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Abstract: Objective Multispectral remote sensing forest image change detection aims to identify temporal variations in

land-cover types or surface conditions by comparing multispectral images acquired over the same area at different times.
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This technique has been widely applied in ecological monitoring and natural resource management, among which forest
change detection is of particular importance for tracking forest cover dynamics, assessing ecosystem function changes, and
supporting forest resource conservation. Multispectral remote sensing images, acquired through observations across mul-
tiple discrete spectral bands, can effectively characterize spectral response differences associated with changes in land-
cover types and surface conditions. Meanwhile, they provide large-area coverage and periodic observations with control-
lable data acquisition costs, thereby offering stable and discriminative data support for long-term and continuous forest
change monitoring. Consequently, multispectral remote sensing image —based change detection has become an essential
technical approach for forest resource monitoring. In early studies, change detection was mainly conducted using tradi-
tional image processing and pattern recognition techniques, where changes were modeled based on manually designed fea-
tures and predefined thresholds. Although these methods are relatively simple and interpretable, they are highly sensitive
to noise, illumination variations, and imaging condition discrepancies, which limits theirreliability in complex scenarios.
With the rapid advancement of deep learning, convolutional neural network (CNN)—based methods have become the domi-
nant paradigm for remote sensing change detection due to their strong capability in automatic feature representation and end-
to-end learning. Siamese architectures further improve detection performance by explicitly modeling feature differences
between bi-temporal images. However, the fixed receptive fields of CNNs restrict their ability to capture long-range depen-
dencies and global contextual information. To alleviate this limitation, attention mechanisms have been introduced to
emphasize change-relevant features across spatial and channel dimensions. More recently, Transformer-based models have
been applied to change detection, benefiting from self-attention mechanisms to model global dependencies and complex
change patterns. Despite these advances, deep learning=based methods still face significant challenges in forest change
detection. Bi-temporal remote sensing images often exhibit pronounced style discrepancies caused by seasonal variations,
illumination conditions, and sensor differences, which introduce substantial pseudo-change interference. Moreover, forest
changes are characterized by high spatial heterogeneity, ranging from subtle local variations to large-scale degradation or
recovery processes, resulting in complex multi-scale and multi-pattern change characteristics. These factors make it par-
ticularly challenging to suppress style-induced pseudo changes while accurately perceiving and localizing change targets at
different spatial scales. To address these challenges, this paper proposes a frequency-enhanced hierarchical interaction net-
work for accurate forest change detection. Method This paper proposes a frequency-enhanced hierarchical interaction net-
work for forest change detection in remote sensing imagery. Bi-temporal multispectral images are taken as input and first
processed by shared-weight spatial —spectral feature extraction modules to obtain multi-level spatial —spectral representa-
tions. To optimize the global representation of bi-temporal features, a frequency feature enhancement module (FFEM) is
designed to enhance bi-temporal feature representations. This module performs adaptive modulation in the frequency
domain to suppress low-frequency style interference and emphasize mid- and high-frequency structural information, thereby
alleviating pseudo-change artifacts caused by imaging condition discrepancies. Subsequently, a cross-temporal correlation-
guided interaction module (CCIM) is introduced to explicitly model temporal correlations between bi-temporal images and
extract discriminative change features. By leveraging feature interaction and correlation guidance, this module captures
temporal dependencies, enabling the extraction of stable change representations and improving the network " s sensitivity to
subtle forest changes. In addition, a spatial—spectral coupled interaction module (SCIM) is employed to fully exploit the
complementary information among change features at different hierarchical levels. This module jointly models spatial and
channel-wise dependencies by integrating fine-grained structural details with high-level semantic representations, thereby
enhancing the perception of multi-scale forest change regions. Finally, the fused change features are fed into a classifica-
tion head to generate the change detection results. Result Comparison experiments were conducted on three forest change
detection datasets to compare the proposed method with six advanced approaches, including Spectral-Former, CSANet,
TriTF, DIEFEN, FrFTML, and AIWSEN. For each dataset, 10% of the samples were randomly selected for training,
while the remaining samples were used for testing. Performance was evaluated using five widely adopted metrics for change
detection tasks, including overall accuracy (OA), Kappa coefficient (KC), precision (Pre), recall (Rec), and Fl-score
(F1). The proposed method achieves Kappa coefficients of 0. 8102, 0. 7355, and 0. 7635 on the three datasets, respec-
tively. Compared with the second-best method, it yields performance gains of 1. 09%, 2. 62%, and 1. 74%. In addition,
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ablation studies conducted on all three datasets further verify the effectiveness of the proposed modules. The ablation
experiments indicate that the frequency feature enhancement module, the cross-temporal correlation-guided interaction
module, and the spatial—spectral coupled interaction module play key roles in improving change detection accuracy by
effectively suppressing pseudo-changes and enhancing the perception of subtle and multi-scale forest changes. The pro-
posed method consistently outperforms mainstream approaches across all datasets. These results highlight the advantage of
the proposed design in achieving accurate and stable forest change detection. Conclusion This paper proposes a frequency-
enhanced hierarchical interaction network for forest change detection in remote sensing imagery. By integrating bi-temporal
frequency-domain feature enhancement, cross-temporal change extraction, and collaborative interaction among multi-level
change features, the proposed method effectively improves forest change detection performance. Experimental results show
that the proposed approach consistently outperforms existing mainstream methods across multiple forest change detection
datasets, demonstrating strong consistency and stability. Benefiting from the synergistic design of frequency enhancement
and hierarchical interaction, the method effectively suppresses style interference caused by bi-temporal imaging condition
discrepancies, leading to a significant reduction in pseudo-change false alarms. Meanwhile, in complex forest scenarios,
the proposed approach exhibits enhanced capability in perceiving and localizing subtle change regions as well as change
objects at different spatial scales, enabling accurate identification of both local structural variations and large-scale evolu-
tionary processes. These results indicate that the proposed method achieves strong robustness and applicability under com-
plex remote sensing imaging conditions, providing a reliable solution for forest change monitoring and related applications.

Key words: multispectral remote sensing images; forest change detection; frequency features; feature interaction; multi-

scale change perception

35 AR 3 : Chen Yongqi, Feng Shou, Ren
Chunying, Tang Yingjie, Ren Huixin, Zhao Chunhui.
Frequency-enhanced Hierarchical Interaction Network
for Forest Change Detection in Multispectral Remote
Sensing Images — SCID[J/OL]. Journal of Image and
Graphics. DOI: 10. 11834/jig. 260051. ( B 5 2 , ith
W AR, RSN AL S8 BRI . T ) 22 1
SRR GObR b 72 A A I P A 548 73 22 58 L I 2 —
SCID[J/OL]. H HE R EE %4 . DOI: 10. 11834/
jig. 260051. )

0 5l

T

21 SRR VG 8 1 7E 2 B OGS I BOG H
FEHEAT LI, i 08 A7 R0 ) 1 AN [) M 2 7 55 2 N
IR A G 1 25 5 IFAZEOR UE S Bk
BOAS R 2 1y () e, B8 S Rl L sl S P ULl i g, Ay
RS AR % 22 I I 2 At 1 RS e HLBA
JI0ER A . 2o RS AR T A T i A i
X Rl — DX Sl AR A [ B B R A 22 i i e R A 7
XF LG AT AT, AR ) b 3 78 15 25 Y i b 42 R 285 Bl S 1]
KA B AL (Wa 25,2024 3585 45,2024 £ 4% 45,
2023) ., BT 2otk i B EUG A AR R I B AR

AR 5 M 0 ) o ROR T B, W T R AR 1 B
B P AR S R G RE AL LA K S MOl B PR LR 4
HATH 258 X (Liu 55,2026

TS A LS A ARSI = AR TN T H e
T ANT B FRHIE , 18 284k 1) £ 73BT (change vec-
tor analysis, CVA) , BI& 22 73 . £ 185353 BT (principal
component analysis , PCA ) 55 J5 2 0] s A [A] & 500 22
AT HEAR (Miao 45 ,2024) o X JE 7715 AR S
B AT O (EX RS O B AR B AR SR A 2
S fe BE BURE ME DATE S 2 37 5 T e TR LS A8 Ak
(4735 45,2024 EHalH %5,2020),

UTAEA TR 27 > 05 1 AR A L R A R AR R AR
AE ), © N 2 B A AG I Y T AT 7 1) o BRATY
T3 AR B BUR R HESE . Horp, 2 1
F 4 il A (fully convolutional early fusion, FC-EF ) i
o g LIS R PRI 7 0 T A B 4 P , S 0 P 0 i
)i E AL AG I (Daudt %, 2018) . SR, %7 1% 2.0
IS AR TR] A AR S A, R B Al X UE (2 fE ) 3%
PR o AHELZ T, X HE SR T 205 A [ 4 o) LIS AH &
QAT R AR S I, T A T AR AR (L g 22
(Miao 45,2024 , N4 2K H o BN, Zhao 55 A
(2023) 38 52 7 S5 | 5 S i R AR Al 7 T 5 Liu 35 A
(2024) 45 45 25 (8] 40775 5 50385 22 545 S 52 THAG Dl

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

AE 5 Miao % A (2024) FII 4 N BRBR I H2 fil 5 2 )=
FRAE ; Wang 55 A (2024 ) 18 1+ B5 2 R 1iE 28 B AR FEARTT
R0 R P 0 W) A 2 i A HS BE . AR T, A2 R T 5
#1285 ] 2 (convolutional neural networks, CNN) 11 J&
PRI SZ Y | 3X 2807 WA TE HEARC RO A1 42 Jay 840 15
BT ATEA R

Sy vi e BIARPREL, BFSE N SR S I AR L
il , 5 AR SE T 5 A AR DG I OB B, IR A A%
PERFIE Z 0] B R OC 28, T B T X0 52 A 28 1k
B FIIRE J) o Ly 35 N (2022 ) 38 3 25 8] -6 5 1
YRR AE R A 5 Guo A N (2024) F HIARBLES]
SR I HEFH AL R AR A I BE 77 5 Xu 5N (2023)
G55 E ) & T 5 A2 LRI IR 2 4E 2 A S
B LA (2022) 8 i RAE BTSSR 3
FE . TE LIRS A b AR A B L AR
4 R RHR ERE BE O B9 A T 3 45 4 Transformer,
W ORI T ARG AL 55, JFAE S 2 57 vh IS 1
RIFHRIACR . Chang 55 A (2024) i i 13T
Transformer 52 it AL ARALAG I 7 3 , S B0 T XS B AK
AN G B AE A TR ORI . Chen 55 A (2022) 1]
Transformer HEAS I 25 AR L b8 30 - 578 B AR
I 5 Jiang 55 A (2023 ) F] FH Transformer 2% 2] 75 5t —3X
PEFIRIGsRARALIIRE )

AR IR TR 1R B R A Ao I ek 2 A
T R (R AE T 1] SE R A2 2 3 s i b AR AL R
AT 55 IHATS T I 3 22 Pk . AT 35, 32 LR =
JCHR S LA R A% I AR S5 11 25 53 55 TR 3R ), AN
() I AR MR A S B 6 35 5 T AR A A AE 3 2
AT A S5 A PTG IR 2 0 o T i A A — Bk 3
F AR SAA —Z5 AR PSRN 1 5 1l
YrrEAL , K025 5y TR AR ARG I 2o 72 rh R RO Sy 22 Ak
X3l 5y —7J7 i, ARk AR A X RE AL 65 /N RUEE 1) R
PR A, A 45 R il A A A B0k A 45 R A T A ik
i, R 2 RE 2B I 28 (8] 5 B PR A
SEOTEME LI AN R RUZ 2246 5 AR YA U5 8
WEENL . R, ZEAT ROl R Sk 22 53 5 A
FAAS AL TP B RIS , 52 B AN [R) RS AR A2 Ak H A
AR B 5 5 L, e — TR PR AT 55

BEXT B3R ), A SCHEH T — 225015 i R ]
G B 3 58k 43 )2 38 H. M 4% (frequency-enhanced hier-
archical interaction network, FHI-Net) , 1% J7 15 M 3
S 5 5 53 R AZ HL A F T 0S OUIS A AZ A AR AR

PEAT ORI A . 1 5, 1T A AU R R A )
AR AN 22 55 LA XU T8 AR AT B IAR 10 4
fER7R o BEJS , 18 25 I AR AR OG5 1 5 52 5.5 HH 4R L
ELSEH AL DI, 15 B 2 R ROEARIE . e i
25 - JEAS G S RS PR IR 1R ) JR R AR
fiE, AT SE B 22 RUBE 2208 25 bRt A8 A0 G2 1) Ay
SR, DI - 1) 1 UK AR A S I T
ARHLAZ AT IUAT: 55, BT 1A URRAE 3 SR AR (fre-
quency feature enhancement module, FFEM) . i 15 411
B KA TP T 5 A s SRS A (5 B, e g
WA A5 B HEH IS € IR IER R . 2) T 3845
FEEARROBUIS A PR B ol AR AR G I 345 28 AT, 32
T B AE AE DG 5] S 28 BB B (cross-temporal
correlation-guided interaction module, CCIM) ., Z#
Pt b FABE XU AR R AR 22 [) 1 R 5 06 2R, 45 ) 4%
XF AVRLE AR AR B IRE JT . 3) R T RE A2
WAEARFIE Z 8] £ 5 A9 ETF SUE B A T -5
G 28 H AR (spatial-spectral coupled interaction mod-
ule,SCIM) o ZBEHLIE 8 X DF 42 )5 19 2 2 8L FRAE
AT 25 (0] 5 30 38 4 FE Y SS BL R, SRR S5 M 1R
BEHZE UG BA RS NI T 2 RUE
T8 AR Hb S A0 X6 5 110 B 1A B R e

1 ARAGE

AT e 44 BT 2 FHI-Net A4 3% (K 75 HE 48
M1 5 53 50 A 3 A0 Sl A A1 3 R B B FFEM | 355 B AH A
KB FAE HALH CCIM %5 -5 6 38 HASHRL SCIM X
SITAE FH 4 2 R A
1.1 BERER

W17, FHI-Net DA XA 225638 R el
LD/ 11 P U, 1B KR 18 KL N A B 1 S B S N
WA TR B R B S B AR AR B vE R LS
FIA o HeAh FHI-Net i A3 % 3 A (125 -5 FF
TR, T 20 R B 2 i R 0 25 -1 R AE

HARG T, & WA 2 06 3 BAR 5 51k
I'e R""“CHIIP e R, H 4%, FHI-Net LL 4
isF A Hh 23 TA) A7 B [R] B4R 3= 2 oo 2 B A BT
P, 9l b Xhe R4 H X2 e RO 16 Horp
H, W, C 53 5 3 n 2015 BUR Y & B L 98 B A B
B, p R T B E BB B RSE o 8 XU AH P45 Bk
X'F X2 i A2 - REAE BRI | DLRAS B AR AIE

© h[E KR KL AR



FRETF, B, EEH, BEEAN, FES, BREE
TH 7] % St 1% & B E G T A B0 35S0 3R 50 B 32 B W 4%

B RE

T2 A
ZHEEB

TZHT*H 2SS

———————

Ix145H
LRelu

AT RRAE
T i fEER
1E

BEIATIIE
315 % BLpt

Aﬁ%:j

4 / MET 3 X3%*ﬂ
%ﬁ iqu%{i / IL:{%ﬁ LRelu
B R et
Paatiy ?J]E A
IRE
BISARAE \ l
T R \\ T

Ly LRelu

3R )

STUIBRHAE P I FHAH
B BRI 5| FACEARHR

\_ IR

SR
B TR

LT BRI 5 J2 A8 L R 28 2R ]

Fig. 1

FIRF? Horb e {1, 2, 3UERE i RRFHIE S U

o
w I I
$Ca :
B = 38 B = 5
Ea A N
e B2 5o
A S 4

[}
b4 o
& 3 /
o BT
%
>

B2 BRI A B

Fig. 2 Frequency feature enhancement module

L

{22398
Y1

B o TEAS R RFIE B 5 AR AU A 1 i A6

B FFEM Xof Sy AR RF AL A7 A s 0 53 L2 9 555 B A ]
(O XURS 22 5 5 e 40 . B, 3d i CCIMR 3 5

J5 B AU ARRAAE HEA T S L, LA AR 8 1) 22 AL RRAE
R FEIT AN [F) P 28 TR HE AR A AL Z TR A L SCfR
K8 AT S - P S S R SCIM 75 73 [|] 4 i 5 1
IHYERE b X2 R AR E SR T IR G S B S R R

I8 R JRARAC AR B 400k BE S5 R 1 B S IR R AR
PCRFAIE T i e J2 1 SUE BA LA FE Rl T2 T
W20 22 RUBE 22 I8 2578 A 0 R 114 8 (A IR e
R e Ja B AR A E 3 28 A A B A QkE’J”’r
PRI 45 2R
1.2 STSAFAEIE SRR FFEM

BEREBURH AR o RsC e A 22 53 5 A B A
BITE T, A SCBET 1R SR AR FFEM

IR 22 JOBE R A 5 HCS AU i 70
RGO OUS AR AT 2 029 ], LA XURS AR
KB TUA M I I3 560 285 R PR 390 635 18, , I AR A 5

Architecture of the frequency-domain enhanced hierarchical interaction network

\

v
A AAEAE

BRI A

L
I H AR

K3 BEIFAIAR RG] & A AR

Fig. 3 Cross-temporal correlation-guided interaction module

INASE RN o

W 2 7, A28t 23 -1 R Ak 4 B BT 42 B 1Y)
— B AR F R, B SeaE i a5 RO 3 1A A R
TS MEAS e, TR REAE R 53 R RS 0 52 LS O[]
REE R a5t 5 B BAARh

F! = PConv(o(DConv(Split(PConv(F!))))) (1)

A, DConv( - )FEK/RZ RERE A 75 BEH,
PConv( « ) NS EFL, Split( - ) FRPHAER] 43 4E ,

o e GeLU 35 R AL

2 AR S AR A 5E MR, XU AH R A AR 2
RS @ ERI — 2225 XKL RA
B 22 5 35 B4 b T REAE (9 0% 45 K 2 (Huang 55,
2021; Yang %,2020) o A HLZ R, S BEHL Y JL A 45
PSR 1A (AN % e B ) 6 2 43 vl e A0
B, ELA S8R A 1 (Gao 45,2025 Liu %5,2022)
BT R L A SO B I B A 4 (discrete

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Fourier transform, DFT) , ¥ 2% [B] U4 AF M 5 28 45 3k,
TEXF AN [F] A48 43 1 HEAT 3 o 9 1, A 553 El A
FRAF ARG A B ARAT AR Bl 22 , (] I 5 A v sy A3 285
PR L, DT i PSR 0 52l 0 A A 1 1 31 BB T
A e LT AR A ey 28, DFT B X e Ak
How H oy TR B2 W 2% b 52 B A5 3, PR R ]
DFT 58 URFIE AU W . BLAAh

H-1w-1
FII)FT,;(UJ)) Ey—

JHW A
K, F e RN IIRERE, (w, v) 7R A A AR
Ry 25 A A XU P B -4 i 5 B S AR Ak
P P PHIR G 7T 970 g N @ O 1 R R TR
[R5 oy e EA T 3 LR o, A4
P, = o (BN(PConv(F}y,,))) (3)

A, B 3R BFTE IS U AE , BN g4t —
G2 . %5t R o AT | A T2 3 385, R ]
A% 3k TR I 7 B T AR e 2 A 0 531 ) S
BE AT [ 38 VA5, DT 7 1 22 A e xS
6 22 AR G HARARUR 43, 31k 5 B SR AL AH e 1
R AR 1 . R A o 590 L g A
R AIE B S 1 23 i), A5 50 SR 08 5 S 1 A R AT
FORARN

-2 ﬂ+ﬂ
P oy ™5 ()

Fl=F(Fy,) (4)

WA 1 R FFEM BT 46 1) = 2 FRE S HL
B Bt , XFAS [ R 14 R AR R AIE 43 S T A 5 A
Ay Je S HRARE T RS LA T A )RR R
1.3 ERHEHEXSSZTERERCCIM

FEAR AT AT 55 T, 585342 48 XU AH R AiE 22 [
PR 255 A0 X 28 %o T 1 220 1 40 A A8 A LA B
S B A R S G R PR B 22 4 1 O Ok R
TBOULRS AH 26 5, DT S B0 AR A X IR IR . 4R, 24
T X5 2% A 4 A BT, b T SO DA 7 o RS
(7] B AR T B4 38 SORT RV 5 2, X 48 28 b 1 221 1 i
FIFRHIERIB R MR AZ B . Stk AR Skt
T — RS I AAR DG B A8 AR (CCIM) |, 38 28 £ A5
K AR AR 2Z 0] A A OC G 2R, IR 5 SRR IR A8 B it 72
BT HA —BOE O A IR, A 3 58 5 4134
AL AT RE 1 IR THAR AL RAAE i B b

W 3 T 73, B 5638 2b 5 XU AR REAIE 1 38 18 4
JETR A, I AR ERE R TR] (14 B 23 0 56 22 DA T 3 A5 4
W AR AAE B o BRI, X 2 AU 5k S 1Y)

XU AHERAE F )R 2 5 26 30 3 2 3 R AT A S A5 2IR
BEE, BAA N
P ()= | UL IR
Fk2], klyarde
K, F (k) TR (2 B ES B AR TR A 4R AE , ko
B YRR RG] L[ ]3I B EAE .

F . VR — X0 AH 138 18 43 0GR AT A R 1Y
AR E . LTI, R o 426 B S BB A AH R RAE
[ Bl E . BAR R

FA'mix’L- = O'(BN(GCOHV(F,M[))) (6)
Favas! ,GConV( ) FNTHE X IR A A WA IE
], 20 45 FRUEE B — X AH AR 14 LRSS AH 38 18 1 7 57 34
TP R, DT AR Ao 18 X 7 ¢ 2R 114 [R] B, $i2
XUESE AH P4 [B] £ B 28 AR5 O 2% o

T HE— R F PR AR E B, CCIM
30 35 A S K B, X XU AR 5215 o AN TR] 25 () 47 22 (]
B SOOI T s . BRI 5, 1 5 0 BRI b
XU AR IE FEA TR e . AR

E'=¢(F!), El=¢(F}) (7)
K, d( - ) - ) RRLIEMES A, E T E 7
) WU AR B ARRAE

BifiJ5 5T B RN E2 DR T 35 R EAS 2 AH AR, B
LS}

A= Softmax( (E,z)l . E,z) (8)

o H, Softmax (- ) F7R8 Softmax PREL , FH I FE [ A &
SN [REEAR AN 7] 25 [A) 67 85 22 1] () R DG PR TR S

B 2 T G AR W S IR A R AE P, HEAT AR G
g1 028 B IG5 B AR D, B
D, = ﬁmix,i + ﬁn\lxi <A (9)

FAIEBEAT IR G o AHSCHERE A Z2 ) 1 U A A5 il
Z I FEANTR] 2 [ 7 B E o ORI . X TR A2 1k
DR, Fh T U A B 45 R 5 DG AR AR R 45— B,
Xt IO 4RI 308 HAT R i AR ARLRLE , DR LM A A S R
AR IR B R A o T AR LSS AR A DX,
T ARG SO RRE R AR AR A, FRFAEAR UL BE A
XPEAR i A A S M XHR A R A T ITAL
A LR T SC—BOX B A5 A R R AR5 B, T
$ 55 7 AR 2 s A BRRE 1R I 4 T A2 A R A 1 R )

ab
He o

© h[E KR KL AR



FRETF, B, EEH, BEEAN, FES, BREE
TH 7] % St 1% & B E G T A B0 35S0 3R 50 B 32 B W 4%

1.4 Z-EBEEXEKERSCIM

X ANFEEH AR R 2R A £
()31 2% | BCEE A AR S50 B, TR 2 RRAE A
R S U B S R SUE B (Xie 45,2025) 0 {2
S BAL— 22 20 1) A8 P A A A L[] s ST/ DN R
AL S ROREE o ARk, T s X 22 R £
TEAARXT G HERR R . A I AR SCH s - 3
G A2 BB SCIM, TE il & 22 )2 A8 AL AR AE 1) 2 A
e, S [a) 4 B A A R 5 | 3 R W2 AR R
(22 1.5 AN, KA AR S5 K 15 8 5 IR 2 18
SCAR TR A 0 SC3m 3, AT 33 55 I 26 of & 234 AR 1k Yo
GIHARFAERE S (Yu 58,2025)

£ 0w
& 1y
T & & —=
= SRS n g
R 5
= =7 AP =
¢l e [T e G| Koo
- 'y == S 1 g
A e & —’g’
= it o
=il % B[ Ko
L7
R L i iy .

K4 =-EEa R

Fig. 4 Spatial-spectral coupled interaction module

W 4 firzs, SCIM & 564 2 E 9B ARk 8
AT DR B F, IR AR R 2 R G A
A o h SE IS - 48 B A B[R] 22 B, SCIM
T A T N AR R A RRIE ST 2P
A B 43 52 YA 1R) (Query ) (#E (Key ) FIME (Value ) 45
fiE, HAK R

Q,.=W,-F. K,=W.-F,_ V, =W,-F(10)
K, W, W R W, RRGIRBEZ

R T AEAZ AN [F])J22 G A AR [] (9 15 8] G )
KA RIS, WD TOAR T4, 38 0 PR A RS 24 o
308 T ARG 71 ] e T T ] ) G, ARy

Im = nl

o = y"o Ilm—=nl<T ()
£, Im —nl >T

X, m Fln B IE RG], TR HA ROCHK I 1E
T FEL A PR SCHR B, v e (0, 1) 9 SRR FE I [N
T e BAEFRM/ME . i TR TR Ak T
T 22 18] 18 AR AT, AR <18 3 T8I o ELAT S SR Y T
ARG, T2 P 2 30 T A AR DR AR R 5558 o PR, R
JH Jay ¥4 308 TR A A SR e, 4 DR SR O IR IS A TS
M4, DL Ry 8 2 8] A RS B TRl i
PR Ty 0.8, ful i 1 A R T IR A RO

il DA TIT A 58 A A DG T DG R 174 [w] 1 ) TC AR R AE
SEH (Yu 5§,2025) . e, 5008 52 B 5l F o, 7T
RN

S K!
A, = Softmax((?“p;“pe @M) (12)

F,=A,-V, (13)
Krp, © RARB LRI,

AT AR AS A DX IR 23 () 4E B A G OC &R
WA 4 Jr7R X0 A CRRAE 47 2 M e 558 A4 i 25 7] 4
X Q.. K, IR AT 228 [ R, B
#h

T
spa” spa

(14)
Jc

A,,, = Softmax

A € WA T

52 07 60 55 b 5 8,15 00 5 9 32 7
S P2V 680 A PR R T, LA
SIS i B RS AR 1 69 510 W38
fLix bRt —Ecte. ELiRY

F.=F, A, +F, (15)

L AT B B2 A B8 T2
CT
1.5 KB

A SCR T S SRR I A BRI
R 3| SRR M AR B S22
N

Lo == Sy log () + (1= y)lox(1 - 3,)1(16)

P

o, m WREA TR,y 5 D REAS Y B S AR A
By A I REAR I TS 2R

2 ZWiRERERSH

AT E e AT SR SR Y — A 26T A,
AR AL ARG IR B, Bl 5 D40 0 B SE 6 15 B ST 4
bro $JE BRI T BT FHI-Net 9 75 fill 52 56
S5 0L DR 5 A St T i R LSRR 25 AR
2.1 BUBRENA

AR B = 2HM b 22 St 15 AR A A I KcH 4R iR T
SCIRIGE . S 25 T IX 3 4L HE AR B BURS A LA
AR EAE . AR An S R AL
b R A e AR 1N B T U A AR T N T

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

(a)R1

(b) R2

E5 = ZRHLZ TS AR AR D Bt £
Fig. 5 Three sets of forest land multi-spectral change detection datasets ((a) R1;(b) R2;(¢) R3)
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Table 1 Ablation experimental results of FHI-Net on three datasets
/%

G/ EES 0A KC Fl Pre Rec
etk 90.94 0.7577 81.58 74.85 89.65
HL+FFEM 91.73 0.7782 83.07 77.18 89.94
FLE+CCIM 91.97 0.7829 83.50 76.61 91.75
o FLE+SCIM 91.22 0.7623 81.96 74.81 90.63
FFEM+CCIM 92.73 0.7961 84.48 77.85 92.36
FFEM+CCIM+SCIM 93.04 0.8102 85.56 78.81 93.57
KLk 94.37 0.6255 65.36 49.21 97.27
HL+FFEM 95.23 0.6668 69.12 53.28 98.38
HLE+CCIM 95.47 0.6789 70.22 54.66 98.16
o FLE+SCIM 95.51 0.6892 71.16 55.72 98.44
FFEM+CCIM 96.01 0.7072 72.81 57.50 99.23
FFEM+CCIM+SCIM 96.53 0.7355 75.41 60.71 99.50
FLek 83.71 0.6458 76.56 68.46 86.85
HL+FFEM 85.33 0.6636 78.08 70.48 87.53
HL+CCIM 86.72 0.6988 79.87 72.87 88.36
R3 FLE+SCIM 86.11 0.6886 79.15 7251 87.12
FFEM+CCIM 88.19 0.7334 82.06 75.97 89.21
FFEM+CCIM+SCIM 89.66 0.7635 83.93 79.21 89.26
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Table 2 Experimental results of different methods on the
R1 dataset
1%

i OA KC F1 Pre Rec

Spectral-Former ~ 93.33  0.7993 84.14 88.33 80.33

CSANet 91.17 0.7285 78.36 85.10 72.60
TriTF 89.81 0.7039 76.94 76.68 77.19
DIEFEN 91.22 0.7401 79.59 81.56 77.72
FrFTML 92.87 0.7834 8290 86.66 79.46
AIWSEN 91.32 0.7418 79.69 82.19 77.35
FHI-Net 93.04 0.8102 8556 78.81 93.57

T O TR R S 5 e LA 2R

FHI-Net 75 #5335 th (00K 56 2% (Pre ) 76 45 91 IF
fe (B HAE B2 (Ree) (F1 LI M KC 2F 45518 R
EHEBAR T 6 Fh By v, AR HA i 2 i HL S Y
oAU

AIWSEN FHI-Net

Ko  ARDJrATE R Es 4 b ARSI 25 R aT Bl Ak

Fig. 6  Visualization of change detection results using different methods on the R1 dataset
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Table 3 Experimental results of different methods on the
R2 dataset
1%

F4 AEFEERIFIEE FHIWER
Table 4 Experimental results of different methods on the
R3 dataset
/%

Ik 0A KC F1 Pre Rec

Tk 0A KC F1 Pre Rec

Spectral-Former ~ 96.87 0.6566 67.25 82.33 56.84

CSANet 97.14 0.7093 7243 79.52 66.49
TriTF 96.71 0.6035 61.89 89.94 47.18
DIEFEN 96.33  0.6172 63.62 7243 56.72
FrFTML 96.62 0.6308 64.80 78.88 54.98
AIWSEN 96.63  0.6252 64.21 80.47 53.41
FHI-Net 96.53 0.7355 7541 60.71 99.50

Spectral-Former ~ 88.58 0.7272 80.86 82.07 79.67

CSANet 89.31 0.7461 8226 82.67 81.86
TriTF 79.99 0.5788 7294 61.74 89.13
DIEFEN 82.55 0.5841 70.87 71.62 70.14
FrFTML 86.35 0.6747 7720 78.07 76.36
AIWSEN 81.51 0.5352 65.99 74.45 59.26
FHI-Net 89.66 0.7635 8393 79.21 89.26
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Fig. 7 Visualization of change detection results using different methods on the R2 dataset
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Fig. 8 Visualization of change detection results using different methods on the R3 dataset
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FRETF, B, EEH, BEEAN, FES, BREE
TH 7] % St 1% & B E G T A B0 35S0 3R 50 B 32 B W 4%

%5 FFEM XA LHEEARID S0 8L A2 0

Table 5 Effect of FFEM on pseudo change sample recognition performance

B ARALREAR [B] 1 AR L AR 0T Dl PR A 0 6 2 /9%

HIRE F(Ei PiE i B DA R Bk L AFFEM
R1 [0.3648,0.9996] 0.9574 0.0282 0.8726 12417 69.71 75.64
R2 [0.4314,0.9997] 0.9715 0.0191 0.9141 2833 95.55 96.47
R3 [0.3633,0.9998] 0.9604 0.0362 0.8517 14456 94.28 94.89
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Table 6 Comparison of change detection performance on
different datasets under different spectral band settings
1%

WEE  0A KC Fl Pre Rec

49%B: 9191 0.7805 83.33 7632 91.76

tl 7B 93.04 08102 8556 78.81 93.57

4B 9599 07165 73.66 58.62  99.10
i THE 9653 0.7355 7541 60.71  99.50
. 4B 88.03 0.7305 81.90 75.49- 89.51

TUB 89.66 07635 8393  79.21. 89.26
8RS N g 6 R Ve

F7 ERIFIEE LHMEESBRETHERLER
Table 7 Performance comparison under the data separa-
tion setting on the R3 dataset

1%

Ik 0OA KC F1 Pre Rec

CSANet 89.34  0.7439  81.94 8439  79.63
FHI-Net ~ 89.69 07647 84.04 7926  89.44
T L AR 5 8 L4

— R 4 DB A B HESCE AR 6 s . A
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Fig. 9 Visualization of change detection results under the data separation setting
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Table 8 Comparison of parameter size and FLOPs of dif-

ferent methods

ik S M FLOPs/G
Spectral-Former 0.09 3.08
CSANet 40.33 0.16
TriTF 0.16 0.04
DIEFEN 7.62 0.04
FrFTML 26.01 1.66
AIWSEN 11.41 0.02
FHI-Net 26.78 2.23
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