-hard manner
through curriculum learning. FIFO [1] introduces a fog pass
filter to narrow the gap between images under different fog
conditions (synthetic fog and real fog), facilitating adaptation
under real foggy scenes. CuDA-Net [2] defines a dual domain
gap (style and fog), progressively reducing the cumulative dual
gap via a curriculum multi-stage training scheme. Recently,
influenced by the promising solution of self-training in domain
adaptation, some methods [3], [4] utilizing pseudo labels for
real foggy domain adaptation have also been proposed.

C. Style Representation

The task of transferring the style of one image to another
can be viewed as a distribution matching problem [28], [29],
[30], [31], [32] in the feature space. Gatys et al. [29] propose
to use the gram matrix as style representation and align the
gram matrix between the style and content images. AdaIN [30]
suggests that image style can be represented by first- and
second-order feature statistics, and performs style transfer by
re-normalizing the feature maps with channel-wise mean and
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standard deviation of style image. However, using low-order
feature statistics to represent style in real-world scenes would
lead to inappropriate feature matching due to the complexity
of the real-world distributions. Recently, several works [33],
[34] have explored high-order central moments or histogram
matching to achieve more accurate matching. In this paper,
we aim to use high-order feature statistics to represent the
style of clear weather and real foggy domains.

D. Energy-Based Models (EBM)

LeCun et al. [35] demonstrate the relationship between
discriminative machine learning models and energy-based
models. Based on the energy-based models, we can calculate
the energy score for input samples. These scores provide a
criterion for determining whether the samples belong to the
inlier or outlier. Inspired by this characteristic, there have
recently been attempts to apply EBM to deep learning [36],
[37], [38]. In the out-of-distribution (OOD) detection task,
Liu et al. [37] utilize the energy score to detect the OOD
samples. Tian et al. [39] adopt a pixel-wise energy score to
learn inlier pixel distributions and detect anomaly objects in
urban-scene semantic segmentation. Moreover, there have been
recent endeavors [40], [41], [42], [43] in leveraging EBM for
domain adaptation. In [40], they employ the energy score
as a regularization term, akin to entropy minimization, for
the self-training in Unsupervised Domain Adaptation (UDA).
Xie et al. [41] constrain the free energy score of the target
domain to be closer to that of the source domain by intro-
ducing a novel free energy alignment loss for active domain
adaptation. Li et al. [42] propose to extract more informative
active samples using the free energy score in source-free active
domain adaptation. In this work, we introduce the utilization
of EBM to generate pseudo-labels for self-training in UDA.
We calculate an energy score for each pixel using the logsum-
exp operator [36], [37], and use the pixel-wise energy score
to determine whether to assign pseudo-labels. To the best of
our knowledge, this work marks the first exploration of EBM
for unsupervised domain-adaptive semantic segmentation.

III. PROPOSED METHOD

In this section, we introduce two methods, High-order Style
Matching (HSM) and Energy Score-based Pseudo-Labeling
(ESPL), to directly adapt a network without any intermedi-
ate domain dataset and alleviate the overconfidence issue of
confidence-based pseudo-labeling. To provide a better under-
standing of our method, we first describe the background in
Sec. III-A, and then introduce the detail of HSM and ESPL
in Sec III-B and III-C. An overview of our framework is
illustrated in Fig. 3.

A. Background

1) Self-Training for UDA: Unsupervised Domain Adapta-
tion (UDA) aims to train a model that can generalize well
on the target domain. We represent labeled source domain
dataset Ds

= {(x s, ys)} and unlabeled target domain dataset
Dt
= {x t

}, where x s, x t
∈ RH×W×3 represent the images,

ys
∈ RH×W×C are the ground-truth labels, and C is the

number of categories. We denote the semantic segmentation
network as gθ . In UDA, the network gθ is trained using
pixel-wise cross-entropy loss on source domain dataset Ds

as follows:

Ls
seg = −

H∑
h=1

W∑
w=1

C∑
c=1

ys log gθ (x s). (1)

However, deploying a source-only trained model on the target
domain often leads to a significant drop in performance due
to the inherent differences between the two domains.

To resolve this issue, self-training [6], [7], [16], [17] has
emerged as a promising solution and has achieved state-of-
the-art performance in UDA. To generate pseudo-labels for
unlabeled target domain images, a momentum teacher net-
work gφ which obtains more stable parameters in a temporal
ensembling manner is typically involved for the self-training.
The teacher network gφ produces pseudo-labels as follows:

pt
= [c = arg max

c
gφ(x t )], (2)

where [·] denotes the Iverson bracket.
While self-training has shown promising performance in

UDA, using generated pseudo-labels directly may be unre-
liable, resulting in providing incorrect and noisy supervision
signals to the segmentation network gθ . Therefore, confidence
score-based thresholding is widely used to filter out unreliable
pseudo-labels:

q t
= [max

c
gφ(x t ) > τc]. (3)

We can obtain filtered pseudo-labels exceeding the confidence
threshold τc and train gθ using pixel-wise cross-entropy loss
with target domain images and pseudo-labels as follows:

L t
seg = −

H∑
h=1

W∑
w=1

C∑
c=1

q t pt log gθ (x t ). (4)

During training, the weights of the momentum teacher network
gφ are updated by the Exponential Moving Average (EMA)
with the weights of the segmentation network gθ on each
training iteration t [44]:

φt+1 ← αφt + (1− α)θt . (5)

In this work, we have a labeled source clear weather domain
dataset Dcw

= {(xcw, ycw)} and unlabeled target real foggy
domain dataset Dr f

= {xr f
}, same as the setup described

above.
2) Energy Function: The discriminative neural classifier f

which maps an input x to real-valued logit values f (x) can
be interpreted by the energy-based model [35]. From this
perspective, we can derive the free energy score using the
logsumexp operator as follows:

E(x, f (x)) = −T · log(

C∑
c=1

e fc(x)/T ), (6)

where fc(x) is the logit value corresponding to the c-th class
label, C is the number of classes, and T is the temperature
parameter.

Authorized licensed use limited to: Korea Advanced Inst of Science & Tech - KAIST. Downloaded on February 01,2025 at 06:01:20 UTC from IEEE Xplore.  Restrictions apply. 



6146 IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 33, 2024

Fig. 3. Overview of DAEN with High-order Style Matching (HSM) and Energy Score-based Pseudo-Labeling (ESPL). Clear weather image xcw and real
foggy image xr f are fed into a segmentation network gθ . At each layer l of an encoder in gθ , intermediate domain features f m

l are obtained by matching the

high-order feature statistics between clear weather feature f cw
l and real foggy feature f r f

l through HSM. From f cw
l and f m

l , we can obtain the prediction
maps gθ (xcw) and pm , thereby a segmentation losses Lcw

seg and Lm
seg are computed with ground-truth label ycw . While real foggy image xr f is also fed into

an EMA teacher network gφ , we can obtain more reliable pseudo-label ŷr f with ESPL. Likewise, a segmentation loss Lr f
seg is computed with prediction map

gθ (xr f ) and pseudo-label ŷr f .

A lower/higher energy score usually indicates that the input
is likely to be an inlier/outlier distribution sample, respec-
tively [37] and [39]. In this work, we adopt an energy score to
produce reliable pseudo-labels for unlabeled target samples.

B. High-Order Style Matching (HSM)

It is generally known that the style information of an
image can be represented by feature statistics such as mean
and standard deviation [29], [30]. Style difference is one of
the factors that cause a domain gap, thus matching feature
statistics between two domains is essential. Previous meth-
ods [30], [45], [46] assume that feature distribution follows
a Gaussian distribution, they solely utilize low-order feature
statistics (mean and standard deviation) to represent the style
of the domain. However, the first- and second-order feature
statistics are insufficient to represent complex real fog style.
In this work, we further utilize high-order feature statistics
(third standardized moment-skewness and fourth standardized
moment-kurtosis) to better capture complex real fog style.

Let f cw
l and f r f

l be the clear weather and real foggy
features from l-th layer of segmentation network gθ when clear
weather image xcw and real foggy image xr f are fed into the
network gθ . We aim to obtain intermediate domain features by
matching high-order feature statistics between f cw

l and f r f
l .

Inspired by [33], we first sort two features via Sort-Matching
algorithm [47] as:

f cw
l ∈ RCl×Hl Wl : µ = (µ1 µ2 · · · µn),

f r f
l ∈ RCl×Hl Wl : ν = (ν1 ν2 · · · νn), (7)

where {( f cw
l )µi }

n=Hl Wl
i=1 and {( f r f

l )νi }
n=Hl Wl
i=1 are sorted feature

values of f cw
l and f r f

l in ascending order. µi and νi are
the indices of the i-th smallest elements of feature vectors,
and Cl , Hl , Wl indicate channel dimension, height, and width
of features from l-th layer, respectively. Then, we apply
the high-order feature statistics matching in a channel-wise
manner and obtain the intermediate domain features f m

l as:

( f m
l )µi = ( f cw

l )µi + ( f r f
l )νi − ⟨( f cw

l )µi ⟩, (8)

where ⟨·⟩ denotes the stop gradient operation and ( f cw
l )µi −

⟨( f cw
l )µi ⟩ is introduced to aid back-propagation.

By Eq. 8, HSM ensures a congruence in feature statistics
between distinct f r f

l and f m
l . Hence, intermediate domain

features f m
l elaborate the complex real fog style of f r f

l while
maintaining the original content of f cw

l . When the f m
l is fed

into subsequent layers and a classification head, we can obtain
a final prediction map pm . Since the prediction map pm shares
the same semantic scene as the clear weather image xcw,
we can apply the pixel-wise cross-entropy loss to prediction
map pm with ground-truth label ycw as follows:

Lm
seg = −

H∑
h=1

W∑
w=1

C∑
c=1

ycw log(pm). (9)

C. Energy Score-Based Pseudo-Labeling (ESPL)

In the self-training for UDA, pseudo-labels compensate for
the absence of ground-truth labels of target samples and enable
the network to effectively learn target domain knowledge.
Confidence score-based thresholding [48] is widely used to
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produce high-quality pseudo-labels. However, it tends to be
biased towards high-confident pixels and fails to consider
classes with relatively low confidence values.

To address this drawback, we adopt an energy score as
an alternative. It is known that the energy score can dis-
tinguish whether a sample is likely to be an inlier or an
outlier [37], [39]. Based on this perspective, the source and
target domains in UDA can be viewed as inlier and outlier
distributions, respectively. When we compute the pixel-wise
energy scores for unlabeled target images, the pixels with rel-
atively low-energy score can be considered closer to the source
domain distribution (inlier) and easier to adapt. Moreover, the
softmax confidence score can be decoupled as the sum of the
energy score and the maximum logit value. As the softmax
confidence score is shifted by the maximum logit value,
it generally generates overconfident pseudo-labels. On the
other hand, the energy score can prevent such bias since it
remains unaffected by this shift. Therefore, we propose Energy
Score-based Pseudo-Labeling (ESPL) using the peculiarity of
the energy score to produce more reliable pseudo-labels for
unlabeled target images and mitigate the overconfidence issue
of the confidence score.

When the unlabeled target foggy image xr f is fed into
the teacher network gφ , it outputs the pixel-wise logit map
gφ(xr f ) ∈ RH×W×C . We calculate the pixel-wise energy score
with the logsumexp operator for the unlabeled target samples
as follows:

E(h,w) = − log(

C∑
c=1

e(gφ(xr f )c)(h,w)), (10)

where E(h,w) is the pixel-wise free energy score at pixel
position (h, w) and T is set to 1.

We only assign pseudo-labels to pixels with an energy score
lower than the pre-defined energy threshold τe. The model is
trained with obtained pseudo-labels using the pixel-wise cross-
entropy loss based on Eq. 4 as follows:

Lr f
seg = −

H∑
h=1

W∑
w=1

C∑
c=1

1[E(h,w) < τe]pr f log gθ (xr f ), (11a)

= −

H∑
h=1

W∑
w=1

C∑
c=1

ŷr f log gθ (xr f ), (11b)

where 1 is an indicator function and ŷr f is a pseudo-label
filtered by the pixel-wise energy score E(h,w).

As the gφ updates, the target foggy domain aligns with the
source clear weather domain, resulting in lower energy scores
of unlabeled target foggy images and more involvement in
self-training. We empirically validate that ESPL can generate
more reliable pseudo-labels compared to confidence-based
thresholding in Sec. IV-E.

D. Optimization

The segmentation network gθ is also trained using pixel-
wise cross-entropy loss on source clear weather domain dataset

Algorithm 1 DAEN Algorithm

Dcw as follows:

Lcw
seg = −

H∑
h=1

W∑
w=1

C∑
c=1

ycw log gθ (xcw). (12)

In summary, the total loss L total is expressed as:

L total = Lcw
seg + Lm

seg + λr f Lr f
seg, (13)

where λr f is the hyper-parameter to balance the influ-
ence of self-training. The whole training framework and the
pseudo-code of the method are presented in Algorithm 1.

IV. EXPERIMENTS

A. Datasets

Cityscapes [26] is a high-resolution (2048 × 1024) dataset
containing 3,450 urban scene images collected from 50 dif-
ferent cities. It is split into 2,975 and 500 images for training
and validation, respectively. We adopt Cityscapes as the source
clear weather domain dataset.

Foggy Zurich [8] is a high-resolution (1920 × 1080)
dataset consisting of 3,808 real-world foggy urban scene
images collected from Zurich and its suburbs. It is split
into 1,552 light foggy images and 1,498 medium foggy
images according to fog density. Furthermore, it provides
the Foggy Zurich-test which contains 40 real-world foggy
scenes for evaluation. It shares the 19 evaluation classes of the
Cityscapes. We adopt Foggy Zurich as the target real foggy
domain dataset.

Foggy Driving [49] contains 101 real-world foggy urban
scene images of which 51 images are captured by a cell
phone in Zurich and 50 images are collected from the website,
respectively. We only use Foggy Driving for evaluation.

ACDC [50] contains 2,406 real-world urban scene images
collected under four adverse conditions (rain, snow, fog, and
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night). It is comprised of 1,600 training, 406 validation, and
2,000 test. We adopt a validation set containing three adverse
conditions (rain, snow, and fog) to verify the generalization
ability of our method. We only utilize this set for evaluation.

B. Implementation Details

Following FIFO [1], we use RefineNet-lw [51] with ResNet-
101 [52], initialized with a Cityscapes pre-trained model. Our
network is trained by the Stochastic Gradient Descent (SGD)
optimizer with a momentum of 0.9 and a weight decay of
5 × 10−4. The initial learning rate for the encoder and the
decoder is set to 6 × 10−4 and 6 × 10−3, respectively, and
the learning rate is decreased gradually using the polynomial
policy with a power of 0.9. We apply image resizing, random
cropping of 600 × 600, and random horizontal flipping
for data augmentation. For the hyper-parameters, we set the
energy score threshold τe to −15 and λr f to 1. All experiments
are run on a single RTX 3090 GPU. To ensure reliable results,
we evaluate our network with three random seeds and report
the average values of the measurements. The mean Intersection
over Union (mIoU) is used as the evaluation metric.

C. Baseline Methods

We comprehensively compare our method with various
approaches in the field. As a Baseline, we utilize RefineNet-lw
[51] which has been fully trained on the Cityscapes [26].

1) Conventional UDA Methods: We utilize AdSegNet [13],
AdvEnt [53], and FDA [54]. AdSegNet and AdvEnt reduce the
domain gap via adversarial learning and entropy minimization,
respectively. FDA swaps low-frequency components between
source and target images, followed by self-training.

2) Image-to-Image (I2I) Translation Methods: We evaluate
CycleGAN [55], CUT [56], and StyTr2 [57]. CycleGAN
and CUT preserve content while translating images between
domains, using cycle consistency loss and contrastive learn-
ing. StyTr2 leverages a Transformer architecture for flexible
style transformations. We first train the models to translate
Cityscapes [26] images to the style of Foggy Zurich [8]. The
resulting synthetic foggy Cityscapes images are then used as
an intermediate domain dataset. For domain adaptation, self-
training is followed for the unlabeled target domain dataset.

3) Transformer-Based UDA Methods: We select DAFormer
[58], HRDA [59], and MIC [60], which excel in synthetic-
to-real domain adaptation. DAFormer bridges domain gaps
via improved training strategies, HRDA enhances adaptation
with high-resolution features, and MIC adds masked image
consistency for improved scene understanding. For the com-
parison, we adopt the results from these transformer-based
UDA models trained on Cityscapes → Foggy Zurich.

4) Specialized UDA Methods for Foggy Scene Segmenta-
tion: We adopt CMAda3+ [27], FIFO [1], CUDA-Net+ [2],
and TDo-Dif [3], which represent the state-of-the-art UDA
approaches for foggy scene segmentation, as baseline methods.
These methods address the domain gap between clear weather
and foggy conditions through different techniques, making
them suitable for a comprehensive comparison with DAEN.
CMAda3+ uses curriculum learning to gradually adapt from

light to dense fog, FIFO learns fog-invariant features with
a fog pass filter, CUDA-Net+ defines a dual domain (style
and fog) gap and addresses the domain gaps utilizing cumula-
tive relationship, and TDo-Dif leverages spatial and temporal
similarities with confidence-based pseudo labels. Additionally,
we outline the similarities and differences with DAEN.

a) Network perspective: CMAda3+ and TDo-Dif use
RefineNet with ResNet-101 as the backbone, while FIFO
employs a lighter version, RefineNet-lw. CUDA-Net+ is
based on DeepLab-v2. DAEN also utilizes RefineNet-lw with
ResNet-101, similar to FIFO. It offers improved efficiency
over CMAda3+ and TDo-Dif.

b) Dataset perspective: Unlike CMAda3+, FIFO, and
CUDA-Net+, which require intermediate domain datasets,
DAEN directly reduces the domain gap with High-order Style
Matching (HSM), enabling the model to learn complex fog
distributions without the additional datasets. TDo-Dif also
reduces the domain gap directly but relies on a model trained
on synthetic foggy domain datasets, whereas DAEN starts with
a model trained on the clear weather domain dataset, making
it more challenging.

c) Training perspective: Unlike CMAda3+, FIFO,
CUDA-Net+, and TDo-Dif, DAEN is end-to-end trainable
without requiring multi-stage training, which makes it much
simpler and more efficient in terms of training. Moreover,
while adversarial learning methods like FIFO and CUDA-
Net+ struggle with optimization challenges, CMAda3+,
TDo-Dif, and DAEN all use a self-training scheme for domain
alignment. However, CMAda3+ and TDo-Dif rely on a con-
fidence score for pseudo-label generation, whereas DAEN
produces pseudo-labels using an energy score, marking a key
difference.

D. Comparison With Other UDA Methods

1) Quantitative Comparison: Tables I, II, and III present
the quantitative results on the Foggy Zurich-test, Foggy Driv-
ing, and ACDC-Fog validation set. The proposed DAEN
consistently outperforms all baselines across these datasets.
As highlighted in Table I for Foggy Zurich-test, DAEN
demonstrates notable improvements over both conventional
UDA and I2I translation methods. Unlike I2I translation
methods which require pre-training and additional networks
for image translation, DAEN enables the network to learn
the real fog style without such cumbersome prerequisites
implicitly. When compared to specialized UDA methods for
foggy scene segmentation, DAEN achieves mIoU improve-
ments of 5.8%, 5.1%, and 5.1% over state-of-the-art methods
like FIFO, CUDA-Net+, and TDo-Dif, respectively. For a
fair comparison, we also compare DAEN with ∗FIFO and
∗CuDA-Net, both trained without intermediate domain
datasets. The results show that DAEN achieves better perfor-
mance, demonstrating DAEN’s ability to effectively reduce the
domain gap without requiring intermediate domain datasets.
Given the strong performance of transformer-based methods
in UDA tasks, we compare DAEN with recent transformer-
based UDA methods. DAEN outperforms these methods on the
Foggy Zurich-test by a significant margin. Notably, it surpasses
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TABLE I
PERFORMANCE COMPARISON OF MIOU(%) BETWEEN DAEN AND EXISTING STATE-OF-THE-ART METHODS ON FOGGY ZURICH-TEST. OUR RESULTS

ARE AVERAGED OVER THREE RANDOM SEEDS. SINCE CLASS Train IS NOT INCLUDED IN FOGGY ZURICH-TEST, WE EXCLUDE THE CLASS Train.
THE BEST AND SECOND-BEST RESULTS ARE HIGHLIGHTED IN BOLD AND UNDERLINE. † DENOTE REPRODUCED RESULTS. M.S AND

I.D.D DENOTE MULI-STAGE TRAINING AND INTERMEDIATE DOMAIN DATASET, RESPECTIVELY

TABLE II
PERFORMANCE COMPARISON OF MIOU(%) BETWEEN DAEN AND EXISTING STATE-OF-THE-ART METHODS ON FOGGY DRIVING. OUR RESULTS ARE

AVERAGED OVER THREE RANDOM SEEDS. THE BEST AND SECOND-BEST RESULTS ARE HIGHLIGHTED IN BOLD AND UNDERLINE. † DENOTE
REPRODUCED RESULTS. M.S AND I.D.D DENOTES MULI-STAGE TRAINING AND INTERMEDIATE DOMAIN DATASET, RESPECTIVELY

TABLE III
PERFORMANCE COMPARISON OF MIOU(%) BETWEEN DAEN AND EXISTING STATE-OF-THE-ART METHODS ON ACDC-FOG VALIDATION SET.

OUR RESULTS ARE AVERAGED OVER THREE RANDOM SEEDS. THE BEST AND SECOND-BEST RESULTS ARE HIGHLIGHTED IN BOLD
AND UNDERLINE. † DENOTE REPRODUCED RESULTS. M.S AND I.D.D DENOTES MULI-STAGE

TRAINING AND INTERMEDIATE DOMAIN DATASET, RESPECTIVELY

MIC (HRDA), which has shown state-of-the-art results on tra-
ditional UDA benchmarks, reaffirming DAEN’s effectiveness
in foggy scene segmentation. In terms of class-wise perfor-
mance, DAEN not only shows advantages in large classes
such as road, sidewalk, terrain, and sky, but also demonstrates
notable improvements in fine-grained segmentation classes
like bicycle and rider. As shown in Tables II and III, DAEN
also outperforms FIFO, CUDA-Net+, and TDo-Dif by 1.6%,
0.5%, and 6.7% mIoU on Foggy Driving, and by 16.3%, -,
and 0.2% on ACDC-Fog validation set. Additionally, DAEN
achieves either the best or second-best class-wise performance
across most categories.

2) Qualitative Comparison: We conduct a qualitative com-
parison of DAEN with Baseline, FIFO, and TDo-Dif on
three distinct datasets: Foggy Zurich-test, Foggy Driving, and
ACDC-Fog validation set. As illustrated in Fig. 4, 5, and 6,
the results reveal that the Baseline, FIFO, and TDo-Dif exhibit
inferior results and struggle to discern scene context when

compared to DAEN. For instance, FIFO tends to misclassify
regions such as the sky or sidewalk as belonging to the road
class. TDo-Dif faces challenges in distinguishing between a
wall and a fence, and it has trouble precisely delineating the
boundaries of a sidewalk. In contrast, our proposed DAEN cor-
rectly classifies the sky region and assigns appropriate classes
to ambiguous areas. These qualitative results align well with
the class-wise performance, underscoring the effectiveness of
Energy Score-based Pseudo Labeling (ESPL) in generating
reliable pseudo-labels that enhance the network’s ability to
understand the contextual information of the target domain.

E. Ablation Studies

1) Effectiveness of HSM and ESPL: We first conduct the
experiment on the Foggy-Zurich test (FZ) to validate the
effectiveness of the two proposed components: HSM and
ESPL. In Table IV, the Baseline shows poor performance on
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Fig. 4. Qualitative comparison between the proposed DAEN and existing state-of-the-art methods on Foggy Zurich-test.

Fig. 5. Qualitative comparison between the proposed DAEN and existing state-of-the-art methods on Foggy Driving.

Fig. 6. Qualitative comparison between the proposed DAEN and existing state-of-the-art methods on ACDC-Fog validation set.

the real foggy domain due to overfitting on the clear weather
domain. When we combine the Baseline with the ESPL,
ESPL significantly improves the performance by 17.1%. This
indicates that self-training through the ESPL enables the
network to learn the real foggy domain knowledge using
reliable pseudo-labels. Additionally, we observe that the HSM
can boost the considerable performance by 19.9%, which
means that the intermediate domain feature from HSM helps
to reduce the large gap between clear weather and real foggy
domains. Finally, combining both components contributes to
a mutually complementary improvement in performance.

TABLE IV
ABLATION STUDIES OF OUR FRAMEWORK’S TWO

COMPONENTS: HSM AND ESPL

2) The Impact of Layers to Which HSM Is Applied:
Table V shows the impact according to layers HSM is applied
in the network. Surprisingly, applying HSM only after the
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TABLE V
INFLUENCE OF THE LOCATION OF HSM. L0 DENOTES INSERTING

HSM AFTER THE FIRST CONVOLUTION LAYER AND L1-3 DENOTES
INSERTING HSM AFTER THE CORRESPONDING n-TH RESNET

LAYER. FZ DENOTES THE FOGGY ZURICH-TEST

TABLE VI
(LEFT): INFLUENCE OF EXPONENTIAL MOVING AVERAGE (EMA)

UPDATE RATIO α AND LOSS WEIGHT λr f FOR SELF-TRAINING.
(RIGHT): INFLUENCE OF LOSS WEIGHT λr f FOR SELF-TRAINING.

FZ DENOTES THE FOGGY ZURICH-TEST

first convolution layer (L0) yields a significant performance
improvement. Besides, as we gradually insert HSM after each
residual block (L1-3), a gradual improvement in segmentation
results is observed. The best performance is achieved when
HSM is applied to L0-3. This is because applying HSM to the
shallow layer allows the network to better consider the real fog
style without impairing the semantic information. Therefore,
we select this as our final model.

3) The Impact of Exponential Moving Average (EMA)
Update Ratio α and λr f for Self-Training: Table VI (left)
shows the impact of Exponential Moving Average (EMA)
ratio α for updating the momentum teacher network gφ .
We observe that α = 0.999 shows the best performance
on Foggy Zurich-test (FZ) [8]. Thus, we set α to 0.999 for
the EMA update. Furthermore, we compare the performance
varying the loss weight λr f to verify the influence of λr f for
self-training. As shown in Table VI (right), λr f = 1 shows the
best performance on Foggy Zurich-test (FZ) [8] compared to
λr f = 0.1 and λr f = 5. So, we set λr f to 1.

4) The Impact of Energy Score Threshold Value τe: We
investigate the selection of an optimal energy score threshold
for Energy Score-based Pseudo Labeling (ESPL) and analyze
its sensitivity. To achieve this, we first generate pixel-wise
energy score histograms for all images in the Foggy Zurich-
test (FZ) using the Baseline model (Fig. 9b). Based on the
distribution of energy scores, we select candidate thresholds
τe at specific percentiles of the pixel-wise energy scores:
−19 (top 0.02% of pixels with the lowest energy scores),
−17 (top 1%), −15 (top 5%), −13 (top 10%), −11 (top 20%),
and −9 (top 40%). We then evaluate the sensitivity of these
thresholds. As shown in Table VII, τe = −15 strikes the
best balance between effective adaptation to the target domain
(FZ) and maintaining performance in the source domain (CW).
Lower thresholds, such as τe = −19 and τe = −17, are
overly restrictive, limiting the number of pixels available for
self-training, leading to learning target domain knowledge

TABLE VII
COMPARISON OF MODEL PERFORMANCE BASED ON VARYING THE

VALUE OF THE ENERGY SCORE THRESHOLD τe . FZ, FD, ACDC-FOG
AND CW DENOTE THE FOGGY ZURICH-TEST, FOGGY DRIVING,

ACDC-FOG VALIDATION SET, AND THE CITYSCAPES
VALIDATION SET, RESPECTIVELY

TABLE VIII
COMPARISON OF ADAIN, MIXSTYLE, AND HSM FOR OBTAINING

INTERMEDIATE DOMAIN FEATURES. WE MEASURE THE DISTANCE
BETWEEN TWO FEATURE STATISTICS USING FEATURES, f r f

l AND
f m
l , FROM THE FIRST RESIDUAL BLOCK OF THE NETWORK.
1 DENOTES THE EUCLIDEAN DISTANCE BETWEEN TWO

FEATURE STATISTICS FROM f r f
l AND f m

l . FZ AND BDD
DENOTE THE FOGGY ZURICH-TEST AND BDD

VALIDATION SET, RESPECTIVELY

insufficiently. Conversely, higher thresholds like τe = −13,
τe = −11, and τe = −9 allow more noisy pseudo-labels,
which degrades performance. A threshold of −15 minimizes
the impact of noisy pseudo-labels by involving only reliable
pixels early in the process. As training progresses, more target
domain pixels achieve lower energy scores, allowing more
pixels to contribute to learning (Fig. 9d). Thus, we select τe =

−15 as the optimal threshold, ensuring robust performance
across both real foggy domains (FZ, FD, ACDC-Fog) and the
source clear-weather domain (CW).

F. Further Evaluation

1) AdaIN, MixStyle vs HSM: To validate the effective-
ness of High-order Style Matching (HSM) in capturing
high-order feature statistics, we compare it with AdaIN [30]
and MixStyle [46] which only utilize low-order statistics
such as mean and standard deviation. For this comparison,
we compute the mean (µ), standard deviation (σ ), third
standardized moment-skewness (µ̃3), and fourth standardized
moment-kurtosis (K urt) from the features, f r f

l and f m
l , and

measure their differences. As shown in Table VIII, while
AdaIN and MixStyle only match low-order statistics, HSM
accurately aligns both low-order and high-order statistics.

To further evaluate the impact of HSM, we replace it
with AdaIN and MixStyle in our framework and compared
their performance on foggy scene segmentation. The results
in Table VIII show that HSM outperforms both AdaIN and
MixStyle. While AdaIN and MixStyle assume that real-world
feature distributions follow a Gaussian distribution and thus
rely solely on low-order statistics (mean and standard devi-
ation) for feature distribution matching, these assumptions
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Fig. 7. (a): Histograms of feature values from the target real foggy domain features, f r f . (b), (c), (d): Histograms of feature values from the intermediate
domain features, f m , corresponding to each matching method. All features are extracted from the first residual block of RefineNet-lw, which is trained on
the Cityscapes dataset. To extract f r f and f m , we use the Foggy Zurich-test (FZ) and Cityscapes validation set.

Fig. 8. (a), (b): t-SNE [61] visualization of the low-order feature statistics
(mean, µ) and the high-order feature statistics (third standardized momen-
t-skewness, K urt), respectively. For the visualization, we use two real foggy
domain datasets: Foggy Zurich-test (FZ) and Foggy Driving (FD). The
visualized features are extracted from the first residual block of ResNet-101.

are insufficient for capturing the complexities of real-world
distributions, such as the ones present in foggy datasets.
In contrast, HSM addresses these complexities by integrating
both low-order and high-order statistics.

To illustrate this, we visualize the histograms of the feature
values from intermediate domain features, f m for each match-
ing method. As depicted in Fig. 7, AdaIN and MixStyle fail to
accurately match the feature values from the real foggy domain
features, f r f . Conversely, as shown in Fig. 7a and Fig. 7d,
HSM achieves a more precise match by incorporating high-
order statistics. This demonstrates that HSM more effectively
captures complex real fog distributions, enabling the network
to represent real fog styles compared to existing methods.

To further verify that high-order statistics effectively capture
the complexity of real fog styles, we visualize t-SNE [61]
plots for both low-order and high-order statistics. As shown
in Fig. 8b, high-order statistics, such as the third standardized
moment-skewness (K urt), effectively capture real fog features
related to fog density. In contrast, Fig. 8a illustrates that
low-order statistics struggle to differentiate between various
fog densities within complex fog patterns. These findings
highlight the significance of leveraging high-order feature
statistics to understand the intricate real fog characteristics.

In addition to evaluating HSM’s effectiveness for weather
changes, we investigate its applicability to scene changes.
For this evaluation, we use the BDD dataset, a real-
world dataset featuring diverse urban driving scenes, as the

target domain and compare the adaptation performance from
Cityscapes to BDD against other style alignment methods,
such as AdaIN and MixStyle. As shown in Table VIII, HSM
achieves an 8.1 mIoU improvement over the baseline, along
with a 0.4 mIoU gain over AdaIN and a 0.5 mIoU gain over
MixStyle. These results demonstrate that HSM is not only
effective for weather changes but also capable of adapting
to scene changes. This comparison highlights the versatility
of HSM in handling various types of domain shifts, further
validating its robustness beyond weather-specific adaptations.

2) Confidence Score vs Energy Score: We aim to verify
whether Energy Score-based Pseudo-Labeling (ESPL) can
alleviate the overconfidence issue of confidence-based pseudo-
labeling [48]. Fig. 9a and 9b show the distributions of
confidence score and energy score over predictions from the
Baseline [51] on Foggy Zurich-test (FZ) [8]. As shown in
Fig. 9a, most predictions are biased towards high-confidence
values. In contrast, the distribution of the energy score is
more spread out compared to the confidence score distribution.
We also compare these distributions for predictions from
DAEN on the FZ. As shown in Fig. 9c, while the confidence
score is more highly confident, the energy score results in a
more evenly distributed histogram. The bias in the confidence
score can be problematic in class-imbalanced driving scene
datasets. Even if pixels belong to tail classes (e.g. sign, pole),
the model may predict high confidence for head classes (e.g.
road, vegetation), leading to incorrect pseudo labels. However,
the relatively even distribution of energy scores helps mitigate
this bias and generate more reliable pseudo-labels.

To further validate that ESPL can produce reliable
pseudo-labels for the target foggy domain, we visualize the
pseudo-labels generated by the confidence score and ESPL.
As shown in the first row of Fig. 10, confidence-based labeling
frequently assigns the incorrect pseudo-label vegetation to an
overpass region. It also fails to provide sufficient information
for tail classes such as train (first row), traffic sign (second
row), and pole (third row). In contrast, ESPL generates more
comprehensive pseudo-labels for these classes, allowing the
model to better understand their semantics. These results
demonstrate that ESPL effectively addresses the overconfi-
dence and mitigates bias towards head classes (e.g., vegetation,
road).

Furthermore, we replace ESPL in our framework with
confidence-based pseudo-labeling [48] and vary the confi-
dence threshold value. As shown in Table IX, although
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Fig. 9. (a), (b): Confidence & energy score distributions over all predictions from Baseline on Foggy Zurich-test, respectively. (c), (d): Confidence & energy
score distributions over all predictions from DAEN on Foggy Zurich-test (FZ), respectively.

Fig. 10. Qualitative comparison between pseudo labels generated by
confidence score and energy score. The threshold value for each method filters
the black regions.

TABLE IX
QUANTITATIVE COMPARISON BETWEEN CONFIDENCE SCORE AND ESPL.

FZ AND FD DENOTE THE FOGGY ZURICH-TEST AND
FOGGY DRIVING, RESPECTIVELY

confidence-based pseudo-labeling improves performance over
the baseline, it still falls short of ESPL’s performance. ESPL
surpasses the confidence-based pseudo-labeling by 1.1% on
the Foggy Zurich-test (FZ) and 3.6% on Foggy Driving (FD).
This improvement is due to ESPL’s ability to provide more
reliable pseudo-labels, enabling the model to learn scene
context information more effectively in foggy environments.

3) Adaptive Threshold Adjustment for ESPL: We explore
adaptive methods for dynamically adjusting the energy score
threshold during training. To better understand how pixel-wise
energy scores evolve, we track the minimum, mean, and
maximum energy scores of target domain batches throughout
DAEN’s training process. As shown in Fig. 11, energy scores
consistently decrease over time, indicating that the model
gradually incorporates more target domain pixels into self-
training. This trend aligns with the observations in Fig. 9,
where pixel-wise energy scores shift to lower values.

Given this evolving distribution of pixel-wise energy scores,
we propose and evaluate three strategies for adaptive threshold

Fig. 11. Changes in the minimum, mean, and maximum pixel-wise energy
scores of target domain batches over iterations during the training of DAEN.

TABLE X
QUANTITATIVE PERFORMANCE COMPARISON BASED ON VARIOUS

ADAPTIVE THRESHOLD ADJUSTMENT STRATEGIES. FZ AND
FD DENOTE THE FOGGY ZURICH-TEST AND

FOGGY DRIVING, RESPECTIVELY

adjustment: 1) linear decay, 2) exponential decay, and 3) linear
ascend. Each strategy begins with an initial energy threshold
of −15, which is adjusted as training progresses. The results
of these strategies are presented in Table X. Both the linear
and exponential decay methods gradually lower the threshold,
allowing more reliable pseudo-labels to be included as the
energy scores decrease. However, these methods also reduce
the number of pixels involved in training, potentially limiting
the model’s exposure to diverse data. On the other hand, the
linear ascend method raises the threshold over time, which
involves a greater number of pixels in training, but at the risk
of introducing noisy pseudo-labels, which could negatively
impact the model’s adaptation to the target domain.

After evaluating these strategies, we opt for a fixed threshold
approach for ESPL, as it strikes the best balance between
incorporating reliable pseudo-labels and ensuring sufficient
pixel diversity during adaptation. As shown in Table X, the
fixed threshold approach delivers superior performance across
multiple datasets, demonstrating its effectiveness in maintain-
ing robust learning while adapting to the target domain.

4) Theoretical Analysis of Energy Score: To theoretically
understand the relationship between softmax confidence score
and energy score, we derive a mathematical connection by
referring to the analysis of prior work [37]. For data x
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TABLE XI
QUANTITATIVE COMPARISON WITH THE BASELINE, FIFO, AND DAEN

ON ACDC-SNOW- AND ACDC-RAIN VALIDATION SETS

and corresponding label y, the energy score and softmax
confidence score can be expressed as follows:

E(x, f (x)) = −T · log(

C∑
c=1

e fc(x)/T ), (14)

where fc(x) is the logit value corresponding to the c-th class
label, C is the number of classes, and T is the temperature
parameter.

p(y|x) =
e fy(x)∑C

c=1 e fc(x)
, (15)

where fy(x) denotes the yth index of the logits f (x).

max
y

p(y|x) = max
y

e fy(x)∑C
c=1 e fc(x)

=
e f max (x)∑C
c=1 e fc(x)

. (16)

Based on the Eq. 1 and 3, we can decompose the logarithm
of the max confidence score into the sum of the energy score
(T = 1) and the max logit value:

log max
y

p(y|x) = log
e f max (x)∑C
c=1 e fc(x)

= f max (x)− log(

C∑
c=1

e fc(x))

= f max (x)+ E(x, f (x)) (17)

Through Eq. 4, the confidence score can be seen as a specific
case where the energy score is shifted by the maximum logit
value f max (x). On the other hand, the energy score is free
from such bias. Therefore, we adopt the energy score as a
criterion to improve the quality of pseudo-labels instead of
the confidence score.

5) Generalization on Diverse Weather Conditions: To
assess the generalization capability of DAEN across vari-
ous adverse weather conditions, we conducted experiments
on the ACDC-Snow and ACDC-Rain validation sets [50].
DAEN, trained on the Cityscapes → Foggy Zurich task,
is evaluated against several baseline methods, including the
Baseline, FIFO, CuDA-Net, and TDo-Dif. As indicated in
Table XI, DAEN consistently outperforms all existing meth-
ods, showcasing its robust generalization and applicability
across diverse real-world scenarios. Furthermore, even when
only HSM or ESPL is integrated with the Baseline, substantial
improvements in generalization are observed.

TABLE XII
COMPUTATIONAL COMPLEXITY COMPARISON WITH THE EXISTING

METHODS. TRAINING TIME FOR TDO-DIF IS EXCLUDED DUE TO AN
ISSUE WITH THE PSEUDO-LABEL GENERATION IN THE PUBLICLY

AVAILABLE CODE. TO MEASURE THE GMACS, WE UTILIZE
THE IMAGES (1920× 1080 RESOLUTION) FROM THE FOGGY

ZURICH-TEST. F AND M DENOTE THE FOG PASS FILTER
AND MAIN NETWORK OF FIFO, RESPECTIVELY

The superior performance of DAEN can be attributed to
the effectiveness of its core components, HSM and ESPL.
HSM facilitates the alignment of high-order feature statistics,
enabling the model to capture intricate real-world distributions
beyond foggy weather patterns, thus improving its adaptability
to different weather conditions. ESPL, on the other hand, gen-
erates more reliable pseudo-labels, allowing the model to learn
robust features across a wide range of categories. In contrast
to existing baseline methods, which depend on intermediate
domain datasets (e.g., synthetic fog) or models pre-trained
on synthetic foggy datasets, DAEN directly adapts without
reliance on synthetic fog data. This approach enables DAEN
to learn comprehensive real-world distributions, enhancing its
performance across various adverse weather conditions.

Qualitative analysis further substantiates DAEN’s effective-
ness under other adverse weather conditions. As shown in
Fig. 12, DAEN accurately identifies the sky region compared
to other methods. Moreover, while TDo-Dif, the second-best
performer, often struggles to differentiate distant poles and
tends to misclassify snow-covered sidewalks as roads, DAEN
performs exceptionally well in these areas. This is evident in
Fig. 12 and Fig. 13, where DAEN consistently identifies fine
poles and sidewalks under both snowy and rainy conditions.

6) Computational Complexity: To assess the computational
complexity of DAEN, we compare it against FIFO [1] and
TDo-Dif [3], both of which have publicly available code.
As presented in Table XII, FIFO involves a two-stage training
process consisting of a fog pass filter and a main network.
The fog pass filter has 138.27M trainable parameters, while
the main network includes 46.34M parameters, with training
times of 20 and 13 hours, respectively. Although TDo-Dif
does not require additional parameters for its multi-stage
pseudo-label generation, its main network utilizes 118.5M
trainable parameters. In contrast, DAEN reduces the number of
trainable parameters to 46.24M and requires only 15 hours of
training time. Furthermore, DAEN maintains a similar GMAC
count (410.7 GMACs) to FIFO while requiring significantly
fewer GMACs than TDo-Dif (2,085.8 GMACs). These results
highlight that DAEN not only delivers effective performance
but also offers superior computational efficiency, providing
notable advantages in both training time and resource utiliza-
tion.

7) Failure Cases: Although DAEN achieves superior per-
formance in foggy scene segmentation, it still encounters
specific failure cases. Fig. 14 illustrates examples of these fail-
ure cases on Foggy Zurich-test [8]. DAEN often misclassifies
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Fig. 12. Qualitative comparison between the proposed DAEN and existing state-of-the-art methods on ACDC-Snow validation set.

Fig. 13. Qualitative comparison between the proposed DAEN and existing state-of-the-art methods on ACDC-Rain validation set.

Fig. 14. Failure cases of DAEN on Foggy Zurich-test.

horizontal poles as sky and struggles with fine-grained segmen-
tation for classes such as motorbike and person. Additionally,
the model often confuses the boundaries between sidewalk and
road. We conjecture that these issues arise from the relatively
low occurrence of classes such as motorbike, person, and
pole in the target domain dataset compared to more frequent
classes like road, sky, and vegetation. Moreover, the spatial
and visual similarity between sidewalk and road complicates
precise boundary delineation.

To address these issues, employing re-weighted loss or focal
loss could help mitigate the model’s bias toward more frequent
classes by increasing the weight assigned to less frequent
ones. This would enhance their representation during training.

TABLE XIII
PERFORMANCE COMPARISON OF DAEN APPLIED TO

TRANSFORMER-BASED NETWORKS. THE CITYSCAPES
PRE-TRAINED SEGFORMER IS USED AS THE BASELINE

Furthermore, incorporating class-wise prototypical contrastive
learning could improve class discrimination by fostering more
distinct class representations and reducing confusion between
visually similar classes.

8) Applicability to Transformer-Based Networks: We eval-
uate the applicability of DAEN, originally designed for
CNN-based networks, to transformer-based architectures by
using Segformer [62], a state-of-the-art transformer model for
semantic segmentation, as the baseline. Segformer’s encoder
comprises four transformer blocks, and its decoder utilizes
an MLP. In this adaptation, HSM is applied after the first
three transformer blocks, analogous to its application after the
first three residual blocks in CNN-based networks. For ESPL,
we perform an energy score threshold search as detailed in
Sec IV-E4, selecting a threshold of −5. The results, shown
in Table XIII, demonstrate an 8.7 mIoU improvement when
DAEN is applied to Segformer compared to the Cityscapes
pre-trained Segformer. This indicates that despite being tai-
lored for CNN-based networks, DAEN can also be effectively
applied to transformer-based networks. These findings suggest
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the potential for further optimization of DAEN’s components
for various transformer architectures in unsupervised domain
adaptation, which will be explored in future work.

V. CONCLUSION

In this paper, we propose DAEN, a novel framework
for domain adaptive foggy scene semantic segmentation.
Our framework directly adapts a network from the clear
weather domain to the foggy domain without additional
intermediate domain datasets or multi-stage training, and it
mitigates the overconfident pseudo-labels by a confidence
score in self-training. To this end, we propose two key
components: HSM and ESPL. HSM matches the high-order
feature statistics between clear weather and the real foggy
features to obtain intermediate domain features, allowing
the network to learn real fog style implicitly. ESPL pro-
vides more reliable pseudo-labels through a pixel-wise energy
score, alleviating the bias and preventing the model from
assigning pseudo-labels exclusively to head classes. Extensive
experiments show that our method outperforms existing state-
of-the-art methods on various benchmark datasets, showing a
generalization ability in diverse weather conditions.
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