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Abstract
Cross-scene hyperspectral image (HSI) recognition aims to
assign a unique label to each pixel in the target scene by
transferring knowledge from the source scene. Existing meth-
ods primarily rely on fully labeled source data and either par-
tially labeled or unlabeled target data. No prior work has ad-
dressed the more challenging scenario of cross-scene recog-
nition without label guidance in both scenes. To bridge this
gap, we present the first study on cross-scene HSI clus-
tering, proposing an anchor-guided discriminative subspace
alignment and clustering (ADSAC) framework that follows
a well-structured three-step learning paradigm to effectively
mitigate distribution shifts. Specifically, we first develop an
anchor-promoted graph learning (APGL) model to efficiently
derive accurate clustering labels for the source scene by lever-
aging anchor-based structural information. Next, we propose
a discriminative cross-scene subspace alignment (DCSA)
model to improve feature discriminability and reduce distri-
bution discrepancies. Finally, labels of the target scene are in-
ferred after source clustering and cross-scene alignment. To
solve the formulated models, we design tailored optimization
algorithms to ensure high-quality learning. Extensive experi-
ments demonstrate the superiority of the proposed framework
over state-of-the-art methods.

Code — https://github.com/ZhangYongshan/ADSAC

Introduction
Hyperspectral images (HSIs) are captured by specialized
sensors across a wide range of continuous spectral bands
to record the spatial distribution of the observed area. The
rich spatial and spectral information inherent in HSIs makes
them highly valuable in diverse applications, such as ur-
ban planning, precision agriculture and military defense
(Ghamisi et al. 2017). HSI recognition is a fundamental task
that enhances the practicality of these applications (Ma et al.
2019; Plaza et al. 2009). A large number of effective meth-
ods have been proposed, typically assuming that training and
testing data share the same spectral characteristics and spa-
tial distribution (Li et al. 2019; Zhang, Zhang, and Zhou
2023). This assumption is often violated in real-world sce-
narios. When training and testing data come from different
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Figure 1: Different cross-scene HSI recognition styles. Our
proposed cross-scene clustering method is more challenging
without requiring explicit source and target labels.

environments or sensors, notable differences in spectral re-
flectance and spatial distribution can occur, resulting in the
distribution shift problem (Chen et al. 2024).

To address this problem, cross-scene recognition has been
explored as a potential solution motivated by the principles
of domain adaptation (Kouw and Loog 2019; Sohn et al.
2017; Xu et al. 2022). Given two datasets capturing differ-
ent scenes but sharing the same land-cover categories, it en-
ables knowledge transfer from the source scene to the target
scene without requiring repeated model training. There are
numerous effective cross-scene classification methods (Ding
et al. 2024; Li et al. 2024b). Depending on label availability,
existing methods fall into supervised and semi-supervised
categories. As illustrated in Fig. 1 (a), supervised methods
perform cross-scene learning using fully labeled source data
and partially labeled target data (Li et al. 2024a; Ye et al.
2024). In contrast, as shown in Fig. 1 (b), semi-supervised
methods offer greater flexibility by requiring fully labeled
source data and unlabeled target data for cross-scene learn-
ing (Tang, Li, and Peng 2022; Zhang et al. 2023). Their ma-
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jor difference lies in the labeling requirements of the target
scene.

Although existing methods show strong generalization
performance, they always rely on fully labeled source data
and either partially labeled or unlabeled target data. How-
ever, in practical scenarios, pixel-level annotation for HSIs
is costly and time-consuming (Jiang et al. 2025; Zhang
et al. 2024a). The labeling requirement makes these methods
inapplicable when explicit labels are unavailable for both
source and target data. In such cases, as shown in Fig. 1
(c), cross-scene HSI clustering needs to be explored as a vi-
able alternative. The absence of labels in both scenes signif-
icantly increases the difficulty of this task, demanding effec-
tive techniques as solutions. To tackle this challenge, three
key problems should be considered. (1) Label information is
crucial for effective knowledge transfer from source data to
target data (Zhang et al. 2021). This leads to the challenge
of how to obtain accurate clustering labels for the source
data. (2) Distribution shift arises from significant discrep-
ancies between two scenes (Xie et al. 2024). This presents
the challenge of how to perform effective subspace align-
ment to reduce the distribution shift. (3) Clustering labels of
the source data can be served as valuable clues (Zhang et al.
2024b). This highlights the challenge of how to infer clus-
tering labels for the target data by transferring knowledge
from the clustering-labeled source data.

To solve the above challenges, in this paper, we propose a
novel anchor-guided discriminative subspace alignment and
clustering (ADSAC) framework for cross-scene HSIs. It fol-
lows a well-structured three-step learning process to miti-
gate distribution shifts and address cross-scene clustering.
Specifically, an anchor-promoted graph learning (APGL)
model is developed for effective source clustering, while
a discriminative cross-scene subspace alignment (DCSA)
model is designed to reduce distribution shifts. Target labels
are inferred by applying k-nearest neighbors (KNN) trained
on clustering-labeled source data and target data within the
aligned subspaces. Customized optimization algorithms are
devised to solve the formulated models. In summary, the
main contributions of this paper are as follows.
• We propose a novel ADSAC framework to achieve cross-

scene HSI clustering. To the best of our knowledge, this
is the first study on cross-scene HSI recognition without
label guidance in both source and target scenes.

• We develop an APGL model to effectively derive cluster-
ing labels for the source scene by exploring anchor-based
structural information.

• We design a DCSA model to improve feature discrim-
inability and reduce distribution discrepancies between
scenes for better cross-scene learning.

• Tailored optimization algorithms are devised to solve the
formulated models, and extensive experiments validate
the superiority of the proposed framework.

Related Work
Cross-scene HSI recognition is generalized from domain
adaption and has attracted increasing attention in recent
years (Li et al. 2024a; Xie et al. 2024; Zhao et al. 2022).

Supervised and semi-supervised cross-scene classification
are the two main tasks in this field. Specifically, Supervised
methods predict labels for unlabeled target data by lever-
aging fully labeled source data and partially labeled target
data (Li et al. 2024a). Ye et al. (Ye et al. 2024) proposed a
cross-domain discriminative vision transformer to enhance
feature alignment and cross-scene classification. Addition-
ally, Li et al. (Li et al. 2024a) introduced a spectral coor-
dinate transformer that employs an intra-domain loss func-
tion for robust cross-domain classification. However, when
labels are unavailable for target data, these methods are in-
applicable. Semi-supervised classification addresses this is-
sue by training a model solely on labeled source data and
directly applying it to unlabeled target data (Zhang et al.
2021). Tang et al. (Tang, Li, and Peng 2022) presented
an unsupervised joint adversarial domain adaptation archi-
tecture that minimizes domain discrepancies through class-
level feature alignment. Furthermore, Zhang et al. (Zhang
et al. 2023) developed a single-source domain expansion
network to enhance domain-invariant feature representation
and classification robustness. Nevertheless, when explicit la-
bels are absent for both source and target data, these semi-
supervised methods also become ineffective, necessitating
alternative strategies.

Unlike existing methods relying on labeled data, unsuper-
vised cross-scene clustering is more flexible by eliminating
the need for explicit labels in both scenes, making it well-
suited for real-world applications. To address this challenge,
we introduce our proposed framework in detail.

Proposed Method
The problem definition is introduced here. The source and
target scenes are represented as Xs = {xs

i}
Ns
i=1 ∈ RD×Ns

with Ns pixels and Xt = {xt
i}

Nt
i=1 ∈ RD×Nt with Nt

pixels respectively, where each pixel is described by a D-
dimensional vector. They exhibit differences in spectral
characteristics and spatial distribution. For cross-scene clus-
tering, explicit labels are unavailable for both scenes. This
task is defined as {Ys,Yt} ← F(Xs,Xt), where F(·) de-
notes the learning process to reduce distribution discrepan-
cies and obtain clustering labels Ys and Yt for both scenes.
Fig. 2 displays the overall framework of the proposed AD-
SAC. It consists of three sequential learning steps, including
anchor-promoted source clustering, cross-domain subspace
alignment and source-to-target label inference.

Anchor-Promoted Source Clustering
In this task, neither the source nor the target data contain
explicit labels. The first essential task is to derive mean-
ingful labels for the source data. To this end, we propose
an anchor-promoted graph learning (APGL) model. Specif-
ically, to capture the spatial texture, entropy rate superpixel
(ERS) segmentation (Liu et al. 2011) is applied to the first
principal component of the source scene, enabling the iden-
tification of Ms homogeneous regions. Within each gen-
erated superpixel, all pixels are averaged to derive a rep-
resentative anchor, thereby revealing the underlying data
distribution. Thus, we can obtain an anchor matrix A =
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Figure 2: Illustration of our ADSAC. There are three sequential steps to address distribution shifts and cross-scene clustering.

{ai}Ms
i=1 ∈ RD×Ms , containing Ms high-quality anchors,

each with D dimensions rich in spatial information. Based
on these, APGL simultaneously perform anchor graph con-
struction and anchor-guided clustering exploration to un-
cover the clustering structure of both anchors and pixels in
the source data. Thus, the proposed APGL is formulated by

min
P,A,Z,F,G

Ns∑
i=1

Ms∑
j=1

∥∥PTxs
i −PTaj

∥∥2
2
zij + β∥Z∥2F︸ ︷︷ ︸

anchor graph construction

+ λ
∥∥PTA− FGT

∥∥2
F︸ ︷︷ ︸

anchor-guided clustering exploration

s.t. zTi 1 = 1, zij ≥ 0, PTXXTP = I,

gjk ∈ {0, 1}, gT
j 1 = 1,

(1)

where the first and second terms describe the construction of
anchor graph Z ∈ RNs×Ms by measuring the distance be-
tween pixel xs

i and anchor aj , with their similarity zij ∈ Z
being inversely proportional to this distance. By introduc-
ing a projection matrix P ∈ RD×B , the anchor graph can
be learned from B-dimensional reduced representations, en-
abling effective structure preservation and reducing redun-
dancy. The third term denotes anchor-guided clustering ex-
ploration, where the projected anchors are decomposed into
a clustering centroid matrix F ∈ RB×C and a clustering in-
dicator matrix G ∈ RMs×C to reveal their C intrinsic clus-
ters. Appropriate constraints are imposed to ensure effective
graph construction and clustering exploration.

The joint learning of anchor graph and cluster distribution
effectively uncovers the clustering structure for the source
scene. Notably, clustering exploration is performed directly
on the anchors rather than the pixels, as the number of an-
chors is much smaller than that of pixels (Ms ≪ Ns), lead-
ing to efficient learning. After optimizing Eq. (1) for APGL,
clustering labels for the anchors are obtained from G. Tak-
ing G as a clue, clustering labels for the source pixels can

be calculated as Ys = ZG. This ensures accurate clustering
labels for the source data, facilitating subsequent learning.

Cross-Scene Subspace Alignment
Distribution discrepancies between different scenes should
be minimized for effective cross-scene learning. This can be
achieved through feature alignment within their respective
subspaces (Zhang et al. 2021). To enhance efficiency, we
perform subspace alignment using representative samples
selected from both the source and target data, rather than the
entire datasets. Specifically, M̂s source samples are selected
from each clusters based on the results obtained by APGL.
They are denoted as X̂s =

⋃C
c=1{x̂

s(c)
i }M̂s

i=1 ∈ RD×N̂s ,
where x̂

s(c)
i represents the i-th sample selected from clus-

ter c and N̂s = CM̂s. This sampling strategy effectively
preserves discriminative information across different source
clusters. Due to the absence of target labels, it is not feasible
to select target samples in the same manner as those from
the source data. Instead, representative target samples are
obtained by independently averaging the pixels within each
of the N̂t superpixels of the target scene. They are denoted as
X̂t = {x̂t

i}
N̂t
i=1 ∈ RD×N̂t , where x̂t

i represents as the mean
vector of the i-th target superpixel. This sampling strategy
leverages the spatial distribution of the target scene, similar
to the anchor generation strategy described previously.

Based on the selected samples, we propose a discrimina-
tive cross-scene subspace alignment (DCSA) model to learn
two projection matrices Ws,Wt ∈ RD×R for the source
and target scenes, respectively. These matrices enable cross-
scene subspace alignment, ensuring that: (1) the discrimina-
tive information of clusters in the source scene is preserved,
(2) the intrinsic geometric structure of the target scene is
maintained, (3) the variance within the target scene is max-
imized, and (4) the distribution discrepancies between the
two scenes are minimized. This alignment facilitates effec-
tive knowledge transfer while preserving structural integrity
and improving cross-scene adaptability.
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Source Discriminant Preservation. To enhance the dis-
criminative capability of source samples, we enforce intra-
cluster compactness and inter-class separability. Specifi-
cally, samples within the same cluster are encouraged to
be tightly grouped, while those from different clusters are
pushed apart after subspace alignment (Fisher 1936). Thus,
the source discriminant preservation can be achieved by

min
Ws

Tr(WT
s DwWs)

Tr(WT
s DbWs)

(2)

where Dw and Db ∈ RD×D are the within-cluster and
between-cluster distance matrices. They are defined by

Dw =

C∑
c=1

1

M̂2
s

M̂s∑
i=1

M̂s∑
j=1

(x̂
s(c)
i − x̂

s(c)
j )(x̂

s(c)
i − x̂

s(c)
j )T (3)

Db =

C∑
c=1
c′ ̸=c

1

M̂sM̂ ′
s

M̂s∑
i=1

M̂′
s∑

j=1

(x̂
s(c)
i − x̂

s(c′)
j )(x̂

s(c)
i − x̂

s(c′)
j )T (4)

where x̂
s(c)
i and x̂

s(c′)
j represent source samples inside and

outside cluster c, respectively. M̂s and M̂ ′
s denote the num-

ber of samples within and outside cluster c, respectively,
such that M̂s + M̂ ′

s = N̂s. Unlike traditional methods that
assume a Gaussian distribution and identical class covari-
ance matrices, Eq. (2) relaxes these assumptions, allowing
for better adaptation to distribution differences among clus-
ters and enhancing both flexibility and adaptability.

Target Geometry Preservation. The geometric structure
exhibits an invariant property that is widely utilized in unsu-
pervised learning methods. According to the manifold the-
orem (Tenenbaum, Silva, and Langford 2000), neighboring
samples in the original space are likely to share the same
label, and this property remains valid in the subspace. To
enforce proximity among similar samples, we formulate the
target geometry preservation as the following problem:

min
Wt

1

2

N̂t∑
i,j=1

∥Wtx̂
t
i −Wtx̂

t
j∥22bij

= Tr(WT
t X̂tLtX̂

T
t Wt)

(5)

where bij = exp(−∥x̂t
i−x̂t

j∥
2

2σ2 ) is an element of graph B ∈
RN̂t×N̂t , measuring the similarity between target samples x̂t

i
and x̂t

j based on their p-nearest neighbor relationships. The
related graph Laplacian matrix is defined as Lt = D − B,
where D = diag(

∑N̂t

j=1 bij).
Target Variance Maximization. To preserve the most in-

formative features while minimizing redundancy, the vari-
ance of target samples should be maximized. This can en-
hance cluster separability within the subspace and mitigate
the overlap between distinct clusters. Inspired by princi-
pal component analysis (PCA) (Maćkiewicz and Ratajczak
1993), we formulate the target variance maximization by

max
Wt

Tr(WT
t X̂tHtX̂

T
t Wt) (6)

where Ht = It− 1
N̂t

1t1
T
t ∈ RN̂t×N̂t is the centering matrix

that ensures the mean of target samples being zero. Here,

It ∈ RN̂t×N̂t is the identity matrix, and 1t ∈ RN̂t×1 is an
all-ones column vector.

Distribution Discrepancy Minimization. To achieve
subspace alignment, conditional distribution discrepancies
between different scenes should be minimized. For HSIs, the
conditional distribution denotes the probability distribution
of spectral features given a category label. Thus, we use the
category-wise mean to model this. As target labels are un-
available, we first train an initial classifier on source samples
and generate pseudo-labels for target samples. Based on the
maximum mean discrepancy (MMD) (Gretton et al. 2012),
the distribution discrepancy minimization is formulated by

min
Ws,Wt

C∑
c=1

∥∥∥∥ 1

M̂s

M̂s∑
i=1

WT
s x̂

s(c)
i − 1

M̂
(c)
t

M̂
(c)
t∑

j=1

WT
t x̂

t(c)
j

∥∥∥∥2

(7)

where x̂
t(c)
j represents the j-th target sample within cluster

c, and M̂
(c)
t denotes this cluster size. For simplicity, Eq. (7)

can be reformulated by

min
Ws,Wt

Tr
(
[WT

s WT
t ]

[
Ms Mst

Mts Mt

] [
Ws

Wt

])
(8)

where
[

Ms Mst

Mts Mt

]
∈ R2D×2D is the MMD coefficient

matrix. It is computed by

Ms = X̂s

C∑
c=1

L(c)
s X̂T

s , Mt = X̂t

C∑
c=1

L
(c)
t cX̂T

t ,

Mst = X̂s

C∑
c=1

L
(c)
st X̂

T
t , Mts = X̂t

C∑
c=1

L
(c)
ts X̂T

s .

(9)

We assume that X̂(c)
s and X̂

(c)
t denote the sets of source and

target samples belonging to cluster c, respectively. The el-
ements of L

(c)
s are computed by (l

(c)
s )ij = 1/M̂2

s when
x̂s
i , x̂

s
j ∈ X̂

(c)
s . Similarly, elements of L

(c)
t are given by

(l
(c)
t )ij = 1/(M̂

(c)
t )2 when x̂t

i, x̂
t
j ∈ X̂

(c)
t . For L

(c)
st and

L
(c)
ts , their elements are defined as (l

(c)
st )ij = (l

(c)
ts )ij =

−1/M̂sM̂
(c)
t if x̂s

i ∈ X̂
(c)
s and x̂t

j ∈ X̂
(c)
t . All other ele-

ments of these matrices are set to zero.
Overall Objective Function. By combining Eqs. (2), (5),

(6) and (8), the overall objective function of the proposed
DCSA is formulated by

min
Ws,Wt

Tr(
[
WT

s WT
t

] [µDw + γMs γMst

γMts αU+ γMt

] [
Ws

Wt

]
)

Tr([WT
s WT

t ]

[
µDb 0
0 V

] [
Ws

Wt

]
)

(10)
where U = X̂tLtX̂

T
t and V = X̂tHtX̂

T
t correspond to

Eqs. (5) and (6), respectively. It should be noted that mini-
mizing the numerator of Eq. (10) encourages small within-
class variance in the source scene, preserves the geometric
structure of the target scene, and reduces the conditional dis-
tribution discrepancy between scenes, while maximizing the
denominator promotes large variance in the target scene and
increased between-cluster variance in the source scene.
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Algorithm 1: APGL

Input: Source data Xs, source superpixel size Ms, pro-
jected dimension B, cluster size C, parameters λ, β

1: Perform superpixel segmentation on Xs;
2: Initialize P, A, Z, F, G;
3: repeat
4: Update Z by solving Eq. (12);
5: Update F by Eq. (14);
6: Update G by Eq. (16);
7: Update P by solving Eq. (18);
8: Update A by Eq. (20);
9: until Convergence

Output: Label matrix of source data Ys = ZG

Source-to-Target Label Inference
Finally, a KNN algorithm (Cover and Hart 1967) is per-
formed on the aligned source data WT

s X̂s with clustering
labels Ŷs to infer the accurate labels Yt for the aligned tar-
get data WT

t Xt. This completes the source-to-target label
inference based on the preceding steps.

Optimization
Optimization for APGL. To solve APGL in Eq. (1), we
devise an alternating optimization algorithm to update each
variable while keeping the remaining variables fixed.

Updating Z: When fixing P, A, F and G, we have

min
Z

Ns∑
i=1

Ms∑
j=1

∥∥PTxs
i −PTaj

∥∥2
2
zij + β∥Z∥2F

s.t. zTi 1 = 1, zij ≥ 0,PTXXTP = I.

(11)

Letting dij =
∥∥PTxs

i −PTaj
∥∥2
2
, Eq. (11) is rewritten by

min
zT
i 1=1,zij≥0

1

2

∥∥∥zi + 1

2β
di

∥∥∥2
2

(12)

Eq. (12) can be solved with a closed-form solution (Nie et al.
2016).

Updating F: When fixing P, A, G and Z, we have

min
F
∥PTA− FGT ∥2F , s.t. gjk ∈ {0, 1}, gT

j 1 = 1. (13)

Taking the derivative of F and setting it to zero, F is updated
by

F = PTAG(GTG)−1 (14)
Updating G: When fixing P, A and F, we have

min
G
∥PTA− FGT ∥2F , s.t gjk ∈ {0, 1}, gT

j 1 = 1. (15)

This is a K-means-like problem that can be transformed into
min

∑C
k=1

∑
aj∈Ck

∥∥PTaj − fk
∥∥2
2
, where aj is assigned

to the nearest cluster center fk. Thus, G can be updated
element-wise as

gjk =

{
1, k = argmin

l

∥∥PTaj − fl
∥∥2
2
,

0, otherwise.
(16)

Algorithm 2: DCSA

Input: Source data Xs, clustering source labels Ys, tar-
get data Xt, target superpixel size N̂t, subspace dimen-
sion R, per-cluster selected source sample size M̂s, pa-
rameters µ, α, γ

1: Select M̂s samples from each cluster to form X̂s;
2: Average pixels in each target superpixel to form X̂t;
3: Train a classifier based on {X̂s, Ŷs, X̂t} to obtain Ŷt;
4: Compute Dw and Db by Eqs. (3) and (4);
5: Compute Lt and Ht by Eqs. (5) and (6);
6: Construct Ms, Mt, Mst, and Mts by solving Eq. (9);
7: Compute Ws and Wt by solving Eq. (23);

Output: Projection matrices Ws and Wt

Updating P: When fixing A, Z, F and G, we have

min
P

Ns∑
i=1

Ms∑
j=1

∥∥PTxs
i −PTaj

∥∥2
2
zij + λ

∥∥PTA− FGT
∥∥2
F

s.t. zTi 1 = 1, zij ≥ 0,PTXXTP = I, (17)

gjk ∈ {0, 1}, gT
j 1 = 1.

Based on (Wang et al. 2021), Eq. (17) can be simplified to
min

PTXXTP=I
Tr

[
PT (Q1 +Q2)P

]
(18)

where Q1 = XDrow
Z XT + ADcol

Z AT − 2XZAT , and
Q2 = ADrow

G AT + F̂Dcol
G F̂T − 2AGF̂T . Additionally,

Drow
Z = diag(

∑Ms

j=1 zij), D
col
Z = diag(

∑Ns

i=1 zij), D
row
G =

diag(
∑C

j=1 gkj), and Dcol
G = diag(

∑Ms

i=1 gkj). Thus, the
optimal P is formed by the r eigenvectors of Q1 +Q2 cor-
responding to the r smallest eigenvalues.

Updating A: When fixing Z, F, G and P, we have

min
A

Ns∑
i=1

Ms∑
j=1

∥∥PTxs
i −PTaj

∥∥2
2
zij + λ

∥∥PTA− FGT
∥∥2
F

s.t. zTi 1 = 1, zij ≥ 0,PTXXTP = I, (19)

gjk ∈ {0, 1}, gT
j 1 = 1.

Taking the derivative of A and setting it to zero, A is up-
dated by

A =
(
PPT (XZ+ λFGT )

) (
ZTZ+ λI

)−1
(20)

The entire optimization process for APGL is summarized
in Algorithm 1.

Optimization for DCSA. To solve DCSA in Eq. (10), we
reformulate it as a constrained optimization problem:

min
Ws,Wt

Tr(
[
WT

s WT
t

] [
µDw + γMs γMst

γMts αU+ γMt

] [
Ws

Wt

]
)

s.t. Tr(
[
WT

s WT
t

] [
µDb 0
0 V

] [
Ws

Wt

]
) = 1. (21)

By introducing the Lagrange multiplier Φ, we have

L = Tr(
[
WT

s WT
t

] [
µDw + γMs γMst

γMts αU+ γMt

] [
Ws

Wt

]
)

+ Tr
(([

WT
s WT

t

] [
µDb 0
0 V

] [
Ws

Wt

]
− I

)
Φ
)

(22)
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Tasks Metrics SGCNR HESSC S3AGC BGPC SAPC NCSC SDST AHSGC SLCGC Ours

Houston13→Houston18
(H13→H18)

ACC 0.4564 0.5396 0.6149 0.4210 0.5099 0.4598 0.4546 0.4771 0.4861 0.8688
NMI 0.3063 0.3386 0.3222 0.2652 0.3294 0.1691 0.2016 0.1642 0.1670 0.4645

Purity 0.6841 0.7041 0.6895 0.6601 0.6873 0.6239 0.6388 0.5056 0.5413 0.8783

Houston18→Houston13
(H18→H13)

ACC 0.5265 0.5632 0.5497 0.4783 0.5798 0.5834 0.4079 0.5272 0.5217 0.8680
NMI 0.5260 0.5616 0.5988 0.4834 0.6207 0.4753 0.3394 0.3941 0.3667 0.6456

Purity 0.5320 0.5731 0.5601 0.4794 0.5798 0.5834 0.4501 0.6213 0.5889 0.8182

PaviaU→PaviaC
(PU→PC)

ACC 0.4492 0.6748 0.5492 0.6211 0.6411 0.6522 0.5091 0.5422 0.4848 0.8341
NMI 0.2414 0.6162 0.5435 0.6605 0.5713 0.5279 0.3791 0.3607 0.2670 0.6789

Purity 0.4565 0.6748 0.5600 0.6531 0.6878 0.6522 0.5374 0.5522 0.4968 0.8139

PaviaC→PaviaU
(PC→PU)

ACC 0.5323 0.6141 0.6267 0.5744 0.5066 0.6285 0.4401 0.4690 0.4379 0.7286
NMI 0.4509 0.4677 0.5286 0.5147 0.2692 0.3442 0.2496 0.1908 0.2426 0.6314

Purity 0.6847 0.6555 0.6668 0.6910 0.5376 0.6511 0.5721 0.5522 0.5390 0.8701

Dioni→Loukia
(Di→Lo)

ACC 0.5380 0.4692 0.6315 0.6264 0.5667 0.5369 0.3356 0.5365 0.4605 0.8379
NMI 0.5305 0.4475 0.5650 0.5279 0.5217 0.4357 0.2684 0.4129 0.2994 0.5777

Purity 0.6422 0.5812 0.6633 0.6350 0.6048 0.5514 0.4816 0.6603 0.5421 0.8423

Loukia→Dioni
(Lo→Di)

ACC 0.5281 0.4623 0.4489 0.5147 0.4769 0.3738 0.3837 0.3982 0.3505 0.7723
NMI 0.4991 0.4833 0.4328 0.4552 0.4422 0.2944 0.2293 0.3093 0.2144 0.4992

Purity 0.6181 0.6414 0.5993 0.6376 0.5808 0.4478 0.4445 0.4605 0.3794 0.7728

Table 1: Performance of different methods for cross-scene clustering tasks. Best results are in bold, second-best are underlined.

By setting the derivative ∂L/∂
[
WT

s WT
t

]
= 0, we have[

µDw + γMs γMst

γMts αU+ γMt

] [
Ws

Wt

]

= Φ

[
µDb 0
0 V

] [
Ws

Wt

]
.

(23)

where Φ = diag(Φ1, ...,Φk) contains the top k eigenvalues,
and [Ws Wt] is formed by the corresponding eigenvectors.
It can be solved by generalized eigenvalue decomposition.

The entire optimization process for DCSA is summarized
in Algorithm 2.

Time Complexity
The time complexity of ADSAC is dominated by the opti-
mization of APGL and DCSA.

For APGL, updating each variable involves: O(BNsMs)
for Z, O(BDMs) for F, O(BDMs) for G, O(D2Ns +
DMsNs) for P, andO(DNsMs+NsM

2
s ) for A. With C <

B < D ≈ Ms and Ms ≪ Ns, the overall complexity is
O(NsDMsT ), nearly linear in Ns.

For DCSA, constructing matrices and performing eigen-
value decomposition takes: O(N̂2

sD
2) for Dw and Db,

O(DN̂2
t +D2N̂t) for V and U,O(CD(N̂2

s +N̂2
t +N̂sN̂t))

for the M matrices, andO(RD2) for eigenvalue decomposi-
tion. The total complexity is O(N̂2

sD
2 + CDN̂2

t ).

Experiments
Experimental Setup
Datasets. There are three datasets adopted for experi-
ments, including Houston, Pavia and HyRANK. The Hous-
ton dataset includes the Houston2013 (349 × 1905 pixels)
and Houston2018 (349× 1905 pixels) scenes, both contain-
ing seven land-cover categories and 48 spectral bands. The
Pavia dataset consists of the Pavia Center (1096×715 pixels)
and Pavia University (610 × 340 pixels) scenes, both with
seven land covers and 102 spectral bands. The HyRANK
dataset comprises the Dioni (250× 1376 pixels) and Loukia

(249×945 pixels) scenes, with 12 land-cover categories and
176 spectral bands. We evaluate our ADSAC on six cross-
scene clustering tasks based on these datasets.

Compared methods. Since no existing cross-scene clus-
tering methods are available, we compare our ADSAC with
nine state-of-the-art general HSI clustering methods. These
include five shallow methods: SGCNR (Wang et al. 2019),
HESSC (Rafiezadeh Shahi et al. 2020), S3AGC (Chen et al.
2023), BGPC (Zhang et al. 2024a), and SAPC (Jiang et al.
2025), along with four deep methods: NCSC (Cai et al.
2022), SDST (Luo et al. 2024), AHSGC (Ding et al. 2025a)
and SLCGC (Ding et al. 2025b). Notably, clustering is first
performed on the source scene, and the resulting labels are
transferred to the target scene, as previously described.

Implementation Details. The optimal parameters for
ADSAC is determined by a grid-search strategy. Specif-
ically, B is decreased in steps of D/6, while R is se-
lected from [D − d,D − 2d, ...,D − 4d]. Additionally, λ
and α are varied from [10−3, 10−2, 10−1, 1, 10], µ is tuned
within [10−5, 10−4, 10−3, 10−2, 10−1, 1, 10], and γ is se-
lected from [0.02 : 0.01 : 0.07], Moreover, Ms is chosen
from [250 : 25 : 350], N̂t is selected from [14000 : 500 :
16000]. For other methods, we use their provided source
code and optimal settings. To reduce randomness, all meth-
ods are run ten times, and average results are reported. Clus-
tering performance is assessed using ACC, NMI, and pu-
rity. ADSAC and other shallow methods are implemented in
MATLAB 2022b, while deep methods use Python 3.10. All
experiments are conducted on a machine with a 3.00 GHz
CPU and 64 GB RAM.

Results and Analyses
Clustering Performance Comparison. Table 1 shows
the clustering performance of various methods in cross-
scene tasks. ADSAC consistently outperforms all com-
petitors, demonstrating strong generalization and robust-
ness to distribution shifts. In Houston13→Houston18 and
Houston18→Houston13, ADSAC achieves the highest ac-
curacy. In more challenging tasks, it often exceeds the
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SGCNR HESSC S3AGC BGPC SAPC NCSC SDST AHSGC SLCGC Ours GT
Figure 3: Clustering maps of Houston2018 via knowledge transfer from Houston2013 with diverse methods. GT: Ground truth.

Source superpixels Ms Target superpixels N̂t

Parameter λ Parameter α

Parameter γ Parameter µ

Figure 4: Parameter Sensitivity study of our ADSAC.

second-best method by a large margin, such as improv-
ing ACC by 16% and Purity by 14% over HESSC in
PaviaU→PaviaC. It also outperforms S3AGC by over 20%
in Dioni→Loukia. These results highlight ADSAC’s ability
to effectively handle distribution shifts and align subspaces,
making it a more flexible and reliable choice for cross-scene
HSI clustering. As shown in Fig. 3, ADSAC’s clustering
maps most closely match the ground truth, further confirm-
ing its superior performance.

Parameter Sensitivity Analysis. Figure 4 illustrates the
performance of ADSAC under different parameter settings.
For the numbers of source and target superpixels (anchors)
and the parameter λ, ACC varies only mildly within the
tested ranges. For parameter α, ADSAC achieves the op-
timal ACC when α = 1 in most cases. For parame-
ter γ, ADSAC is less sensitive in PaviaU→PaviaC and
Dioni→Loukia. For parameter µ, ADSAC shows fluctuant
results in most cases. Fortunately, satisfactory results can be
achieved with minimal parameter tuning.

Ablation Study. To assess ADSAC, we conduct an abla-

Settings (I) (II) (III) Ours

Modules APGL ✗ ✓ ✗ ✓
DCSA ✗ ✗ ✓ ✓

Tasks

H13→H18 0.3999 0.4638 0.5335 0.8688
H18→H13 0.4272 0.5506 0.5725 0.8418
PU→PC 0.5633 0.7008 0.6430 0.8341
PC→PU 0.5233 0.6004 0.6211 0.7286
Di→Lo 0.5236 0.6859 0.6250 0.8379
Lo→Di 0.5163 0.6052 0.6972 0.7723

Table 2: Ablation study of our ADSAC (in ACC).

Tasks S3AGC SAPC SDST SLCGC Ours
H13→H18 0.6687 0.6657 0.5452 0.7645 0.8688
H18→H13 0.8497 0.7758 0.7060 0.7677 0.8680
PU→PC 0.7162 0.7086 0.6797 0.7669 0.8341
PC→PU 0.6491 0.6427 0.6669 0.5938 0.7286
Di→Lo 0.6355 0.7930 0.6836 0.6442 0.8379
Lo→Di 0.6113 0.7521 0.7182 0.6712 0.7723

Table 3: Effect of APGL (in ACC).

tion study using three degraded variants. In these variants,
APGL is replaced with k-means, and DCSA is removed to
disable subspace alignment. As shown in Table 2, variant
(I) discards both modules and yields the worst performance.
Reintroducing either APGL or DCSA in variants (II) and
(III) leads to clear accuracy gains. The full ADSAC model
further outperforms all variants, demonstrating the advan-
tage of jointly leveraging anchor-based source clustering and
subspace alignment. We also replace APGL with four strong
clustering baselines and observe consistently lower results,
as shown in Table 3. This indicates that APGL offers more
accurate source clustering for cross-scene transfer.

Conclusion
In this paper, we first proposed the ADSAC for cross-scene
HSI clustering, comprising three key learning steps. First,
the developed APGL model leverages anchor-based struc-
tural information to obtain accurate clustering labels for
the source scene. Next, DCSA model learns discrimina-
tive feature representations for both scenes within aligned
subspaces by reducing distribution discrepancies. Finally, a
KNN classifier infers target labels by training on clustering-
labeled source data and target data within aligned subspaces.
To solve the formulated models, customized optimization al-
gorithms are designed as solutions. Extensive experiments
demonstrate the superiority of the proposed ADSAC.
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