
IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 16, 2023 4109

A Fine-Grained Unsupervised Domain Adaptation
Framework for Semantic Segmentation

of Remote Sensing Images
Luhan Wang , Pengfeng Xiao , Senior Member, IEEE, Xueliang Zhang , Member, IEEE, and Xinyang Chen

Abstract—Unsupervised domain adaptation (UDA) aims at
adapting a model from the source domain to the target domain
by tackling the issue of domain shift. Cross-domain segmentation
of remote sensing images (RSIs) remains a big challenge due to
the unique properties of RSIs. On the one hand, the divergence
of data distribution in different local regions leads to negative
transfer by directly applying the global alignment method in RSIs.
On the other hand, the underlying category-level structure in the
target domain is often ignored, which confuses the decision of
semantic boundaries on the dispersed category features caused by
large intraclass variance and small interclass variance in RSIs. In
this study, we propose a novel fine-grained adaptation framework
combining two stages of global-local alignment and category-level
alignment to solve the above-mentioned problems. In the first stage
of global-local adaptation, an attention map is derived from an
intermediate discriminator and focuses on hard-to-align regions to
mitigate negative transfer due to global adversarial learning. In
the second stage of category-level adaptation, the category feature
compact module is utilized to address the issue of dispersed features
in the target domain attained by the cross-domain network, which
will facilitate the fine-grained alignment of categories. Experiments
under various scenarios, including geographic location variation
and spectral band composition variation, demonstrate that the local
adaptation and category-level adaptation of RSIs are complemen-
tary in the cross-domain segmentation, and the integrated frame-
work helps achieve outstanding performance for UDA semantic
segmentation of RSIs.

Index Terms—Adversarial learning, category-level alignment,
global-local alignment, remote sensing images (RSIs), semantic
segmentation, unsupervised domain adaptation (UDA).

I. INTRODUCTION

W ITH the rapid development of remote sensing technolo-
gies, massive high-resolution remote sensing images

(RSIs) are becoming widely available for Earth observation.
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Semantic segmentation of RSIs is a pixel-wise classification
task that assigns a category label to every pixel in an input
image [1], which plays an increasingly significant role in many
applications, such as land management [2], traffic analysis [3],
and disaster prevention [4].

Deep learning methods [5], [6], [7], [8] show promising re-
sults in semantic segmentation of RSIs [9], [10], [11]. However,
semantic segmentation model training requires huge amounts of
pixel-level ground truth data obtained by expensive human labor
[12], which makes it more difficult for RSIs that cover large
areas and have various objects. In addition, large domain shift in
RSIs, which refers to data discrepancy caused by different illu-
minations, geographic locations, and wavelength bands, usually
degrades model accuracy in practical applications. Therefore,
it is necessary to reduce the labeling cost and improve the
generalization ability of segmentation models when faced with
domain shift.

Unsupervised domain adaptation (UDA) transfers the model
from the source domain to the target domain in an unsupervised
way by tackling the issue of domain shift. Generally, the samples
in the source domain are labeled but not in the target domain, and
the data distribution of the source domain is inconsistent with
the target domain. To reduce the upper limit of error in the target
domain, the core concept is to minimize the difference between
domains [13]. Originally, several distance metrics were utilized
to fulfill this goal [13], [14], [15].

Adversarial learning employing generative adversarial net-
work (GAN) structure [16] is widely used to learn domain-
invariant features by generators and discriminators. Adversarial
UDA methods can be divided into image level [17], [18], [19],
feature level [20], [21], [22], and output level [23], [24], [25].
The image-level adversarial methods translate images from the
source domain to the target domain by cycle-consistency, and
train the network by the translated images, in which the perfor-
mance of UDA is affected by the quality of image-to-image
translation. The approaches of feature-level and output-level
introduce a discriminator alongside the segmentation network
to align cross-domain features and semantic structures. Some
recent studies [26], [27], [28], [29] combined these UDA meth-
ods to better alleviate domain shift, which have been applied in
cross-domain segmentation of RSIs [30], [31], [32], [33], [34],
[35], [36], [37]. For geographic location variation and spectral
band composition variation in multisource RSIs, an image-level
method [34] through DualGAN [38] was introduced to generate
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images with similar styles to the target domain, and then multiple
weak supervision constraints were added to overcome the dif-
ficulties of complex image structure. Deng et al. [31] designed
an adaptation network by output-level adversarial learning to
extract cross-city roads and cross-country buildings from large-
scale RSIs. In addition, a full-space adaptation strategy was
proposed to perform cross-domain land cover classification of
RSIs [33]. Recently, MBATrans combined Transformer and
GAN-based network to align the high-level features [36]. Mem-
oryAdaptNet embed an invariant feature memory module to pre-
serve domain-level information in adversarial learning, which
overcomes the deficiency of pseudo invariant features [37].

Although the above-mentioned methods have been applied in
UDA semantic segmentation, most of them aligned the source
domain to the target domain from a global perspective, which ig-
nores the implicit local alignment and the explicit category-level
alignment, resulting in negative transfer accordingly. To achieve
local alignment, many methods [39], [40], [41], [42], [43], [44]
focus on regions with large domain shift. For example, Luo et al.
[39] and [40] conducted cotraining of two classifiers to obtain a
local alignment score map, where the high score represents the
difficult alignment regions, and then weighted the score map into
the adversarial loss. An entropy-guided adaptation algorithm
was proposed in [44] to decrease the wrong mapping of well-
aligned features in UDA of aerial images, in which the target
entropy maps were used to measure interdomain discrepancy.
Boundaries of object are usually clear in entropy maps while
the interiors tend to be confused, which means entropy-guided
local alignment fails to achieve satisfactory performance within
objects. To achieve category-level alignment, several studies
considered learning category structure explicitly [45], [46], [47],
[48], [49]. The methods in [45] and [46] implemented fine-
grained alignment by category-level adversarial learning while
preserving the internal structure of cross-domain semantics.
Such an idea was also exploited in [47] and [48] to model the
category discrepancies between different domains for adaptive
segmentation in RSIs. However, the structure of category-level
discriminator is complex, resulting in more difficult training
process in adversarial learning for UDA semantic segmentation.

The above-mentioned studies have promoted the development
of cross-domain adaptive segmentation, but they still suffer from
two limitations in the remote sensing community due to the
characteristics of RSIs. First, RSIs often cover a wider range
of areas and have more complex structure than natural scene
images, which results in various lighting conditions, imaging
angles, and object sizes in different local regions of an image
[50]. Due to the rich diversities of local features in RSIs, the issue
of spatial discrepancies should be taken seriously. In addition,
different geographic locations and different imaging sensors in
cross-domain RSIs enlarge the diversities of category features
(e.g., category layout, ratio, and color presentation), which
brings more challenges compared with the UDA segmentation
in computer vision field [51]. However, recent studies either
perform various degrees of adaptation to different spatial regions
or pay attention to the underlying semantic structure of cate-
gories, which neglects both the spatial domain-invariant features
and semantic domain-invariant structure among categories are

crucial to UDA segmentation of RSIs. Second, the cross-domain
model produce dispersed category features in the target domain
since there are no segmentation labels in the target domain and
the improvement of feature transferability leads to the decrease
of category separability. Moreover, the large intraclass variance
and small interclass variance in RSIs further exacerbate this
issue, resulting in unsatisfactory segmentation. However, most
of the current category-level alignment ignored tackling the issue
of dispersed features.

In order to handle the above-mentioned challenges of unsu-
pervised domain adaptive semantic segmentation of RSIs, we
expect that the fine-grained local alignment and the category-
level alignment could be complementary to global alignment
for improving the performance of UDA semantic segmentation.
Hence, we propose a two-stage framework to effectively in-
tegrate both local and category-level alignment, and compact
category features at the same time. Fig. 1 illustrates the main
process of the proposed framework including global adaptation,
local adaptation, and category-level adaptation. Specifically, in
stage 1, we achieve both the local and global alignment by the
game between segmentation network and two discriminators.
Since global adaptation will lead to negative transfer in domain-
invariant regions and unsatisfactory adaptation in hard patches,
we use the confidence obtained from intermediate discriminator
as the attention map to align various local regions in RSIs. We
overcome the shortage of concentrating on boundary but ignor-
ing interior in entropy-guided map by means of discriminator
confidence map. However, the process in stage 1 does not ex-
plicitly incorporate category information, resulting in dispersed
feature distribution in the target domain, which is difficult for
the linear classifier to distinguish in semantic segmentation.
Hence, we expect to pursue category-level alignment in stage
2, where the category feature compact module is used to relieve
the issue of feature dispersion. Specifically, it utilizes prototypes
within teacher-student network to maximize interclass variance
and minimize intraclass variance. The main contributions of this
study can be summarized as follows.

1) A two-stage framework for UDA semantic segmentation
of RSIs is proposed, which achieves fine-grained local
and category-level alignment on top of global alignment.
It considers the spatial domain discrepancy and semantic
domain discrepancy when eliminating the domain shift.

2) The category feature compact module is designed to re-
lieve the issue of target domain feature dispersion which
affects adaptive segmentation performance. We use pro-
totypes that created by adaptive network in stage 1 as
category anchors to learn the underlying and compact
category structure within the teacher-student network.

3) The proposed unified UDA framework achieves outstand-
ing performance in the cross-domain segmentation of
RSIs.

II. METHOD

A. Method Overview

We are concerned with the problem of model adapta-
tion across domains, where the source images xs with the
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Fig. 1. Illustration of global adaptation, local adaptation, and category-level adaptation. Global adversarial learning aligns all regions in an image equally; local
adaptation focuses on hard regions to alleviate negative transfer by discriminator attention; and prototypes are utilized to compact category feature in the target
domain for better category-level alignment.

Fig. 2. Overview of the proposed two-stage UDA framework. In the first stage, attention map generated by discriminator scores tends to implement local
alignment; and in the second stage, the teacher-student network updated by EMA (exponential moving average) is used to align category features.

corresponding ground truth ys and the target images xt are
utilized during training, aiming at improving the transferability
of the segmentation network G consisting of a feature extractor
F and a classifier C.

For the challenge of adaptive segmentation of RSIs, we pro-
pose a two-stage framework to gradually align two different
domains. The model framework is shown in Fig. 2, including
the first stage of global-local alignment and the second stage of
category-level alignment. According to previous studies [23],

[24], it is known that global discriminator DG at output level
along with the segmentation network G serving as a generator
can effectively reduce the marginal distribution discrepancies by
adversarial learning. However, the insufficiently refined align-
ment ignores the local detail differences. We therefore go a step
further by the local discriminator DL, which outputs discrimi-
nator confidence to measure the domain discrepancies of local
regions and pursue spatially local adaptation. The model has
learned some domain-invariant features after global and local



4112 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 16, 2023

alignment in stage 1. But the global-local adversarial learning
neglects the explicit category-level adaptation, which incorpo-
rates semantic information of categories. In addition, the dis-
persed features from the target domain bring great challenges to
category-level alignment. Inspired by [52] and [53], we generate
prototypes, which are the centroids of categories, as the category
anchors in stage 2 of category-level alignment. The teacher-
student network in stage 2 constrains the feature-prototype
distance between the target image xt and it is augmented image
by consistency loss, to learn the underlying category structure
from compact category feature in the target domain.

B. Global-Local Alignment

The adversarial method for UDA is effective to alleviate
domain shift by training the segmentation network G to fool
the discriminator network D. Specifically, the adversarial game
between two networks allows the G to learn domain-invariant
feature representations which are confused with D. However,
alignment from a global view would ignore the local distribu-
tion discrepancy and result in negative transfer. To address the
problem, we design attention-based global-local alignment by
adversarial learning of the global discriminatorDG and the local
discriminator DL.

1) Discriminator Attention: Considering that different local
regions are various in color, texture, and context, which results
in different spatial domain discrepancies, we apply an attention
mechanism to the cross-domain alignment. Inspired by [43]
and [54] that discriminator confidence can reflect the degrees
of domain discrepancies, we utilize DL to measure the cross-
domain feature differences of local regions and focus on the
alignment of hard-adapt patches. Specifically, the local features
are input to DL to obtain a spatially dense confidence score S.
The confidence value close to the target domain label 1 means
large cross-domain discrepancies. Conversely, the confidence
value close to the source domain label 0 indicates easier cross-
domain adaptation. Therefore, we calculate the attention map A
as follows:

A = |tanh (S) |. (1)

A |tanh| activation is implemented to S as a normalization
layer for preventing the gradient explosion at the early phase of
the training. The original features of the target domainF (xt) are
weighted to generate the updated features F (xt) = F (xt) +
A� F (xt), by applying the residual attention mechanism to
prevent gradient disappear in the attention map A. In the updated
feature map, local features are enhanced in hard-adapt regions
while weakened in easy-adapt regions.

2) Global-Local Adversarial Learning: Due to the domain
discrepancies of global layout and local feature in RSIs, we
separately design a global discriminator DG and a local dis-
criminator DL. DG is structured with four convolution layers
and one classifier layer, with kernel size of 4× 4, stride of 2, and
each convolution layer is followed by a leaky ReLU. It is noted
that spatially dense discriminator DL has the similar structure
to DG, while the stride is set to 1. The discriminator DL can
align local features by preserving spatial resolution.

It is necessary to implement adaptation at the global level
since cross-domain RSIs differ heavily in marginal distributions.
Such differences mainly arise from spectral band composition
variations, sensor variations, imaging time variations, and spa-
tial layout variations, which degrade the performance of the
cross-domain segmentation model but do not have an essential
impact on the semantic features. Hence, we use the output space
discriminatorDG along with G to globally decrease domain shift
by learning the domain-invariant semantic information from
predictions, and optimize them as follows:

LDG
adv (G) =

H∑
h=1

W∑
w=1

[
DG(G(xt)

′)(h,w)
]2

(2)

LDG
adv (DG) =

H∑
h=1

W∑
w=1

{
[DG(G(xt)

′)(h,w) − 1]
2

+
[
D2(G (xs))

(h,w)
]2}

(3)

where G(xt)′ denotes updated predictions in the target domain
and G(xs) denotes predictions in the source domain. The loss in
(2) is designed to train G to fool DG by minimizing the distance
between the target predictions and source predictions. Then,
DG is trained to discriminate the target predictions and source
predictions by the loss in (3).

However, global adversarial learning ignores various domain
discrepancies in local regions, which causes negative transfer.
In order to tackle the issue, we apply a local discriminator to the
cross-domain model. Specifically, the spatially dense discrimi-
nator DL, which has a fine-grained capability of distinguishing
local features by preserving the spatial resolution, is used to
align source feature and target updated feature in the way of
adversarial learning. The local adversarial loss functions are
defined as follows:

LDL
adv (F ) =

H∑
h=1

W∑
w=1

[
DL(F (xt)

′)(h,w)
]2

(4)

LDL
adv (DL) =

H∑
h=1

W∑
w=1

{[
DL(F (xt)

′)(h,w) − 1
]2

+
[
DL(F (xs))

(h,w)
]2}

(5)

where F (xt)′ denotes the new feature in the target domain
updated by discriminator attention and DL(F (xt)′)(h,w) is the
discriminator confidence located at (h, w) of the spatially dense
confidence map. Note that the updated feature is strengthened
in local regions with large domain shift, to which DL pays more
attention for achieving various degrees of local adaptation. By
alternatively minimizing (4) and (5), F extracts domain-invariant
local features to confuse DL, and then the discriminatory ability
of DL is enhanced.
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C. Category-Level Alignment

The segmentation network G pursues the spatial joint distri-
bution alignment and the marginal distribution alignment by ad-
versarial learning. However, the global-local alignment does not
explicitly learn the multiple categories semantic structure in the
target domain. Hence, we design the category-level alignment
with the structure of teacher-student network to learn the shared
category feature representations. Obtaining an effective student
model is the purpose of teacher-student network training, which
can transfer clean knowledge from teacher model to student
model. The knowledge distillation in teacher-student network is
able to learn cross-domain knowledge and improve the accuracy
of student model [55]. Thus, we apply the consistency loss
between teacher model and student model to learn the compact
underlying category structure in the target domain. By mini-
mizing the cross-entropy loss in source domain, student model
can also learn the supervised category information in the source
domain.

1) Prototype Initializing: Based on the observation that the
features from the same category tend to cluster, we calculate
the prototypes of each category, which are the centroids of each
category features, to represent the category distribution. Note
that the adapted network G from stage 1 can be used to acquire
more exact target domain prototypes than the source-only train-
ing model. The target domain prototypes are defined as follows:

pi =
1

Λi

N∑
j=1

H×W∑
k

Pijkfj (6)

where Λi is the number of pixels that are predicted as the ith
category in all target training images;Pijk denotes the prediction
of jth target image at index k; and fj is the feature vector at index j
on the class-feature map f , which is generated by the classifier C.

2) Category Feature Compact: In the community of UDA for
semantic segmentation, the qualities of the learned feature repre-
sentations are usually judged by two key metrics, transferability
and discriminability. However, the enhanced transferability by
adversarial domain adaptation brings unexpected deterioration
to the discriminability of category [56], and such a phenomenon
affects the category-level label assignment. Thus, we work on
improving the separability of category features, hoping to obtain
more compact features in each category. During the process, we
effectively learn the underlying category structure in the target
domain, which plays a crucial role in category-level alignment.
Considering that the consistency constraint of teacher-student
network under divergent augmented views can learn compact
category features without labels [57], we apply random augmen-
tations to the image in the target domain and make it consistent
with the original image in terms of feature-prototype distance.
The Lconsist is defined by the Kullback–Leibler (KL) divergence,
which is

Lconsist = KL (dT, dT′) (7)

where dT and dT′ denote the Euclidean distance of feature
prototypes under original and augmented views, which are gen-
erated from the teacher model and student model, respectively.

Intuitively, this formula is applied to make the network assign
the same prototypical label for neighboring feature points, thus
clustering neighboring features together to compact target fea-
ture space. At the end of each iteration, the teacher model is
updated by EMA with the help of student model to generate
neighboring features.

D. Network Training

We implement a two-stage training strategy to gradually
pursue cross-domain adaptation. The cross-entropy loss Lseg

in the source domain is optimized in both stages to guide the
network to learn category supervision information. Overall, the
loss function of stages 1 and 2 is defined as follows:

Lstage1 = Lseg + λ1L
DG
adv + λ2L

DL
adv (8)

Lstage2 = Lseg + wLconsist (9)

where λ1 and λ2 denote the hyperparameters of global and local
adversarial learning; and w is the hyperparameter to control the
consistency constraint. In (8), λ1 and λ2 are used to balance
the relative importance of global and local adaptation. The
hyperparameter w in (9) reflects the degree of compacting cat-
egory features. The training process of the proposed two-stage
framework by minimizing (8) and (9) is shown in Algorithm 1.

III. EXPERIMENTS

A. Datasets

We conduct a series of experiments on two high-resolution
aerial datasets, the ISPRS Potsdam and Vaihingen datasets
[58], to validate the proposed framework. The variations in
geographic location and spectral band composition in the
two datasets provide various experimental scenarios for cross-
domain adaptation.

1) Potsdam Dataset: The Potsdam dataset contains 38 true
orthophotos located in Potsdam city with a spatial resolution
of 5 cm and a fixed size of 6000 × 6000 pixels. The images
in the dataset have three different spectral band compositions:
IR-R-G mode, R-G-B mode, and R-G-B-IR mode, in which
IR, R, G, and B represent the near-infrared, red, green, and
blue bands, respectively. All images are provided with their
pixel-wise labels which comprise six classes of objects: clutter,
impervious surfaces, car, tree, low vegetation, and building. In
order to improve the operation efficiency, we crop all images and
corresponding labels into the size of 512 × 512 pixels with the
strides of 512 pixels in both horizontal and vertical directions,
which is consistent with the work in [34].

2) Vaihingen Dataset: The Vaihingen dataset has 33 or-
thophotos with a spatial resolution of 9 cm, but only one spectral
band composition: IR-R-G mode. The Vaihingen dataset with an
image size near 2000 × 2000 pixels covers a smaller area than
that of the Potsdam dataset. To train the semantic segmentation
network, the images are also cropped to a size of 512× 512 pix-
els but with both horizontal and vertical strides of 256 pixels to
obtain enough samples. This data processing process remains
consistent with the benchmark in [34].
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Algorithm 1: Training Process of the Proposed Two-Stage
UDA Framework.

Stage 1
Input:

Source sample, (xs, ys)
Target sample, xt

Initialize:
G0 , D0

L, and D0
G

Train:
for k = 0 to K do

train Gk+1 ← Gk, Dk+1
L ← Dk

L, and Dk+1
G ← Dk

G

with Lseg , LDL

adv, and LDG

adv

end for
return Gk+1, Dk+1

L , and Dk+1
G

Initialize prototypes:
Input xt into Gk+1 and yield prototypes p0i
(i = [1, 2, . . . , N ])

Stage 2
Input:

Source sample, (xs, ys)
Target sample, xt and augmentation target sample x′t

Initialize:
T 0 (Teacher)← Gk+1 , S0 (Student)← Gk+1

Train:
for k = 0 to K do

train T k+1 ← T k, Sk+1 ← Sk with Lseg and
Lconsist

update prototypes pk+1
i ← pki + pi

update T k+1 ← αT k+1 + (1− α)Sk+1

end for
return T k+1, Sk+1

B. Experimental Setup

We design four sets of experiments on Potsdam and Vaihingen
datasets to verify the effectiveness of the proposed framework:
1) P(IR-R-G)_V(IR-R-G), Potsdam IR-R-G dataset serves as
the source domain and Vaihingen IR-R-G dataset serves as the
target domain, which considers the variations in geographic
location; 2) P(R-G-B)_V(IR-R-G) considers the variations in
both geographic location and spectral band composition; 3)
V(IR-R-G)_P(IR-R-G), Vaihingen IR-R-G dataset serves as the
source domain and Potsdam IR-R-G dataset serves as the target
domain. Note that, the Vaihingen dataset has a lower resolution
than the Potsdam dataset, which means a larger adaptation
difficulty; and 4) V(IR-R-G)_P(R-G-B) is designed to explore
the adaptive capacity of the proposed framework under a more
challenging scenario including variations in geographic location
and spectral band composition.

We employ the widely used Deeplab v2 [7] and Deeplab v3+
[8] with ResNet 101 [59] as the backbone. During the training
of stage 1, the segmentation network is trained by the stochastic
gradient descent (SGD) optimizer with an initial learning rate
of 2.5× 10−4, a weight decay of 5× 10−4, and a momentum
of 0.9. The Adam optimizer with an initial learning rate of 10−4

is utilized to optimize the two discriminators. Both optimizers
are decayed by a poly learning rate policy with a power of 0.9.

We train the network for 50 k iterations with a source and target
batch size of 2 in a PyTorch environment. The hyperparameters
λ1 and λ2 are both set to 0.01, then the parameters of the best
segmentation network are transferred to stage 2. Similarly, SGD
with an initial learning rate of 10−4, a weight decay of 2× 10−4,
and a momentum of 0.9 is used to optimize the network. We train
a total of 20 k iterations in this stage of category-level alignment.

For comparison, the state-of-the-art methods are executed
in the above-mentioned experimental setup. Deeplab v2 only
and Deeplab v3+ only denotes baseline network training on
only source images. Five advanced methods of UDA semantic
segmentation are compared in the study, including AdaptSegNet
[23], ADVENT [24], ProDA [53], Li’s [34], and Zhang’s [60].
The first two studies performed adversarial learning at the output
level (prediction and entropy, respectively) for achieving global
alignment while ProDA used prototypical denoising pseudo
labels to align categories. The last two methods focused on cross-
domain adaptation of RSIs, e.g., DualGAN was applied to gen-
erate fake source domain images similar to the target domain to
improve the transferability of the segmentation model [34], and
a local-to-global domain adaptation framework by the way of
easy-to-hard curriculum was used to perform the cross-domain
segmentation of RSIs [60]. To achieve a comprehensive compar-
ison, we follow the network structure Deeplab v2 and hyperpa-
rameter settings in their paper for AdaptSegNet and ADVENT,
while for ProDA, Li’s, and Zhang’s, we report their results which
are realized by [60] in the framework of Deeplab v3+.

Following previous studies [34], [60], we use F1-score, inter-
section over union (IoU), mean F1-score, and mean IoU (mIoU)
as metrics to evaluate the cross-domain adaptive segmentation
performance.

C. Comparison Result

1) P(IR-R-G)_V(IR-R-G): P(IR-R-G)_V(IR-R-G) adaptive
experiment is conducted to verify the effectiveness of the
proposed framework in eliminating domain shift due to
geographic location. Observing the quantification results in
Table I, the proposed framework (based on Deeplab v2) achieves
state-of-the-art accuracies with 53.63% and 67.21% separately
on mIoU and mean F1-score, which reveals its capability to
transfer knowledge between domains. The baseline suffers
from serious degradation of performance due to a large
domain shift. Thus, the mIoU and mean F1-score values of the
baseline Deeplab v2 only are 32.33% and 44.11%, respectively.
Segmentation accuracies are improved by nearly 11%–13% on
mIoU in AdaptSegNet and ADVENT by aligning cross-domain
marginal distribution. However, we find that IoU and F1-score
of the category car decrease to some extent in AdaptSegNet
because of the negative transfer by global alignment. The
self-training method ProDA and generative method Li’s
obtain the nearing accuracies of global adversarial learning.
Although Zhang’s method achieves great performance, it is still
overshadowed by the proposed framework due to the limited
ability of category-level adaptation.

For individual categories, the outcomes in Table I suggest
that the proposed framework (based on Deeplab v2) obtains the
highest accuracy in the categories of impervious surfaces, low
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TABLE I
COMPARATIVE RESULTS ON THE CROSS-DOMAIN ADAPTATION TASK OF P(IR-R-G)_V(IR-R-G)

Fig. 3. Qualitative results of the proposed framework (based on deeplab v2)
compared with other methods on the task of P(IR-R-G)_V(IR-R-G).

vegetation, which has F1-score of 86.73% and 66.64%. These
categories with conspicuous results usually occupy vast areas in
RSIs and normally have homogeneous internal texture and color,
especially for impervious surfaces. The proposed category-level
alignment can effectively promote the performance of such
categories in cross-domain segmentation by compacting feature
space. Although the proposed framework is not the most accurate
one for the car category, it still realizes improvements over
Deeplab v2 only by 13.84% on mIoU and 16.80% on mean
F1-score. The reason may be that our discriminator-attention
mechanism can notice difficult patches despite the small size.

From the qualitative results in Fig. 3, we can note that the
segmentation outputs of Deeplab v2 only are confusing, while
after the global adversarial learning adaption, the performance
in AdaptSegNet and ADVENT has been improved but the
boundaries of objects are still unclear. In particular, the results
of Deeplab v2 only contain much noise, which intuitively vi-
sualizes the degradation of segmentation model accuracy due
to domain shift. AdaptSegNet and ADVENT learn domain-
invariant features to alleviate the above-mentioned defect from
a global perspective. The proposed framework achieves the best

Fig. 4. Qualitative results of the proposed framework (based on deeplab v2)
compared with other methods on the task of P(R-G-B)_V(IR-R-G).

segmentation results by introducing local alignment and
category-level alignment, in which there are fewer misclassifi-
cations than other methods. For example, it can extract more
complete objects such as low vegetation and clearer object
boundaries such as buildings. This is because, first, the attention
module can focus on hard local regions; and second, the learning
of category latent features makes indistinguishable feature close
to the surrounding distinguishable feature, which results in less
misclassification within objects.

2) P(R-G-B)_V(IR-R-G): We implement the experiment of
P(R-G-B)_V(IR-R-G) to examine the effectiveness of the pro-
posed framework on domain shift of various regional locations
and spectral band compositions, which causes the large appear-
ance discrepancy. Table II denotes the quantitative results. The
proposed framework (based on Deeplab v3+) has the topgallant
accuracy despite the setting of more challenging cross-domain
adaptation, and improving the baseline of Deeplab v3+ only
by 26.46% and 28.96% on mIoU and mean F1-score, respec-
tively. It achieves more accurate prediction compared with other
methods, as shown in Fig. 4. The segmentation results of global
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TABLE II
COMPARATIVE RESULTS ON THE CROSS-DOMAIN ADAPTATION TASK OF P(R-G-B)_V(IR-R-G)

TABLE III
COMPARATIVE RESULTS ON THE CROSS-DOMAIN ADAPTATION TASK OF V(IR-R-G)_P(IR-R-G)

adaptation method, AdaptSegNet and ADVENT are unsatis-
factory, especially in complex scenario due to the negligence
of regional interdomain discrepancy. The proposed framework
considers local adaptation which pursues strong alignment to
hard-adapt patches such as low vegetation to obtain refined
segmentation results. Furthermore, it provides more precise
results of roofs with different spectral characteristics and tackles
the problem of holes mainly by the category compact module.

3) V(IR-R-G)_P(IR-R-G): The V(IR-R-G)_P(IR-R-G) ex-
periment is conducted to further validate the effectiveness and
generalization ability of the proposed framework. It is note-
worthy that the Vaihingen dataset has a lower spatial resolu-
tion than the Potsdam dataset, which brings more challenges
for cross-domain adaptation. Nevertheless, it is obvious from
Table III that the proposed framework (based on Deeplabv3+) is
still superior to other comparing adaptation methods with mIoU
of 50.94% and mean F1-score of 63.31%. ProDA achieves the
lowest accuracy, possibly owing to that the quality of the pseudo
labels is affected by serious domain shift. The results in Li’s
are also unsatisfactory because the image style translation is
unable to fall off the domain discrepancies caused by geographic

location variation. AdaptSegNet and ADVENT obtain more
advanced results by output space adaptation.

Moreover, the proposed framework makes significant im-
provement in the categories of impervious surfaces, car, and
building due to the consideration of local discrepancies and
category-level structure. Small objects of car category in the
target domain the Potsdam dataset is nearly twice the size of the
source domain Vaihingen dataset, which makes the transfer of
car category less challengeable and our feature compact module
is more effective for larger scale objects, thus the proposed
framework can segment cars accurately. We visualize compar-
ison results in Fig. 5 which explicitly reveals the advantages
of our framework. Specifically, the categories of impervious
surfaces and building with similar color and material are easy to
be confused by AdaptSegNet and ADVENT, while the proposed
framework learns category-level semantic features to alleviate
the confusion caused by low-level features.

4) V(IR-R-G)_P(R-G-B): The V(IR-R-G)_P(R-G-B) is the
most difficult adaptation task and was conducted to further
explore the availability of the proposed framework in pursuing
adaptation for different geographic locations and spectral band
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TABLE IV
COMPARATIVE RESULTS ON THE CROSS-DOMAIN ADAPTATION TASK OF V(IR-R-G)_P(R-G-B)

Fig. 5. Qualitative results of the proposed framework (based on deeplab v2)
compared with other methods on the task of V(IR-R-G)_P(IR-R-G).

compositions. As shown in Table IV, the proposed framework
(based on Deeplabv3+) still attains the highest performance
with the mIoU of 45.86% and mean F1-score of 59.74%, de-
spite the decrease in performance compared with the previous
experimental setup. For the categories of impervious surfaces,
car, and building, the proposed framework outperforms Zhang’s
[60] on F1-score by 6.61%, 7.90%, and 2.21%, respectively. We
exhibit the visualization results in Fig. 6. The spectral features of
sparse trees are confused with other objects like low vegetation,
which makes it difficult to align them only by global adver-
sarial learning. Thus, the segmentation results of AdaptSegNet
and ADVENT suffer from misclassification between similar
categories while the designed framework achieves intradomain
adaptation by attention mechanism. Moreover, the result of the
proposed framework responds complete profile for car category
which usually has a small size due to category-level alignment.

D. Component Analysis

1) Ablation Study: We dissect the contributions of each com-
ponent by ablation study on the cross-domain adaptation of

Fig. 6. Qualitative results of the proposed framework (based on deeplab v2)
compared with other methods on the task of V(IR-R-G)_P(R-G-B).

P(IR-R-G)_V(IR-R-G). The results are listed in Table V, in-
cluding the performance of the baseline (Deeplab v2 only), the
framework with only a global discriminator (G), adding a local
discriminator (G + L), and adding a category-level alignment
module (G + L + C). By conducting global adversarial adap-
tation, the performance is improved by 22.35% on mIoU and
25.55% on mean F1-score compared with the no-adaptation
baseline, which suggests the alignment of the marginal dis-
tribution can largely mitigate the accuracy degradation. The
attention-based local alignment module can refine global adapta-
tion due to the consideration of regional distribution discrepancy.
The complete model with the above-mentioned three modules
achieves the best performance that has mIoU and mean F1-score
up to 49.06% and 62.33%, respectively. It further verifies the
contributions and complementarity of the two fine-grained local
alignment and category-level alignment. Fig. 7 further visual-
izes the improvement on F1-score of the proposed framework
variants compared with the baseline for each category.

2) Evaluation on Discriminator Attention: The discrimina-
tor attention maps and segmentation results on the adaptive task
of P(IR-R-G)_V(IR-R-G) are exhibited in Fig. 8. The categories
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TABLE V
ABLATION STUDY RESULTS ON THE DOMAIN ADAPTIVE TASK OF P(IR-R-G)_V(IR-R-G)

Fig. 7. Improvement on F1-score of each category compared with the baseline
(deeplab v2 only). The framework with only a global discriminator is called ours
(G), adding a local alignment module is called ours (G + L), and further adding
a category-level alignment module is called ours (G + L + C).

of low vegetation and tree have high attention values, due to the
large appearance divergencies in vegetation regions that mostly
appear green in the source domain while red in the target do-
main. The discriminator attention module measures the domain
discrepancies of different regional features to guide the local
adaptation, which obtains a refined segmentation result that has a
significant improvement by the noisy result of global adaptation.
Although it is subconsciously believed that the domain shift of
impervious surface is small, some factors impact the alignment,
such as easy confusion with roofs made of cement, often covered
by shadows, and the existence of much co-occurrence. Global
adversarial learning is unable to effectively pursue the alignment
in such hard regions, but the discriminator attention module
helps achieve a precise segmentation result by focusing on the
internal regions with large domain discrepancies, which may be
ignored in the boundary-emphasized entropy map. In addition,
the designed attention module can respond to both small objects
such as car, and large objects such as building to obtain a clearer
boundary.

3) Evaluation on Category Feature Compact: The visual-
ization results in Fig. 9 contain predicted outputs and the
corresponding 2-D space feature maps, which are converted
from high-dimensional features by t-SNE [61]. The complete
framework obtains apparently better segmentation performance
compared with global adaptation and global-local adaptation. In
particular, global adaptation model captures domain-invariant
features but misclassifies the domain-variant regions. By con-
sidering the intradomain distribution divergency, segmentation

Fig. 8. Comparison of discriminator attention maps and segmentation results
on the adaptive task of P(IR-R-G)_V(IR-R-G). The top two rows represent
the input target images and corresponding ground truth. The third row is the
discriminator attention maps where blue to red indicates low to high attention.
The bottom two rows separately represent the segmentation results of the
proposed framework with global adaptation and adding attention-based local
adaptation.

Fig. 9. Visualization of segmentation results which are shown by the third to
fifth columns and feature maps which are displayed by the last three columns.
In 2-D space feature maps, the brown, yellow, cyan, green, and blue represent
the categories of impervious surfaces, car, tree, low vegetation, and building,
respectively.

performance of global-local adaptation model is promoted.
However, it still generates dispersed category features which
significantly affects the segmentation accuracy. The proposed
category feature compact module can decrease the confusion
of categories with high feature similarities such as impervious
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TABLE VI
HYPERPARAMETER ANALYSIS OF GLOBAL AND LOCAL ADAPTATION IN STAGE

1 ON THE DOMAIN ADAPTIVE TASK OF P(IR-R-G)_V(IR-R-G) AND

P(R-G-B)_V(IR-R-G), RESPECTIVELY

Fig. 10. Curves of mIoU of the proposed framework (deeplab v2) with the
changes of w on P(IR-R-G)_V(IR-R-G) and P(R-G-B)_V(IR-R-G).

surfaces and building. In addition, the proposed framework can
reduce inaccurate segmentation inside the object by explicitly
considering the category feature structure.

E. Hyperparameter Analysis

We conducted experiments on two Potsdam-to-Vaihingen
adaptive tasks to analyze the hyperparameters effects of global
and local adaptation, and the results of stage 1 are shown in
Table VI. P(IR-R-G)_V(IR-R-G) considers the variations in ge-
ographic location and P(R-G-B)_V(IR-R-G) considers the varia-
tions both in geographic location and spectral band composition.
It can be seen from Table VI that model almost achieves the most
outstanding performance when λ1 and λ2 are both set to 0.01,
which means we should pay equal attention to global and local
adversarial learning. In addition, we investigate the impact of the
hyperparameter w which determines the degree of compacting
category features, via conducting sensitivity experiments. The
mIoU curves are presented in Fig. 10, in which the proposed
framework achieves the best results whenw is set to 20 and 15 on
the task of P(IR-R-G)_V(IR-R-G) and P(R-G-B)_V(IR-R-G),
respectively. A small w indicates that the feature compact con-
straint is weak, leading to dispersed features for each category.
However, a largew suggests a strong feature compact constraint,
which results in mistakenly compacting different categories of
features that are easily confused due to the presence of domain
shift and lacking supervision labels. The proposed framework is
not particularly sensitive to the hyperparameter w as the curves
in the figure are smooth, thus w is separately set to 20 and 15

on the adaptation of V(IR-R-G)_P(IR-R-G) and V(R-G-B)_P
(IR-R-G).

IV. DISCUSSION

Based on the experimental results, it is necessary to implement
local alignment and category-level alignment together in the
cross-domain adaptation of RSIs, both of which are fine-grained
auxiliaries to global alignment. Essentially, the local adaptation
pursues spatial joint distribution alignment and the category-
level adaptation pursues semantic joint distribution alignment.
Enabling the domain adaptation model to spatially and seman-
tically concentrate on domain discrepancies can significantly
improve its cross-domain segmentation capability. The comple-
mentary of local alignment and category-level alignment can be
proved in Fig. 7, in which the improvement on F1-score obtained
by the two alignments is shown. With the help of local alignment,
the accuracy of almost all categories can be improved compared
with the global-only alignment, except for the category of tree.
Discriminator attention in local adaptation usually focuses on
spatial regions with large domain shift, such as low vegetation
and building patches that exhibit different colors in the two
domains, and car patches with various sizes due to the spatial res-
olution change. However, such a spatial refined adaptation does
not explicitly incorporate category information which is cru-
cial to semantic segmentation [45]. Hence, we further promote
category-level alignment by learning the underlying category
structure. As a result, it brings enhancements to the global-local
alignment in all categories, which means semantic adaptation at
the category level is essential.

The proposed two-stage framework gradually adapts different
domains following the principles of coarse-to-fine and low-to-
high. First, we coarsely align the marginal distribution by adver-
sarial learning, which globally alleviates the domain shift. Such
domain discrepancies are caused by global imaging conditions
and sensor characteristics that seriously affect the transferability
of segmentation model. Although global adaptation obtains ad-
vanced alignment performance, it neglects fine-grained domain-
invariant feature representations. We then refine the coarse align-
ment process by applying the local adaptation and category-level
adaptation, which focuses on low-level spatial features and
high-level semantic features, respectively. In general, the deep
learning segmentation network encodes the feature representa-
tions in the way of low-to-high, because the high-level features
evolve from low-level features. In domain adaptation for the
segmentation of RSIs, we also follow the idea to match the local
distributions and then match the category-level distributions.

V. CONCLUSION

In this study, we propose a novel UDA framework for se-
mantic segmentation of RSIs, which unifies the global-local
alignment and category-level alignment to pursue a fine-grained
adaptation. In particular, the attention-based local discriminator
measures the domain discrepancies in various local regions,
which alleviates the negative transfer caused by global-only
adversarial learning. Moreover, we learn the underlying category
structure from compact category features in the target domain
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to semantically match the category-level joint distribution. The
experimental results show the effectiveness of the proposed
framework, which achieves the best performance in comparison
with state-of-the-art methods, demonstrating that alleviating
local and category-level domain shifts simultaneously is use-
ful. Exploring the context-invariant relationship between two
domains can also facilitate the cross-domain segmentation of
RSIs, which will be investigated in our future work.
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