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Hierarchical Clustering Guided and Global Context Enhanced Pan-sharpening
Network
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Abstract: Objective Pan-sharpening aims to fuse a high-resolution panchromatic (PAN) image with a low-resolution mul-
tispectral (LRMS) image to produce a high-resolution multispectral (HRMS) product.  The key difficulty lies in injecting
spatial textures from PAN without violating the spectral relationships among multispectral bands. Maintaining this balance
becomes more challenging in heterogeneous scenes where land covers vary within a small neighborhood and structural edges
cross semantic boundaries. Many deep learning approaches adopt convolutional neural networks (CNNs) and learn a global
mapping from the concatenated inputs, but the locality of convolution and the lack of explicit region priors often lead to
over-sharpening, ringing, and color shifts, especially around boundaries and in shadow and vegetation areas. In addition,
sensor-dependent factors such as blur, noise, and band responses make it hard to transfer a fixed sharpening pattern across

scenes. Hence, incorporating both region-aware priors and long-range context is important for stable spatio-spectral fusion.
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Methods We present a hierarchical clustering-guided pan-sharpening network with global context enhancement, referred
to as HCPNet. The network follows an encoder—fusion—decoder design and predicts an HRMS output by adding a learned
high-frequency residual to the LRMS image upsampled to.the PAN resolution. Skip connections pass shallow textures to the
decoder, and residual learning stabilizes optimization and reduces the risk of over-sharpening. The guidance mask used by
the proposed method is computed directly from LRMS spectra and does not require extra annotations. Two complementary
ingredients are introduced. First, region-aware fusion is driven by a hierarchical clustering prior. Instead of treating all pix-
els equally, we construct an explicit homogeneous-region guidance mask from the LRMS spectra. To obtain reliable parti-
tions in complex scenes, we adopt a hybrid strategy that combines agglomerative hierarchical clustering (agglomerative
nesting, AGNES) and K-means. The hierarchical stage builds a dendrogram using spectral angle distance and Ward link-
age, and an adaptive cluster number is selected according to clustering validity (Davies—Bouldin index) and the change
rate across cut heights. The resulting cluster centroids are then used to initialize K-means, producing pixel-wise cluster
labels that are reshaped into the guidance mask. This prior is injected into the backbone to route features and to realize dif-
ferential processing: pixels within a cluster share convolutional responses to preserve spectral consistency in homogeneous
areas, while inter-cluster interactions are handled through residual fusion to avoid block artifacts and to prevent the propa-
gation of sharpening errors across boundaries. In the shallow encoder, a Hybrid-H block leverages relatively stable low-
level features to generate a reliable partition and an index map; in deeper layers, a Hybrid-D block updates routing with
lower overhead to adapt to feature distribution shifts as depth increases. A patch-centroid representation for cluster proto-
types and a lightweight dynamic adjustment mechanism are used to improve stability across different scene complexities. In
our implementation, the deep routing uses 32 clusters with a small filtering threshold of 0. 005. Second, global context
enhancement is achieved via an Efficient Feature Transformer (EFT) block. To overcome the limited receptive field of con-
volution, EFT augments local features with long-range dependencies using spatial-reduction multi-head self-attention. Con-
volutional features are projected to query, key, and value embeddings; attention weights are computed with scaled dot-
product similarity and normalized by softmax; and the attended feature is fused back through residual connections. Spatial
reduction is applied when computing keys and values, which lowers complexity while preserving coarse global structures.
The resulting context feature helps propagate cues across distant regions, improves large-scale structural coherence, and
reduces boundary artifacts caused by purely local sharpening. In the experiments, a lightweight configuration is used,
including a single attention head, a small feed-forward expansion, and dropout regularization, to keep the additional cost
moderate. The network is optimized with a multi-constraint objective. The total loss is a weighted sum of three terms: a
spectral-angle loss encouraging the predicted and reference spectra to have similar directions, a clustering-consistency loss
aligning feature distributions with cluster prototypes (including a symmetric Kullback—Leibler divergence term and a com-
pactness term) , and a reconstruction loss penalizing pixel-wise absolute errors. These terms jointly supervise spectral
shape, region coherence, and fidelity of the reconstructed details. During training, images are normalized to the sensor
radiometric range, and reduced-resolution samples are generated following the Wald protocol. Results Extensive experi-
ments are conducted on the Quick Bird and GaoFen-2 datasets. Under the reduced-resolution Wald protocol, where an
HRMS reference is available, we report spectral angle mapper (SAM ), ERGAS (Erreur Relative Globale Adimensionnelle
de Synthese) , and mean universal image quality index averaged over bands. HCPNet consistently improves these metrics
across scenes and sensors. On Quick Bird, it increases SAM and ERGAS by 3. 4% and 4. 0% and increases (), by 1. 6%
compared with the second-best baseline; on GaoFen-2, it increases SAM and ERGAS by 8. 0% and 1. 2% . Across both
datasets, improvements are observed in urban and rural scenes, and the method avoids noticeable spectral shifts in vegeta-
tion and shadow regions. Qualitatively, the proposed method produces sharp yet clean edges and maintains consistent col-
ors in homogeneous regions ; it also suppresses ringing and halo effects near high-contrast boundaries, where many learning-
based methods tend to over-inject high-frequency components. Ablation studies verify the complementary roles of the two
key components: removing the clustering guidance increases boundary artifacts and degrades spectral stability, while
removing EFT mainly harms cross-region consistency and large-scale structural coherence. Because clustering is performed
on low-dimensional spectra and EFT uses spatial reduction, the overall computational overhead remains manageable in

practice. Conclusion By combining an explicit hierarchical clustering prior for region-aware fusion with an efficient
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attention-based global context enhancement module, HCPNet improves pan-sharpening quality in heterogeneous remote-

sensing scenes, delivering clearer boundaries with lower spectral distortion.

Key words: pan-sharpening; hierarchical clustering; global context; self-attention; region-aware fusion; spectral preser-

vation

WXE A [DOI: 10. 11834/jig. 260115

0 35

il

15 7 IR 22O 1 BRG AR A BT I A PR
T H Rl R I T AR S5 I A A A T A
YEFI(Li%%,2017) 0 SR, 52 UG RE 1 R ], 20— 1%
SRR E L [R] I 2145 25 25 ) 3 B R 5 e G i 0 B Y
PG o LTI A X R 00 T i 3 B A 1 28 5l - —
J& 4 {0 (panchromatic, PAN) E4 , H:25 [0] 43 38 K 5
EAL S PR B R B s & 2635 (multispectral , MS)
PG, OGS B B EAS ) 7 PR BAR . Ay i o B
— A% SR AR AR HUE B4 R, 4> €5 404k (pan-
sharpening) £ RN IE A

OB B A=A 4 0 R A 23 (8 401
TEAZ G UG b, Rl B A il B 25 ) o R
o G T PR LS Y 5 BT AR (Kaur 55, 2021) o %480
(1) 4= (B Ak T 7 20 R 53 B 48 (component sub-
stitution, CS) 122 43 3% & 43t (multiresolution analy-
sis, MRA) P K2 (Vivone % ,2015) . CSEFTH L
Tk EG AR 52 2 (W R ik 25 ], ) 4 60 T AR 2 i
Horp i s 8] o3 ok 52 U A (Adazzi 55, 2007) o M
O AR R B [ 401 SR ROR W L (Hi%
TR A ER 0 265 & i Be e L 57
X TR E A 5 R AR AEME LS, W 5 5 | R 6T
RE, MLZT  MRA ZET5 2R 2 RUE 23l SR s
e A £ LR A BT T A 208 K &
(Garzelli #l Nencini, 2009) . ST AR LIEIR
FLRE 7 T RIS AR AL S A 1 TE A 2
(4 T) 8L, 25 ) TE Rl PR R 30 2 Ak 7 A 3 A S8
(Gibbs phenomenon) . P I, 404e] 75 A4 2048 T 5 [
G HERR I RIS 5 KRR B AR S R T R Ak, 4 02
158 I 1% T I (A A% U XA

VEAER B TR BE A ) 1 4 B AR SRk A A
SRR AR R E LG BE T, B U T g ik
(Masi #,2016) o FEUREES: ] B, BF5E N B3 2R
Fi 2 FH #2245 (convolutional neural networks,

CNN) 4 2 i 2] 35 69 Wl 55 52 80 3] 400 Masi 25 A
(2016) 42 i 1 = JZ2 B RE5 M, Bk R 2
T FUR B 43 B R A A E Ze M S5, Sy il 8K
HIJFEBE T . kSR T A S R
1, 5825 ST BRI BE 51 LIRS B VR 2 M 2%, 3Rk
il TR0 R TR 2 ) R T AR E R R BE ) (Wei 45
2017) . S IHelRI 2075 VAR [a) i i s A T
2RI, 1 ) 45 B L 10 TR R IR ) v AR B B 2
(Yang %5,2017) o

Bl 5 TR B 2 > ) R R, I 28 5 ) Fh BRI 8 AP R
Ji& Sk 223 SCHRAE  BUI il T 46 4 il i BB 4 4 1A
()45 (A RRAE 5 225015 R B G TS AP AE , 7R R J2 i
FTRRIE A LA RO 2K L (Lin 55, 2020) o A ifkE—
A 26545 2 RAE , Jin 55 A (2022b) $H T 408
JERFE RS AW, S22 48 A W) 2 5 B LA T
FH TR N CNNTE R SR RE B2 Uy T AL
S, (A HURAZ B A R M DA T Xl b SOOGHK
NI, Huang 55 N (2025) £ H /)N i il B 22 90 3 )
£, 485G AR A ARG 56 22 R AIE 179 R e
Shy SRS A0 b A 2 R S0 R B e ok T
—fE A RUZ AL, S5 80 T ACE FH E A Ak
(Huang %% ,2025a) . £ X7 261 EIE R4 , Hou 56 A
(2025) 51 A X [ 38 ) {8 Ak Transformer 2244 , LA 4
THEEADNE 5 Z i W A s i AR R ) o i — 20 0 F
TNV R T 2R B EE PR, DA R 2
KA A 2 1 [0 B (2 b R 2 ,2023) o 95—
J5 1T, AL B Transformer 1555 2% FE Bl 7 514 B —
UG B IR] T, He % N (2025) # HH T JE TR & 25 [H)
FE T (state space model, SSM) 1) Pan-Mamba 2244 , %
DR 38 2ok 5 ) A S SBBL] A URS T A 4
2R MRS RE T, TRl PR A A2 R BE AR, S
BT 55 B T TN S s e R

b 5 5T AR A Jin B N (2022a) £ HH 1Y
LAGConv i1 A2 H 380 45 TR 5 42 R g 4
58 JR) FB— 42 JR FRAE , Duan 55 A (2024) £2 HH /) CAN-
Conv 7EAE R B FRHEZL th 5] AN 2 A 18 AL LA
JRTHES X A HRE ) o A OGBS BK ) TR [ 2841,

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

i 3 5 | AGR AR sl S A2 AL B T T et S ke e
P (Yan 45,2022 Tian 25 ,2023) . SR, R k%
A I X T T ke S AN T 2H 031) b 4 1) < DX 3R Y 5
NIRRT RS Z B TR R, AN T e
Z ik G T & I AR B A 7R SE 0 X
) ST O 5 SR DX A0 A (T XE LA F
1 W 4R

g5 BT R A R )y i C UG B
HE R B AR A AT 2% 18 SRR 7 ST TR I R )2 K Pk G
TG, SRR AN A S A SR A R — B EXE LA ], PR
7 A AR R A JR P S 5 1T T B2 DX 3 2 A S E
21 A N RS 1 [ 1 1 S8 T R NS 29 5 £ e S S
— (AL TR | K B RS AR A 34 5[] o ) 44, B
T Z A0 ) S T P A 52 o X R AN DX 3 Y b 387
AT A5 5 X DA e o i X3RO i — B 1 [
ek, A7 RS PRS0 X s 20 E A

SR | A R4

HEEERN

RUEAEREER 2R ETOHER

/ ~ & E TN
P T =

X
HRMS
YE: PAN—2EI; LRMS (B4 HHE MR, HRMS 4l i M2t Mg

K11 HCPNet J5 ik BRI FE ]
Fig. 1  Technical workflow of the proposed HCPNet

BERS A 2 S b ML) S TP R A X B2 S A
R SR LB JR) A T 1 R 5 4 SR A — P afE
DRSS S JBL [0] 50, 4 el — 7, AR SCHR SRR 2
IR EBALMY . T A Z Ot BT 2K
RHKIFEE B K-means H B[R] B X 385 | 4@ 15 ; Bl I
K PAN LMS,, SHEE M, DF LA T M2, 1762
RIS IR 2 PO 45 T SO B 22 RUEE 32
R E A IR A R S IR 5| A Z AR
RGN G R B S AT D R R DLk 2E U5
HHE(F RIS RS BRI,
ASCTAEFZMT

D2 T R RIS K-means IR A 1 LAk
6 PR ORI o IZSRIE B e AT RRBOR 4 IRl i Rk
HRC T A T 5 DX T 0 s T A FR R 25 2

B, ST R E M) e PRI 3 R AR B

2) It T2 bR S0 5 3 (efficient feature
transformer block , EFT Block) . A5 B 45 & 46 Bl ph
2 4 I R T AL SR T B X B TR SOfR R
ZH.,

I T Z AR P FEILARESS . G5 GIRGRE
Jegm ML it TR -FEUR Otk 5
AR 0 52 B R, TR A TR 4T 1Y [ A
Remdl TR 5 5 AT hig .

1 ARXFiE

A RS FER 2O E 5 LRMS, I
U X = YR B SR 31 5 4 6 R R 43 B 11
g5 RC W LMS,,, Horh S REOLIE D B, LMS, £
TR T B2 [ SOEAR X AN 5 id 2 6
P4 PAN, HUH 8 2508 25 1] 4 HE R AR A AL 3% B
B AR B o P Z A T A 1 25 1) 23 PR b 6
ro B H=rxh, W=rxw , e rfr (H, W) 45 Ch, ) 73 50100 5
R T Mz T o AR SCR 7R 27 ) 3 33 1 4
2R LW BR B, OULII L% (PAN, LMS,) H EE 4
s A HER 2R R Y. AR5 RO TE T TE
U] REARAE AR 1 R (4 R K 4 AR 1 e
WS [ 20 15 A5 ATE A Z OGS AR, R d ikt G ph 4
TSRS ARSI 5 45 hE

Q& 2 R, HCPNet R 43 B B 14 2 b — fift
AHEZL . LA = AR O R B UCR R E
B AR . AR 2GR R LI A
2 UV A [ 0T XSS5 4, A s | SR M, M
G, DT T I 2% % 5 o 4 49y 1) 2 5 AL R AIE g

Bty , TEABUR) S RAEFEA 151 A & A 1 2 07
A, 0 A I B DX AR, 98 i DR L 45 4 — X
VIR DN s Ho =, R PR MR E A b . e i
2 PR IR 4 5 5k 2 7 > MG, IR S D5 R
HB AR 25 (BT o AR ZRBT B, 28 7Rk 5 4
KRB 4R S N AT SR AL IR R % RO
T S AR R R R — B AR i
4585 B 2 M L R SO 2 m BE 1 5 EFT By
42 J5 bR SCHEMSERE ), HCPNet BES 76 TR 2 RRAIE 4 7]
HERp GG 1) B — Bk, T I 55 A 45 4 S B
T fE I EiAL .

© h[E KR KL AR



A, BRE, BEx, FTEE
BARRESE52RBETXIERNEBHRUNLE

1.1 BREE SEHR

EBIREMG D, B 225 i Y il 5 sr A7
TR 25 5 A0 0B IR EMECR I L =51, 5 7E R i
DX 35l 60 O, I E S AL S APRRE . RS RR
FUnT A R XSS E 3 AR SCR HZ IR R 285 B9 TR
B RBHEE o 2R 2 RS54 LUAL
VIR BT 5 HOw) 4 s R LU WD iR 1R i3 1T K-
means A& i [ 5 X805 S HE 58, FH T )5 252 25 S+ Ak il
Go LB N LUE =P

DOGTEREA Y 2 B R 0 S0 ) &
WHx (i=1,2, N, H WA R &S
FERE , N=HXW R G R BEL

B

52

|

PAN

IRMSA ‘

—»EB—»EFT_BIock—»@-» —»T—»
’ 'w @ ST
T H "

2) BRI R TR G )2 IR 2 (agglomera-
tive nesting, AGNES) X {&, [ #1174, R >R G
1 58 25 (spectral angle distance , SAD) £ & #f A 1] i
B3I Ward 2 424 0 Az BURARIE T2

3) I RS R0 4 v O i A < ZE AR BT Y A ]
BT R 9T 15 R A A 48 bR 45 2 (Davies-
Bouldin index, DBI) , Jf-4% &% 0] 5 25 A8 fb R H 3@ L
PR K, HoE LR
ADBI(K
AnAIR) (1)
St KRG K BE A DBLCK) e
B THRE0 T TOR X LA T I R A 2K

K" = argmax
K

EFT Block
REcita BHL 76 E At
Bk MHA ) BH s O
N 4
)

MHA Block

K Er

B

if
EE
i

HRMS

I
I
— ) 4
2 : Hg;:il) EFT_Block4>@—v —w}»T
I EZx ©
: |Leaky Relu []  BBEBH [0 sasn [ x#rH8
: W somax @ g (] st [ 2xFpeam
i Hybrid-H Y R
Hrée3 D—> EFT_Block —» g = Qs D wrrmm A Lxw T

) Wxuxs [ emEs [JGELU Activation [ ] 1x1 K4ER

12 HCPNet 5425 b F SCHE R AHUR L (a) HCPNet BAK 25 284 5 (b)EFTH; (o) 23k AR ) PR
Fig. 2 Schematic diagram of HCPNet and Global Context Enhancement Module. (a) The overall network architecture of HCPNet
(b) EFT block; (c¢) Multi-head self-attention sub-module.

Hybrid-H Block
BN EAPED KM

HUMRHIESE B ={x1,x2,",xn}
N
's

Hybrid-D Block

Kmeans%# 2%

E#5

B

HHARRSAE

—=
=
—
—

1K A RFAE 751

(Hybrid-H 5 Hybrid-D)%*@
Hybrid-H and Hybrid-D blocks.
K3 JRREHET| SRR 2E R

Fig. 3 Structure of the hierarchical-clustering-guided

ﬁ;”ﬁ—ﬁ’%@ﬁﬁ@ﬁ%ﬂ DBIFY A .

TEAT B LR RUT , AR AR &L T X5 107 f) K7
FEMUBL O K-means FUWILG R P.OHEE D BTG
Lt (0 8 K505 00 B v 0 S WD 46 432 47 K-means , 15
BN BEMEER 2RI FR 2 mi, IR AR 7 91 K s
[ ]ST AR 3 [ o XI5 | S R I, 4 aed A ] ]
AXFERIBWTR

Co=1{c.cp, ¢, ) = Centroid(T,K") (2)
Mmaxk = ReShape([mlamb'”»mw]7(H’W)) (3)
K, CONPIIR T DR e, A kR TR ) i

T ]2 R A L REAR 18T 5 Centroid ( +) 78 7E 45
© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

AEVIENZ R T RS B R o m o MR
R RERLE, BUEEF R (1,2, - K| ; Reshape
(O FRB KR N B —ZER 25 31 i HxW B HE A
TR H W o o MR E S T

T R A e R R R iR P R
3G TIR B FR 2ZE P 45 S HOR R 2 25 Ak b 21
AR, TEASC TR IZ Bh AN B R 0 R o 32,
1 U8 E L 0. 005
1.2 FTFMERHMELFETXIGRER

F 4R FH 43 B B 4 g i — fig A xCHE 42, JF
A L B B Wk BR G 4 S 2 RO R E Rl A S S
A\t AR L R 2O AR 55| AR
FEIE B AP A A TR A

X = Concat(PAN,LMS,,.M.,.) (4)
A, X 28 5 A 5K s PAN g2 (5245  LMS,, N
M=K RIS B 2061552185 M, o8 TR BT DX 35 |
SHERR ; Concat (- ) R/~ 1B i 4EPHEF T

i B Bt SR & 28 BB Bt : Stage 1 40T
HE VR SR w58y, ki
Hybrid-H JAE R Je 405 | 5 N 3647 Ry S0 20 7 1 5 Jf:
PR RGBT 3 s Stage 2 7 THEEZ , R
Hybrid-D HAR H5 88 2 R AF 53 70 ol 25 28 3% v, DAk
WA R R o A I BRI R kR 2
Al AR Z AN 5 R TE S, R HR E A A T 5 A
B 22,15 B RFEZO6E 2R LMS,, AH N 15 2 4
Y.

Ry G A R Jy 30 Az BT R o -394 5 85 DX A
BAZH., AR SCETF Transformer 427 1 SO 50
B IZITHAE R A7 RG] oy 3 S Bt 1 [T
CINERE =ik KRR W Y 8 N N R S S 1]
% DI AR A S R B S, R T R AR R R IX
SRR AR R E T

EFT YR T — b 2549 , e X 5 A RRAEEA T
VAR B F,, P i 2 R AR A i R
L <

Q=FW, K=FW., V=FW, (5)
L, FORZH LS B4 ASFE s Q K.V 53 51 h
A BB I s W, W W SRS R B ] 2 ) 24
R

FESLIERY b EFT YR 48 s LB T
& )ry LR SCHIT R G

F, = softmax( S Vv (6)

Jd,
Kb, PO ER R A G M AR FHE ; softmax (- )
A — Ak R B K F R B 5 d, R i) i 4 T4
T BB AR E DIk
HARERENE, h FEER SRR, |
AR PR PR R R I SRR iR S
SAETFES . DI, AR SCTE EFT B py 383 23 6] 43 3 25
HEAT R RAE  FERAR A HE R 1 57 42 Jm) IR [
AR BERAHE, DA a8 145 245 85 X3 1
TXAF B . SRR, JRE s Ao SR e A s
SNGANT, 2R S5y AN RS KA R
T A% 25 7 A DI [ B R 1 B Ak
TSR
TE M 28 e R vh , SR 285 | AL g it ] o IX.
WA M, T h 5 2R 0GR EFT it —20
TE R N3 G IXCBE B . P A B A7 ]
JoT DX 3 P 0 3 — BOPE AR 5 ORI % Xl PR S
TR AL S
1.3 ZAFRMETIH
YL BOR A R, AR R I & Dbk
TEARGAEE 5 X — B, B R
L=AL +AL +AL, (7)
o LA AR s L LA L 2 0 R G f i o 2K
— B SRS A AR A, R AU R
ASCHLA=0. 05,4,=0. 02,4,=1. 0,
AP SR — B G R A X S5 ek I
gﬂﬁ

L o=AgLg + AL (8)
K, LRI —BEI K s Ly, 3 A X 55505 L,
BEEI 4, 5 2, XS AL
A3 A XoF 5 30 SR FH R B KL R 21 8 F5000 43 A1 5
H Ar a3 1) — S
Lu=o[Dulplg)+ Dulalp)]  (9)
A, D (o Il ) B KLU F5p 5 q 50 510 N 4%
T 3 A 5 i RS I0A5 2] 09 B AR 53 -
BB I 2o fe IMEARFIE 5 X B R e 1Y
TIASCRE 25, S il 7] o DX B A A1 2 ) P B 5 s

1
L,= ﬁ;pb,n,k dz(fb,nack) (10)

A, BRI N S 5B B RIE GG p

© v P 2 Pl S L A A



A, BRE, BEx, FTEE
BARRESE52RBETXIERNEBHRUNLE

b ADREAEE n ANRHIE KR T2 k2R A B 5
So PR BR[04 5 ¢ 55 b RIS L (-, ) R
T RR R

IR P 2 X0 1 25 -

1 C H W
L= CHWzzz

(11)
c=1h=1lw=1

o, CHUBE G HS W o) o R & 5 T8
Y. .5 T o S BE A (hyw) B
AR R

JEIE IS LU 1) B Je ffy 20 i -5 (R Y
JCHEHAR—EE «

1 N
L, = Nzarccos(

Yc, h,w - Tc, haw

<yt >
Fydlallel . + e
K NGy, 5 e iR R Ak i S A
otk ma; -, - FonmBL - G e
B 1k B Y Bl N R

i=1

) (12)

2 XBELERSW

2.1 EWigE

R 3 S2 55 R Pan Collection 23 FF & #fE )
Quick Bird 5 GaoFen-2 504l 4E , -1 FH H I 254 56
UESE 5 AR 0 TP RS2 5, LURIESS SR i E 3.
AR SR HE EA T AR i e B A

N T AR B ERE A SCTE R 2 B 0L
B Wald PR CT 58 22845 L1 M T (spec-
tral angle mapper, SAM) . JC & 44 & Jay #H X % 22
(erreur relative globale adimensionnelle de synthese,
ERGAS) LA K ~F- 24738 HT % 5 12t 45 £ (mean univer-
sal image quality index, Qm.g) o ANTEbR A S T
TG 0] 107 ) 22 5 AR R R 22 2 P B —
g

A SCPERAE R R 4 W B, R Q,, 72 410
Bty UQUIBCT- 273 Horh ERGAS (¥ 439 % LU (1] S 45U
r 3T 1AG R 3 R AR OT R SR RGO R
P2, S Wald MW RE SR —80) . TE4 503t
FR(LEAHZSH )BT R HGIE K E (spectral dis-
tortion, D,) Koz I‘ﬂ%iﬁ\(spatial distortion, D,) , HLLT
2 2% 2545 i 38 40 (hybrid quality with no reference,
HOQNR) 1 Ry 25 3 — B 25 5 E I HE b . IR AR
PR AR SR AL S AT B — A6 3] [0, 1 15 1T
5 (QB:2047,GF2:1023) . Sy S iiE A S5 HIA AL

I 26 A Rl HAR 2R, AL 2014—2025 45 [1]
2P e 75 18 5 9 B AE R AR TR B 2 > Ty 12 itk
TTXT e 1248 714G TV (total variation) (Palsson
%,2014) 5 FSRIC (full scale regression-based injec-
tion coefficients) (Vivone 55 ,2018) ; R ) 4
& DiCNN (detail-injection convolutional neural net-
work) (Deng 5% ,2021) . FusionNet (two-stream fusion
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(h) HMPNet

(d) DICNN

(e) Fusion Net (H)MMNet (g)LGPConv

(m) HCPNet
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(k) Pan Mamba

El 4 Quick Bird 0454 KA HEHAN X
Fig. 4 Reduced-resolution visual comparison on Quick Bird dataset ( (a) GT; (b) TV; (¢) FSRIC; (d) DiCNN; (e) FusionNet;
(f) MMNet; (g) LGPConv; (h) HMPNet; (i) LAGConv; (]) CANConv; (k) Pan-Mamba; (1) ADWM; (m) HCPNet )
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Fig. 5 Reduced-resolution visual comparison on GaoFen-2 dataset ( (a) GT; (b) TV; (¢) FSRIC; (d) DiCNN; (e) FusionNet;

(2)HMPNet (h)LAGConv 7 (i) CanConv

(k) ADWM

(i)Pan Mamba

(b) FSRIC; (¢) DiCNN; (d) FusionNet; (e) MMNet; (f) LGPConv; (g) HMPNet; (h) LAGConv; (i) CANConv; (j) Pan-Mamba;

(k) ADWM; (1) HCPNet )
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Fig. 6 A qualitative result comparison chart of representative methods on the Quick Bird full-resolution dataset ( (a) TV;
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(e) MMNet
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(k) ADWM

(g)HMPet
(b) FSRIC; (c¢) DiCNN; (d) FusionNet; (e) MMNet; (f) LGPConv; (g) HMPNet; (h) LAGConv; (i) CANConv; (j) Pan-Mamba;
(k) ADWM; (1) HCPNet )
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Fig. 7 A qualitative result comparison chart of representative methods on the GaoFen-2 full-resolution dataset ( (a) TV

F&1 7 Quick Bird ##F& EHITHEREANR, RA 20 MRS P REER 20 N2 P RBEARBITITMG
Table 1 The benchmark results on the Quick Bird dataset were evaluated using 20 low—resolution samples and 20 full-

resolution samples.

. K3 BER AR AR PP bR
ik SAM | ERGAS | Q.1 D, D\ HQNR 1
TV (Palsson %5 ,2014) 0.349 11.23 0.7226 0.0012 0.1677 0.8313
FSRIC(Vivone %,2018) 0.304 9.900 0.7929 0.0006 0.1366 0.8628
DiCNN(Lin4%,2019) 0.174 5.603 0.9447 0.0026 0.0665 0.9311
FusionNet(Deng %5 ,2021) 0.134 4318 0.9668 0.0028 0.1002 0.8973
MMNet( Yan%§,2022) 0.126 4.044 0.9706 0.0032 0.0919 0.9052
LGPConv(Zhao%%,2023) 0.130 4.163 0.9691 0.0028 0.1234 0.8741
HMPNet(Tian %% ,2023) 0.124 3.998 0.9718 0.0031 0.0990 0.8983
LAGConv(Jin4§,2022a) 0.119 3.828 0.9737 0.0030 0.1678 0.8297
CANConv(Duan % ,2024) 0.122 3.926 0.9726 0.0028 0.0968 0.9007
ADWM (Huang % ,2025) 0.118 3.824 0.9762 0.0032 0.1993 0.7981
Pan-Mamba(He %,2025) 0.146 4.812 0.9619 0.0033 0.0995 0.8975
HCPNet(430) 0.114 3.673 0.9919 0.0091 0.0853 0.9063
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HAEBOAS SOR A PR — Btk B iR 2 H JIE
FEHIRIN  HCPNet TR IR KRS 5| T BERE
Oy [ Joi DX sl 136 B B 1) DX S ST 6, 60 0 245 7 DXk
PR B A 1] T R i iy MLS PRI B4 6338 40 A [T A
G55 A DA T A 4 1 B M . 2 29T

KPR NOLTE i R R AR SRR AE— o = AR
T 3 [ 2 O i A (A AR A O 4 [A) 2
AR T I sl SRR PAIN PG4 g 4915 JEA 7 525 o 380 e
A B BN @K H . R, B4R 8 EFT
Block i b SCEARIE— B4R T 1 42 R 4 F Y —
ok, S5m0 IR RE ST, NIIFESR AR L 3RAT RS E
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Table 2 The benchmark results on the GaoFen—2 dataset were evaluated using 20 low—resolution samples and 20 full-

resolution samples.

) Wit o BERAR R EHEERIER
ok SAM | ERGAS | Q.1 D, | Dl HQNR 1
TV (Palsson 2§ ,2014) 0.082 2.583 0.9926 0.0021 0.0491 0.9501
FSRIC(Vivone 4,2018) 0.068 1.832 0.9963 0.0018 0.0526 0.9465
DiCNN(Lin%,2019) 0.044 1.195 0.9964 0.0018 0.0495 0.9486
FusionNet(Deng %5 ,2021) 0.038 1.026 0.9963 0.0020 0.0496 0.9485
MMNet(Yan%,2022) 0.028 0.907 0.9964 0.0035 0.0646 0.9322
LGPConv(Zhao % ,2023) 0.036 0.980 0.9967 0.0018 0.0506 0.9477
HMPNet(Tian 4§,2023) 0.028 0.753 0.9199 0.0017 0.0506 0.9478
LAGConv(Jin%,2022a) 0.027 0.733 0.9965 0.0019 0.0503 0.9479
CANConv(Duan % ,2024) 0.027 0.729 0.9971 0.0020 0.0436 0.9545
ADWM (Huang % ,2025) 0.025 0.641 0.9964 0.0018 0.0504 0.9479
Pan-Mamba( He 4 ,2025) 0.033 0.899 0.9963 0.0023 0.0435 0.9543
HCPNet(430) 0.023 0.633 0.9997 0.0017 0.0505 0.9480
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2B FR G A B A5 [ 405 R T de g Ak
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K18 Quick Bird B4R AR T Ml SE 90 @ VA IR () KBREAHUR L R —HMEPUR L ; (b) KERIIE—BUEIUR L s () KBRIRS
RATE e85 () LBREFTHE; () HCPNeto ) FATNRE T HEREEE , N7 450 Pl
Fig. 8 Qualitative ablation results on Quick Bird. (a) w/o L,and L,; (b) w/o L,; (c¢) w/o hybrid clustering prior; (d) w/o EFT block;

(e) HCPNet. Top: reduced-resolution; bottom: full-resolution

YRR St 4% (1] 245 F ()30 IR BE , 7E 22 24 R4 2 o
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AR e BE AU RE R . SCIR A R, I B A

9 Gaofen-2 BHfa 5 1H Rl 5205 PSSR ((a) BER AR L, 5 RE—BHEMK L (b) BEREIEEZWHEBUER L () ZBRIRE
R LS () ZBREFTH; (e )JHCPNet, ) EAT BRI BEAAER N AT 400 B s i
Fig. 9  Qualitative ablation results on Gaofen-2 (a) w/o L,and L ; (b) w/o L_; (c) w/o hybrid clustering prior; (d) w/o EFT block

(e) HCPNet. Top: reduced-resolution; bottom: full-resolution
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Table 3 Ablation study of the loss function on the Quick
Bird dataset, using 20 low—resolution and 20 full-

resolution samples for evaluation
(G E Sy i S

LRUE  op N
sy waQwT 5l Dl W?R

wlo L& L, 0349 11.61 0.798 0.0109 0.0959 0.8963

wlo L, 0.140 4980 0.954 0.0124 0.0962 0.8781
HCPNet 0.114 3.673 0.992 0.0091 0.0853 0.9063
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Table 4 Module ablation study on the GaoFen—-2 dataset, using 20 low—resolution and 20 full-resolution samples for evalua-

o R BERAE AR LI PERIEbR
SRS
SAM | ERGAS | Q.. 1 D, Dl HOQNR 1
w/o Hybrid Clustering 0.074 1.203 0.9972 0.0057 0.0569 0.9240
wlo EFT Block 0.034 0.988 0.9984 0.0044 0.0690 0.9245
HCPNet 0.023 0.633 0.9998 0.0017 0.0505 0.9480
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