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Abstract

Nighttime Semantic Segmentation (NSS) is essential to many
cutting-edge vision applications. However, existing technolo-
gies overly rely on massive labeled data, whose annotation
is time-consuming and laborious. In this paper, we pioneer a
new task focusing on exploring the potential of training strat-
egy and framework design with limited annotation to achieve
high-performance NSS. Insufficient information at very low
labeling budgets can easily lead to under-optimization or
overfitting of the model. Our solution comprises two main
components: i) a novel region-based active sampling strat-
egy called Contextual-Aware Region Query (CARQ), which
identifies highly informative target nighttime regions for la-
beling; and ii) an innovative Fragmentation Synergy Active
Domain Adaptation framework (FS-ADA), which progres-
sively broadcasts the limited annotation to the unlabeled re-
gions, achieving high performance with a minimal anno-
tation budget. Extensive experiments demonstrate that our
method outperforms state-of-the-art UDA-NSS & ADA-SS
methods across four day-to-nighttime benchmarks, and gen-
eralizes well to foggy, rainy, & snowy scenes. In particular
only with 1% target nighttime data annotation, our method is
on par with the mainstream fully-supervised methods on the
BDD100K-Night val dataset.

Introduction
Nighttime Semantic Segmentation (NSS), aiming to label
each pixel of a given nighttime image to an object category,
has been widely applied to autonomous driving (Wu et al.
2021b; Wang et al. 2024), visual surveillance (Wang et al.
2023, 2020), and robotic vision (DeSouza and Kak 2002;
Xu et al. 2021). Recent fully supervised NSS methods have
achieved great success by leveraging abundant nighttime
labeled data, yet acquiring full-pixel annotations is labor-
intensive. To avoid annotation efforts, some researchers
multiplex daytime-trained models at night, yet encounter
severe performance degradation due to the huge domain
gap (Wu et al. 2021b). Subsequently, Unsupervised Do-
main Adaptation Nighttime Semantic Segmentation (UDA-
NSS) attracts much attention to adapt models trained on
well-labeled source daytime domain to the unlabeled night-
time domain. The performance of UDA-NSS can outper-
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Figure 1: I) Compared with UDA-NSS, the Fully Supervised
method requires 100% of the budget to increase the mIoU
by 12.97%. while ADA only requires 1% of the budget to
increase the mIoU by 9.98%. II) (a) treats an entire image as
the individual query sample; (b) and (c) choose either 3×3
or 1×1 pixel regions as the query granularity. We choose
the image patch as the query granularity (d), which makes
a trade-off between sample diversity (compared to (a)) and
reduces labeling costs (compared to (b) and (c)).

form pure daytime-trained models (“Source Only”), yet still
lags behind fully supervised counterparts (Figure 1 (I)).

The main reason contributing to the large performance
gap between UDA-NSS and fully supervised counterparts is
the scarce annotated nighttime data. Since collecting gener-
ous paired annotations is cumbersome and costly, leveraging
the Active Domain Adaptation (ADA) technique, i.e., labels
few target nighttime domain data for model training, pro-
vides an alternative and reasonable solution. Consequently,
we pioneer the Active Domain Adaptive Nighttime Seman-
tic Segmentation (ADA-NSS) task, which queries the most
informative target nighttime samples for labeling and per-
forms effective learning to maximize NSS performance.

In the previous studies of ADA, bare efforts have been
made on Active Domain Adaptive Semantic Segmentation
(ADA-SS). In ADA-SS, the design of the label query, in-
cluding acquisition functions and query granularity, is vital
to maximizing supervision within the given budget. In ac-
quisition functions, current methods mainly utilize predic-
tion uncertainty (Franco et al. 2024) or feature space diver-
sity (Ning et al. 2023) to select valuable data. These strate-
gies are less effective under the large domain gap, as in
the ADA-NSS task (Xie et al. 2023a; Han et al. 2023; Wu
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et al. 2022). The primary reasons are: (i) uncertainty esti-
mation on the target domain is usually miscalibrated under
the large domain gap, leading to sampling outliers or redun-
dant instances; and (ii) diversity selection may select sam-
ples already well-aligned with the source domain, result-
ing in redundant annotations. Regarding query granularity,
early approaches treat an entire image (Ning et al. 2023)
(Figure 1 (II) (a)) as the individual query sample. Recent
methods chose a non-overlapped region (3×3) (Xie et al.
2022; Wu et al. 2022) (Figure 1 (II) (b)) or individual pixel
(1×1) (Franco et al. 2024) (Figure 1 (II) (c)) as the indi-
vidual query sample. These labeling units are sub-optimal
as the former lacks sample diversity, and the latter incurs
high labeling costs comparable to labeling the entire image.
After annotating the queried target data, existing ADA-SS
methods fine-tune the model either in a supervised manner
using labeled target data (Xie et al. 2022; Wu et al. 2022;
Franco et al. 2024), or in a semi-supervised learning man-
ner with both labeled and unlabeled target data (Ning et al.
2023). However, optimizing the model blindly with limited
labeled data inescapably suffers from model over-fitting or
divergence of learning ability. These limitations render ex-
isting ADA-SS methods inapplicable to the ADA-NSS task.

To better promote the ADA-NSS task, two primary and
urgent issues are as follows: i) how to query the most valu-
able target nighttime data for annotation; ii) how to perform
more effective training with the limited queried data?

For the first issue, we argue that data maximizing model
adaptability1 holds the highest annotation value. Firstly,
the significant domain discrepancy between the source and
target domains hinders domain adaptation and affects the
model’s adaptability. Secondly, class imbalance in train-
ing samples induces confirmation bias toward common
classes (Hoyer, Dai, and Van Gool 2022a), exacerbating the
problem. Consequently, we would like to consider domain
degradation and transferability of different semantic classes.
Under adverse weather conditions, weather-specific distrac-
tion factors, such as nighttime illumination, induce domain
degradation. We devised a Distraction Perception data selec-
tion strategy that analyses the severity of weather-specific
distractions within regions while using a saliency metric
to assess their importance comprehensively. Meanwhile, we
propose a Semantic Complexity data selection strategy from
the semantic classes perspective to identify more valuable
regions by comprehensively evaluating the types, quantities,
and proportions of semantic classes in each region’s pre-
dictions. To leverage the complementary information of the
above two value metrics, we introduce the Value Mixture of
Experts to dynamically assign the importance of each strat-
egy (“valuable metric expert”), thus constructing a plug-and-
play data selection strategy, Contextual-Aware Region Query
(CARQ). In response to the second sub-task, augmenting
limited labeled target data or improving its optimization ca-
pability towards unlabeled data during fine-tuning can im-
prove the model’s adaptability. To this end, we designed a
Fragmentation Synergy Active Domain Adaptation frame-

1Model adaptability refers to the model’s ability to adapt in the
target domain, demonstrated by its performance.

work (FS-ADA), achieving high performance with low an-
notation cost. Concretely, we first perform restoration and
segmentation using spatially aligned target day-night frag-
ments to facilitate domain adaptation as a warmup step.
CARQ identifies the most valuable region, which is then
manually annotated. Afterward, to maximize the informa-
tion from limited annotated data, we design the Focal Infor-
mation Global Broadcast (FIGB), including the Label Prop-
agation Module (LPM) and Label Generalization Module
(LGM). LPM progressively propagates knowledge from la-
beled regions to neighboring regions, continuously incorpo-
rating confident data into the labeled dataset. LGM further
utilizes labeled data to guide the learning of unlabeled data.

Our main contributions are summarized as follows:
• We present a novel plug-and-play region-based active

sampling algorithm, CARQ, identifying the most infor-
mative regions. Extensive experiments demonstrate that
our algorithm achieves a 0.2–7.4 mIoU [%] improvement
over existing ADA-SS methods at night.

• We pioneer a new ADA-NSS task, aiming to facili-
tate further the development of the NSS field. Taking it
further, we introduce FS-ADA, which achieves perfor-
mance comparable to the fully supervised model using
only 1% of the target nighttime annotation budget on the
BDD100K-Night val dataset.

• Experiments on four widely used NSS benchmarks show
that our method outperforms state-of-the-art ADA-SS
methods, particularly achieving a 24.4% performance
gain on BDD100K-Night val based on DeepLab-v2. No-
tably, our method also exhibits superior generalization in
adverse conditions like fog, rain, and snow.

Related Work
Nighttime Semantic Segmentation
Existing Nighttime Semantic Segmentation (NSS) methods
are categorized into fully-supervised and unsupervised do-
main adaptation. For the former, it directly trains a model on
the labeled nighttime data. Early, Tan et al. proposed the first
large-scale NSS dataset (Tan et al. 2021). Then, researchers
focused on architecture optimization via implicitly learning
the entangled representations (Xie et al. 2023b; Liu et al.
2023, 2024b) or explicitly estimating the effect of lighting
on semantics (Wei et al. 2023). Fully-supervised methods,
though successful, heavily rely on extensive pixel-wise an-
notated nighttime data, which is labor-intensive and costly.

The latter focuses on adapting semantic segmentation
models from the labeled daytime source domain to the un-
labeled nighttime target domain. Early UDA-NSS methods
primarily narrow the illumination gap between source and
target domains via utilizing an intermediate twilight domain
as the bridge (Sakaridis, Dai, and Van Gool 2022) or im-
age transferring networks to unify domain styles (Wu et al.
2021a,b; Yang et al. 2021). However, these methods over-
look inherent dataset gaps caused by camera equipment and
urban appearance, i.e., treating daytime images from dis-
tinct datasets as identical, which hinders domain adaptation.
Some works regarded cross-domain correlation as the con-
crete representation of domain shift for adaptation (Ding,
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Li, and Tian 2023; Dong, Kang, and Ming 2023). How-
ever, constructing source and target domain pairs with iden-
tical differences is hard, yielding limited performance gains.
Recent studies performed cross-domain mixing to implic-
itly address dataset and illumination gaps (Huang, Yao, and
Zhou 2023; Wang et al. 2023; Xie et al. 2024). However,
these methods still struggle with accurate semantic segmen-
tation in low-visibility and complex nighttime illuminations.

Active Domain Adaptation Semantic Segmentation
Existing Active Domain Adaptation Semantic Segmentation
(ADA-SS) methods are classified into 1) image-based, 2)
pixel-based, and 3) region-based methods based on the sam-
pling unit. Image-based methods (Ning et al. 2023) actively
selected a subset of images and annotated the entire image.
Under the limited labeling budget, the diversity of samples
is restricted, resulting in subpar final effectiveness. Pixel-
based methods (Zhang and Zhang 2022; Franco et al. 2024)
selected individual pixels for labeling, which is less budget-
efficient. To gain cost efficiency, recent ADA-SS methods
(Xie et al. 2022; Wu et al. 2022; Liu et al. 2024a) treated
non-overlapped local image regions as individual samples.
Xie et al. selected image regions that are diverse in spatial
adjacency and uncertain in predictions (Xie et al. 2022). Wu
et al. considered both uncertainty and class balance when
querying labels (Wu et al. 2022). These methods are de-
signed to reduce the domain gap between synthetic and real
urban street scenes, losing their effectiveness at night for ig-
noring the nighttime illumination distraction.

Methodology
As a premise, a fully labeled source daytime domain
DS =

{
(xi

s, y
i
s)
}Ns

i=1
and an unlabeled target nighttime do-

main DT =
{
(xj

t )
}Nt

j=1
jointly participate in the ADA-

NSS task. Here Ns and Nt denote the number of im-
ages in the source and target domains, respectively. Af-
terward, our FS-ADA framework can be demonstrated se-
quentially: 1) Train an initial UDA method with DS ∪ DT

as a warmup step; 2) Query a few target nighttime data

DTL =
{
((xj

t )
(n), (yjt )

(n))
}Nt

j=1
via CARQ strategy to be

labeled, and the remaining unlabeled is denoted as DTU ={
(xj

t )
(m)
}Nt

j=1
, where n and m is the labeled and unlabeled

regions, respectively; 3) Augment and propagate queried la-
bels via our FIGB to perform more effective training. Our
FS-ADA framework is illustrated in Figure 2.

Warmup step. The step performs image restoration and
segmentation. Using provided paired target images (or only
target night images), a fully (or un) supervised restoration
network In is fine-tuned to fit new data by constraining se-
mantic predictions and pixel consistency of aligned target
fragments (or replacing training data with DT ). The seg-
mentation network gθ performs the collaborative learning
of aligned target fragments and complementary classes (or
adaptive enhanced domain adaptive classes).

Contextual-Aware Region Query
We present the CARQ strategy considering domain differ-
ence and semantic class attributes via the following Distrac-
tion Perception and Semantic Complexity.

Distraction Perception. The weather-specific distraction
severity δ in DT is used to indirectly measure the huge
degradation from DS to DT . Inspired by (Xu et al. 2023),
low-level Frequency Components (FCs), extracted from the
image’s frequency spectrum through a band-pass filter with
indices [0,2)∪[32,64], can represent the domain-variant con-
tents (i.e, distraction). xj

t is decomposed into a set of n
non-overlapping image patches of the same size Si

xj
t

={
(xj

t )
i
}n

i=1
. The mean value of low-level FCs for the i-th

image patch in xj
t is calculated to assess the δ as follows:

δ(Si) =
1

Nt

h∑
x=1

w∑
y=1

iDCT (Cat(α(u)α(v)
h∑

x=1

w∑
y=1

Si
xj
t

cos

[
π(2x+ 1)u

2h

]
cos

[
π(2y + 1)v

2w

]
))

(1)

where Nt, w, and h denote the total pixel number, width,
and height of the i-th patch, respectively. iDCT is the in-
verse 2D-DCT function, transforming low-level FCs into the
original image space. Cat denotes the concatenation opera-
tion. u and v are the horizontal and vertical FCs, respec-
tively. α(u) and α(v) are normalized coefficients.

To identify the most valuable patches, we search regions
where distraction severity (e.g., night illumination) signifi-
cantly affects model predictions. Specifically, its influence
f on model predictions for i-th image patch in the restored
target nighttime image xj

te is calculated as:

f(Si) = 1
Nt

C∑
c=1

ReLU

 K∑
k=1

 1
Nt

hk∑
x=1

wk∑
y=1

∂ argmax
c∈{1,...,C}

gθ

(
Si

x
j
te

)c

∂Ak
xy

Ak

 (2)

where Nt and C are the total number of pixel, and semantic
classes of predictions in the i-th image patch, respectively.
ReLU highlights areas that positively contribute to the de-
cision for class c. {Ak}Kk=1 are selected feature maps from
the shallow layer2. K is the number of kernels. x, y is pixel
location. hk and wk is the hight and width of each feature
map Ak. gθ is our segmentation network.

The most disturbed regions in DT contain extremely lim-
ited information, and learning them well may hinder the
model’s generalization to all DT scenes. Meanwhile, regions
more significant to model predictions offer greater potential
for overall performance improvement. To comprehensively
evaluate each image patch’s value in DT , we propose a new
Distraction Perception D(·) strategy, calculated as follows:

D(·) = ef(S
i) − e−f(Si)

2ln
(
1 + eδ(Si)

) (3)

2the second convolutional layer of DeepLab-v2 (Huang et al.
2023), or the last Layer Norm of the second Transformer Block for
DAFormer/HRDA (Chen et al. 2023), respectively.
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Figure 2: The Overview of FS-ADA framework. In detail, an image restoration network In is fine-tuned to fit the target data
distribution, and then the target image is processed through In to obtain the restored image. In the target region query process,
based on the knowledge of the target image, restored image, and semantic segmentation network gθ, CARQ adaptively queries
the most valuable region in the target domain image, which is provided to the annotator to annotate manually and gets the initial
labeled region. After that, to maximize the information of the labeled regions, FIGB implements a global broadcast of labeling
information. Specifically, FIGB consists of LPM and LGM. The former propagates the information of the initial labeled region
to its neighbors and the latter propagates the information of all labels to the global.

where δ(Si) and f(Si) are the severity of weather-specific
distraction and its impact on model predictions, respectively,
for the i-th image patch in any image from DT .

Semantic Complexity. In semantic segmentation, a
higher number of predicted classes in the region contributes
more to performance gains. Prediction uncertainty also
quantifies the contribution to performance gains. Each re-
gion’s semantic attributes include the number of classes,
class type, and number of class pixels, which are all derived
from the prediction and together reflect the model’s famil-
iarity with it. Given a region, our newly proposed region Se-
mantic complexity S(·) is calculated as follows:

S(·) = log(Ω)×
C∑

c=1

ωc ×
exp( ξ

h·w )
C∑

c=1
exp( ξ

h·w )


Ω =

C∑
c=1

I( argmax
c∈{1,...,C}

gθ

(
(xj

te)
(i)
)
= c)

ξ =

∣∣∣∣∣ argmax
c∈{1,...,C}

gθ

(
(xj

te)
(i)
)c∣∣∣∣∣

(4)

where Ω and ξ represent the number of classes and the num-
ber of c-th class pixels in the i-th region, respectively. h and
w are the height and width of the region, respectively. I is an
indicator function. xj

te is the restored target night image. C
denotes all semantic classes. wc denotes the model’s predic-

tion uncertainty for c-th class type, calculated as follows:

ωc =
1

φ

Nt∑
j=1

H×W∑
i=1

I
(i)

xj
te

∗ I

(
argmax
c∈{1,...,C}

gθ

(
(xj

te)
(i)
)c

= c

)

φ =

Nt∑
j=1

H×W∑
i=1

∣∣∣∣∣ argmax
c∈{1,...,C}

gθ

((
xj
te

)(i))c
∣∣∣∣∣

I
(i)

xj
te

= − 1

log(C)

C∑
c=1

p
(i,c)

xj
te

log p
(i,c)

xj
te

(5)

where φ is the number of pixels for the c-th class in the re-

stored target nighttime domain DTE =
{
(xj

te)
}Nt

j=1
. H and

W are the image height and width, respectively. I(i)
xj
te

is the

normalized pixel-wised entropy map overall C classes. | · |
denotes the number of pixels in the set. p(i,c)

xj
te

denotes the

softmax probability of i-th pixel in xj
te.

Value Mixture of Experts. To better measure the value
of Sxj

t
via D(·) and S(·), a Value Mixture of Experts is

proposed to leverage the complementary information from
the above two value metrics (i.e., “value metric experts”).
Specifically, the final acquisition function is obtained via dy-
namically assigning importance to each expert as follows:

A(S
(i)

xj
t

) =
∑n

i=1 G(x)iEi(x) = G(x)1D(·) +G(x)2S(·) (6)

where
∑n

i=1 G(x)i = 1 and G(x)i are the weight of expert
fi(x). Initially, G(x)i is set to normalized value gains (i.e.,
mIoU gains), then dynamically updated by the value gains
(△Ei(x)). When total S(·) decreases/increases, G(x)2 is in-
creased/decreased by α. Otherwise, it remains unchanged.
G(x)i is updated with the new normalized weight.
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Focal Information Global Broadcast
To supplement and maximize information from limited
labeled data, we design FIGB, comprising LPM and
LGM. LPM propagates labels to neighboring regions, in-
corporating confident data into the labeled set DTL ={
((xj

t )
(n), (yjt )

(n))
}Nt

j=1
. LGM utilizes these labels to guide

the unlabeled data’s learning DTU =
{
(xj

t )
(m)
}Nt

j=1
, where

n and m are labeled and unlabeled regions, respectively.

Label Propagation Module. Inspired by the neighboring
regions having a high probability of containing the same se-
mantic class in semantic segmentation, LPM progressively
propagates pixel labels from labeled to neighboring regions
in a growing manner. The key issues in this process are ini-
tial seed location and similarity criterion. For the initial seed
location, we average the features of each class c in the la-
beled regions to estimate the c-th class prototype Ac as:

Ac =
1

|Λc|
∑

(x,y)∈DTL

I{y = c} · f (x) |c (7)

where |Λc| is the number of pixels belongs to category c and
I is an indicator function. x and y are the image pixel and
corresponding label in DTL, respectively. f(x)|c denotes the
feature output of our segmentation network gθ for c.

For the similarity criterion, we first obtain the predicted
class ĉ and confidence C for each pixel in the neighboring
regions. To ensure accurate label propagation, we propagate
the label c∗ in DTL to pixel x in neighboring regions when
the following condition is satisfied:

(yjte)
(m′) = argmax

c∗∈y′
cos
(
f(x), Ac∗

)
only if C ≥ 0.2 and

cos
(
f(x), Ac∗

)
>

∑
(x′,y′)∈DTL

I{y′ = c∗} · cos
(
f (x′) |c∗ , Ac∗

)∑
(x′,y′)∈DTL

I{y′ = c∗}

(8)

where x is the pixel in the neighboring regions. cos is the
cosine similarity between feature vectors. x′ and y′ are the
image pixel and corresponding label in DTL, respectively.
C < 0.2 are false positives and discarded (Brüggemann et al.
2023). m′ are all propagated pixels. As the labels progres-
sively propagate, we online update Ac by adding the feature
of pixel x with propagated label c when ĉ is equal to c∗.

Label Generalization Module. To enhance the global im-
pact of labeled data, a prediction consistency loss, Lcon, is
designed to constrain the consistency between model pre-
dictions and labels in DTL. In semantic segmentation, fea-
tures of the same semantic class are closer in feature space
than those of different classes. Meanwhile, the closer the
spatial location relationship is considered, the greater the
feature similarity of the same semantic class. We further en-
force feature consistency between non-propagated neighbor-
ing regions and labeled regions of the same semantic class,
as well as between non-neighbors and labeled regions in
DTL. In adverse weather conditions (e.g., nighttime), se-
mantic classes of the same category exhibit similar interfer-
ence for their spatial adjacency. Finally, we propose a spatial

Method mIoU↑
Backbone: DeepLab-v2 (Chen et al. 2017)

Source Only DeepLab-v2 (Chen et al. 2017) 24.6

UDA-NSS
DANNet (Wu et al. 2021a) 41.3
Bi-Mix (Yang et al. 2021) 40.2

Refign (Bruggemann et al. 2023) 49.8

ADA-SS
RIPU (Xie et al. 2022) (1%) 49.7

D2ADA (Wu et al. 2022) (1%) 52.0
HALO (Franco et al. 2024) (1%) 50.3

ADA-NSS FS-ADA (1%) 52.4

Fully Supervised
DeepLab-v2 (Chen et al. 2017) 54.8

IA-Seg (Liu et al. 2023) 47.9
Backbone: DeepLabv3+ (Chen et al. 2018)

Source Only DeepLabv3+ (Chen et al. 2018) 33.2
UDA-NSS DeepLabv3+ (Chen et al. 2018) 36.1

ADA-SS
RIPU (Xie et al. 2022) (1%) 50.0

D2ADA (Wu et al. 2022) (1%) 50.4
ADA-NSS FS-ADA (1%) 52.4

Fully Supervised DeepLabv3+ (Chen et al. 2018) 57.0
Backbone: DAFormer (Hoyer, Dai, and Van Gool 2022a)

Source Only DAFormer (Hoyer, Dai, and Van Gool 2022a) 39.8

UDA-NSS

DAFormer (Hoyer, Dai, and Van Gool 2022a) 45.8
Refign (Bruggemann et al. 2023) 54.8

DTPS (Huang, Yao, and Zhou 2023) 53.8
InforMS (Wang et al. 2023) 56.9

PIG (Xie et al. 2024) 51.0
ADA-NSS FS-ADA (1%) 59.1

Fully Supervised DAFormer (Hoyer, Dai, and Van Gool 2022a) 62.0
Backbone: HRDA (Hoyer, Dai, and Van Gool 2022b)

Source Only HRDA (Hoyer, Dai, and Van Gool 2022b) 47.7

UDA-NSS

HRDA (Hoyer, Dai, and Van Gool 2022b) 53.1
Refign (Bruggemann et al. 2023) 63.5

InforMS (Wang et al. 2023) 65.1
PIG (Xie et al. 2024) 56.9

ADA-NSS FS-ADA (1%) 66.3
Fully Supervised HRDA (Hoyer, Dai, and Van Gool 2022b) 67.4

Table 1: Comparison on ACDC-night-test for
Cityscapes→ACDC nighttime adaptation. The best re-
sults for each backbone are shown in bold. Our FS-ADA
based on different backbones outperforms existing ADA-SS
methods with the same 1% target annotation budget.

interference consistency loss Lsic to constrain the interfer-
ence consistency within semantic classes of the same cate-
gory. After LPM, the segmentation network gθ is optimized
via our LGM with the training loss represented as follows:

L = λ1Lcon

(
gθ

(
In((x

j
t )

(n))
)
, (yjt )

(n)
)

+ λ2

C∑
c=1

1− cos

 ∑
x∈DTU1

f(x)|c,
∑

(x,y)∈DTL

I{y = c} · f(x)|c


+ λ3

C∑
c=1

1− cos

 ∑
x∈DTU2

f(x)|c,
∑

(x,y)∈DTL

I{y = c} · f(x)|c


+ λ4Lsic

∑
s

1− cos

 ∑
(x,y)∈DT

I{y = c1} · ϕ(x),
∑

(x,y)∈DT

I{y = c2} · ϕ(x)



(9)

where (xj
t )

(n) and (yjt )
(n) denote all image and la-

bels in DTL including all propagated pixels, respectively.
λ1, λ2, λ3, λ4 is the coefficient. cos is the cosine similarity
between feature vectors. I is an indicator function, and f is
the feature extractor of the gθ. DTU1 and DTU2 denote the
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Method D1 D2 D3 D4
Backbone: DeepLab-v2 (Chen et al. 2017)

Source Only DeepLab-v2 16.3 17.9 18.4 12.3
UDA-NSS DeepLab-v2 23.3 25.6 27.1 31.5

ADA-SS
RIPU (1%) 43.8 47.0 50.0 30.3

D2ADA (1%) 45.2 38.7 44.4 24.8
ADA-NSS FS-ADA (1%) 45.6 47.7 50.2 37.7

Fully Supervised
DeepLab-v2 48.1 48.7 51.2 36.3

IA-Seg 42.9 48.3 51.0 34.5
Backbone: DAFormer (Hoyer, Dai, and Van Gool 2022a)

Source Only DAFormer 29.1 27.2 30.2 22.3
UDA-NSS DAFormer 36.8 32.4 38.9 37.8
ADA-NSS FS-ADA (1%) 52.1 41.4 43.1 40.5

Fully Supervised DAFormer 51.2 42.5 45.3 39.4
Backbone: HRDA (Hoyer, Dai, and Van Gool 2022b)

Source Only HRDA 34.9 31.7 34.9 29.6
UDA-NSS HRDA 37.4 32.6 42.9 31.3
ADA-NSS FS-ADA (1%) 57.8 43.5 50.8 42.0

Fully Supervised HRDA 55.9 45.8 52.7 40.0

Table 2: Comparison with existing methods on D1 (ACDC-
night-val), D2 (NightCity val), D3 (NightCity-fine val) and
D4 (BDD100K-Night val). Best results per backbone are
bolded.

set from non-propagated regions in the neighboring regions
of the initial labeled data, and the non-neighboring region,
respectively. ϕ is the interference estimator. c1 and c2 de-
notes the semantic class of the same category s.

Experiments
Experimental Datasets
We evaluate our approach using 1) four day-to-nighttime
SS benchmarks: Cityscapes→ACDC adaptation for night-
time, Cityscapes→NightCity, Cityscapes→NightCity-fine,
and BDD100K daytime→BDD100K nighttime; 2) one
clear-to-adverse SS benchmark: Cityscapes→ACDC; and 3)
Cityscapes→ACDC foggy/rainy/snowy subset.

Cityscapes (Cordts et al. 2016) contains 2,975 train-
ing, 500 validation, and 1,525 testing daytime images.
ACDC (Sakaridis, Dai, and Van Gool 2021) includes 4,006
images captured under adverse conditions (fog, snow, rain,
and nighttime). NightCity (Tan et al. 2021) and NightCity-
fine (Wei et al. 2023) are nighttime datasets, with the lat-
ter being label-optimized. BDD100K (Yu et al. 2020) con-
sists of 100,000 images, 320/34 night images in train/val sets
are picked to the component nighttime subset (BDD100K-
Night) and the others belong to the daytime subset.

Comparison with State-of-the-art Methods
Comparison on ACDC nighttime scene. We conduct
comparative analyses of various methods, including UDA-
NSS, ADA-SS, and Fully Supervised approaches, based on
different backbones. The quantitative results of FS-ADA and
existing methods on the ACDC-night-test and the ACDC-
night-val datasets are reported in Table 1 and Table 2, re-
spectively. Notably, FS-ADA outperforms existing UDA-SS
and ADA-SS methods on the ACDC-night-test and ACDC-
night-val datasets with the same 1% target annotation bud-

Restoration Segmentation ACDC-night-val

Fine-tune
Aligned

fragments
Complementary

classes
DAFormer HRDA

45.9 53.3
✓ 47.0 54.7
✓ ✓ 48.0 55.5
✓ ✓ ✓ 49.2 55.7

Table 3: Ablation study of our restoration and segmentation
framework during the warmup step on the ACDC-night-val.

Selection Training ACDC-night-val
CARQ LPM LGM DAFormer HRDA

49.2 55.7
✓ 51.0 56.4
✓ ✓ 51.2 56.9
✓ ✓ 51.9 57.0
✓ ✓ ✓ 52.1 57.8

Table 4: Ablation Study of Different Components Combina-
tions on the ACDC-night-val dataset.

get. To further validate the effectiveness, we compare it
with the Fully Supervised. Concisely, our FS-ADA based
on DAFormer and HRDA with only 1% target annotation
budget can outperform the Fully Supervised models on the
ACDC-night-val dataset, even by a significant margin (+0.9
mIoU [%] and +1.9 mIoU [%]). It confirmed that our method
is effective and efficient.

We further visualize the segmentation results predicted by
our proposed FS-ADA based on DeepLab-v2 and HRDA
in comparison to existing UDA-NSS and ADA-SS methods
in Figure 3. Comparatively, the segmentation results of our
proposed method are closer to the ground truth. Besides, our
method achieves more accurate predictions for dynamic and
rare classes with a few pixels in the source & target domains.

Comparison on NightCity and NightCity-fine. Quanti-
tative results on the NightCity val and NightCity-fine val
datasets are reported in Table 2. FS-ADA outperforms cur-
rent state-of-the-art ADA-SS methods with the 1% target an-
notation budget, verifying the effectiveness of our method.
The corresponding visual comparison is shown in Figure 3.
Comparison on BDD100K-Night. We perform the
BDD100K-day→BDD100K-night training set adaptation.
The quantitative results on the BDD-100K-night val dataset
are displayed in Table 2, with sample visualization results
presented in Figure 3. FS-ADA achieves sufficient gain com-
pared to the fully supervised competitor with only 1% target
budget, verifying the effectiveness of our method.

Ablation Study
Restoration and Segmentation Evaluation. To validate
the effectiveness of each strategy in our restoration and seg-
mentation framework during the warmup step, we conduct
several ablation studies on the ACDC-night-val, shown in
Table 3. For the baseline implementation (Row 1), DT are
directly restored to DTE by existing mainstream enhance-
ment network, e.g., PyDiff (Zhou, Yang, and Yang 2023),
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Input Image DeepLab-v2
(UD)

MADA
(AD)

MADAv2 
(AD)

RIPU 
(AD)

D2ADA
(AD)

FS-ADA (Ours) 
(AD)

IA-Seg 
(FD)

FS-ADA (Ours)
(AH)

Ground TruthHRDA
(FH)

Figure 3: The qualitative comparison between our FS-ADA and existing state-of-the-art methods based on DeepLab-v2 and
HRDA on the ACDC-night-val, NightCity val, NightCity-fine val, and BDD100K-Night val dataset, respectively. Compara-
tively, the segmentation results of our FS-ADA method are superior to existing UDA-SS and ADA-SS methods, approaching
more fully supervised performance. In parentheses, the first letters U, A, and F stand for UDA, ADA, and Fully Supervised,
respectively; the second letters D and H stand for DeepLab-v2 and HRDA, respectively.

Clear-to-Adverse-Weather Clear-to-Foggy Clear-to-Rainy Clear-to-Snowy
Method ACDC test ACDC-fog-test ACDC-rain-test ACDC-snow-test

Backbone: DeepLab-v2 (Chen et al. 2017)

UDA-SS

DeepLab-v2 (Chen et al. 2017) 38.0 33.5 44.5 40.2
Refign (Bruggemann et al. 2023) 48.0 51.1 57.0 57.1

VBLC (Li et al. 2023) 47.8
CMA (Brüggemann et al. 2023) 50.4

CISS (Sakaridis et al. 2023) 47.2 42.1 54.2 49.1
FS-ADA (1%) 58.0 51.9 59.2 57.7

Fully Supervised DeepLab-v2 (Chen et al. 2017) 55.3 52.2 57.6 56.8

Table 5: Comparisons with existing UDA-SS and Fully Supervised on adverse, foggy, rainy, and snowy across four benchmarks.

then performs domain adaptation from the DS to the DTE

via the existing UDA-NSS method, e.g., Refign (Brugge-
mann et al. 2023). Then, we fine-tune the restoration net-
work to fit our data distribution (Row 2). By doing so,
1.1/1.4 mIoU [%] performance gain is achieved, respec-
tively. Then, we constraint the prediction consistency of
DTE and aligned target reference domain when performing
domain adaptation from DS to DTE (Row 3). Finally, we
further optimize the complementary classes learning, which
achieves the best performance on the ACDC-night-val. It
validates that each design is effective.

Overall Component Evaluation. To assess the efficacy
of each constituent within FS-ADA, we train several model
variants, whose backbone is DAFormer or HRDA, and eval-
uate their performance on the ACDC-night-val dataset, as
delineated in Table 4. We choose our designed restoration
and segmentation framework as the baseline. Subsequently,
we adopt CARQ to select the nighttime regions with the 1%
budget, followed by fine-tuning the model in a supervised
manner. This procedure yielded a notable 1.8/0.7 mIoU [%]
improvement, respectively. Building upon this, we adopt
LPM and LGM to optimize our model, respectively. Both
improve performance, with the latter showing greater im-
provement. When two manners are integrated into a uni-
fied selection criterion, the performance is further boosted
to 52.1/57.8 mIoU [%], respectively, verifying the overall
effectiveness of our proposed methods.

Generalization to adverse, foggy, rainy, and snowy
To further verify the generalization of our FS-ADA
across scenes, extensive experiments are conducted on
the Cityscapes→ACDC and Cityscapes→ACDC weather-
specific subsets (Clear-to-Adverse, Clear-to-Foggy, Clear-
to-Rainy, and Clear-to-Snowy), respectively. Quantitative
results on each test dataset are shown in Table 5. Our FS-
ADA outperforms existing UDA-SS methods and matches
the Fully Supervised method with only 1% target annotation
budget, verifying its effectiveness and generalization.

Conclusion
We initiated the ADA-NSS task, pioneering a new direction
in the nighttime semantic segmentation field. Our proposed
CARQ data sampling strategy deeply considers information
biases caused by domain degradation and semantic com-
plexity, enabling it to select the most informative areas from
the target domain adaptively. Additionally, we introduced a
Label Propagation Module and a Label Generalization Mod-
ule, which facilitate the propagation of limited area infor-
mation to the global scale. Overall, using minimal annotated
data, our FS-ADA framework has achieved significant ad-
vancements in semantic segmentation performance. Exten-
sive experiments show that our method outperforms state-of-
the-art UDA-NSS and ADA-SS methods on four public NSS
benchmarks. With only 1% of the target nightly data anno-
tated, our method performs similarly to mainstream fully su-
pervised methods on the BDD100K-Night val dataset.
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