1007-4619(2024)07-1722-13

National Remote Sensing Bulletin i & 5 4k

Hybrid-Gird : & B E R MK E 57 KA FERE T %

ROLE', ATm', EEE', &N, FERE', #iE

L JbRTlRE K 2E A T8 g4 Be, Jbat 100876
2. JbptTnE s B ST RT, b 100192

W OE: L TREIREMR N AR S URE A2 4 B R H 3R, 2R SR I AT A M I O R M A ATk
JEE O3 FEUR S 2 ) SR — 20 2 R PSR TR B (0 R I R, A A 0 28 AIE e A 26 P 5 R e A T AR SRR AIE, AR
SCHE T 3 4 P 0 B RS AR IR 3 284 55 EA T RS, 43947 T 1G. SmoothGrad . Grad—CAM 55 W] fif ek
D e R B MG H bR AR 43 28 W 2% 938 F I, S T — i RS A 35 R 1 B AR AU 2 AR R AT 1T i gk
Sy HT 75 Hybrid—Grid, # MG R 5 R RHIE OC R Fill 5 S0 48 5 X S 43 I 46 e 1) E AR AR TR ATE (40 0 il 248 1
1o BERFM . ARSCHR Y Hybrid—Grid X H AR 4R B 5325 N 45 1) i B AUR 78 ADCC st AL PPAl T8 45 135 %1 78.87,
AH%E Score—CAM A KIFHETF; 55 SmoothGrad ., Grad-CAM HYMEBESERARXS b, AR SCOT B AR M B B BEH 2 S2 56 1
T, i EFM-Net i) Top—1 #EH2 | Top-5 M2 . FLAF 0K T 16.92%. 1.61%. 17.21%, WEW
Hybrid—Grid M6 i B 1 X5 AIDREE 432 9 4% PR 5R mi ik dse K 1) B PR A T RRIE o AR SCHE S 19 mT i M o vk e s o

M 718 24 T FARZRLEE 73288 190 26 F) R SRR AU A

KR AR, ATERE TR, BRRARRLRE RIS, AR RE, SEIIEENE, ABURHIE

FE 4 ZES: TP701/P2

Sl AKX KRUE, LT, HEE,ZN, FTFIEE, 5% .2024.Hybrid-Gird : 12 R EGARE S L ATRBEF X ERFIR,28(7):

1722-1734

Zhu K W,You Y N, Cao J Y,Meng G,Qiao Y Y and Yang J. 2024. Hybrid—Gird: An explainable method for fine—
grained classification of remote sensing images. National Remote Sensing Bulletin, 28(7) : 1722-1734[DOI :10.11834/

jrs.20243252]

— .

=

1 5l

R MG B bR AR EE 5 AT 55 0 i SR R R
RE M PR AT Y — T AT 55, BT IR EG
) E ARk BE A 2 R EAS B 2 A, flhnzs
WAEH . SEIHAE . B O HAR A (Zhang
G5, 2023), AFETXHERERIEHATHIWT (Chen
&, 2016), HARNRE 2 B AR F IR — 3Ll
KRN G AT IR 55, I Ak
FEME TR AR [) R ag 00 A0 B A iR R TR 5
(Han 5§, 2022). HFRARLEE 732555 1) CHEAE T
SRR 5 AR AR X B AR 20 B A e 1 Tk Y

ARJFEHFHIE, Cheng % (2021) BFFEIERA & ¥ H brik

s B EA: 2023-07-11; FRENZA: 2024-03-20

BEEWE: MR AR EE (475 :62101060)
F—EEEN:
WASEE T JUWAH, AFFE 5 18] Ry SR 5 %80 R, AT
HHZ A ABHEHE : PMG-V2, https://gitbub.com/PRIS-CV/PMG-V2

= He

FEB S B S5 R RE T 53 28 0 DTHR BE AR, ARLEE 43
JEIE RPN A P 45 Fo 2] | AL S T Y
Mz, IFEBR—2eILPERaE . Hilk, H
H LGN TR E AT S5 B R IE S AR
PAESE, AR = MG R R, 1250k
HEH B AR AR o S M g B4t JF IS T B
P REEE . AT (Nie¥E, 2022; Xiong 5%,
2022; Liang%%, 2020; Fu%¥, 2019) FEILTHRE
LR 2%, HI DCNN (Deep Convolution Neural
Network ), I8 b AL AFAE S ICRE ) A 9 RRAE R4
FHERIAPERE . YidE (2023) o7 T — R TR
[T R AE A2 400 1Y H AR 4H0RLEE 43 28 M 4% EFM-Net, 1%
P 2% 3 o JR) AR ARRAE S B . TR LR L SR AR X A

>

REIVEE WS ) Ay R PG RE AR TR LT 8. E-mail: zhukaiwen@bupt.edu.cn

Za B

V&K% 7% . E-mail : youyanan@bupt.edu.cn

EFM-Net, https://gitbub.com/JACYI/EFM-Net-Pytorch



RPSE 4% . Hybrid-Gird « 38 J8& EUR AR 43 20T iR vk 1723

FAE D& LA SO #2572 S5 S, 3O AH0RL 2K
SR E B A BURFIE 7S, O ) TG SRR 517
Wil 4328, #EFGSC-23, FGSCR-43. Aircraft-16
S BAT PR B2 SR B 00K O 2 K A
RIRAS TSR E R

SR XS S 26 5 Tt TR SR R E AR AR )
FAT S5 HURTRE , (HIRBE 2 ] PR BRI <R &
P A AT 9K 3 LA S ik 0 265 7 AiDRE B2 73 28 AT 55
P RARE , XA BRI TR B A 2 ) 2% 3 ok
Rpite AT ORI AT AR, B H T A A
RFEIMEARIFN N T2 By 7 A5 B AT

AT, FE N SN R TR A 28 R0 2% 1 Al i B
G BT 05 ¥ T 43 S RO e R A i L AR A
Pax TwrRr NS [N v v SN /) D R S S S
Bk BAEB o3 Bk % 6 0715 (Gong %5, 2022)
] Fl 5% 1 SRRV R B A PR 55, BIEHT MR, 1)
F R T 18] B K EUR AT R o AT vE
IG. GuidedBackPropagation, SmoothGrad. occlusion
(Petsiuk %%, 2018) %, #RW0, LRJrkse=gi—
FBHELE, TEE IR IER H AR AR 73 - AE 55 P A
T AT BR | 35 FAT 55 0 F A S [ R

FUR 73 AT 55 £ AT A A R0 Br ik - 3
Bl 73 B v AN ZE ST 1 0 A 12 A A U BB AR R X
I3 P28 1Y T SR G R AT R o IZEOR G 3o AR
2K (Saliency Map) & i 7~ AN [R5 28 X 5 Y 1Y
SO, SCHCHE S 11 e IR 22 I 2% P AL T A
SRy P NAERSMER R, ATEIE PRy i 3 i
2210 25 11 2 4 A o IAASE Y B e s Iz 1) £ B
FEA TS NMEE, B Gradients, Grad-CAM
(Selvaraju 52017, Simonyan A 002014), HE,
B T M 28 NI BRI RBE RS/, e LBl di
] J5t [ i o U R R A E R, XELUAE L
BN MR AE I S o T AIDRL R 3 AT 55 G
AR H AR PR AT PR, PRI, SR R 5 12
ANRERTI 25X 73S Fe KA AS B RRAIE DX ik, e
12X AR 73 ) DR SR Al 20 Y s o LA ) A

HMEI P D7 vt R T RS R P sh Oy i,
b R X AT R I Bl Ry | S
P BRI (Petsiuk 45, 2018), WA sh*T
T g Y R W LA R 0 B XA B . il T
HEMIr BT — TR RS E S,
TE i & B oI T R I 22, e 45 B0 iDL 2
I3 & 2% BT AR A R

SVHISRUL, A AT R 2 A 07 1 Xk A R
FRAE AR RE AT R, e = 1 fr) m A R 14 AL
JEOr AR S HECARESE LR A A2 T 2] A
JRRFE | E ] T e PR R 22 RO ek Bl A B
SIMTIT . R, AR SRR B AT g R o A
IERRE AR k25— BOANESL S R, 42
h—Fp B RESE —SobE . RUBE A 3E 0 A AT A R
AT RIS T BARASBURAE X 9 2% o 3 A
(5 W 1 D0, RE S AT AL M 1 R ARORL E H B A
JRFAE, DAY O E R 4RRL B 5328 19 2% f) m] 45
"%,

2 MR T
2.1 {HRIESEMLE

B8 o 73 PR SR PR OB RO 2 B, &
TR PR A A 80 2 AR A O B R B, ol e JR [
B0 B ARARLRE 43 AT 55 A AT R, SR, HAR
FEAK R A AT BRI 1 H s iR G BE i 52 71
VA AR IR 5 rb [ s 880 ] 0 P A 2 55 30 v G
H AR 000 RE 70 B SC B o i U P 3 0 ok
MEAZ 48 SRR A G SRR & 1 NG . — 7, 1@
o S AR AR IR SR IR S Rl G I 4, TR SZ A
JRAEAE s O3 —J7 1, o H AR AR ST R 1
5, AR REA R AR BE

BARARAL, PMG-V2 2 HARAIRL 53 2 408 H
HIPERE R AL REARLZ — (DufE, 2022), ZMZH
PIASAHELAE T BB SR 2 il 38 5 — A B8 Y 28501
— B FRUR S5l I 465 27 2 5 e B BE vh 288 i) — 2K
AAFAE . TEUIZRPY Be . HUOIR A B 4R AE B 72 4 A
BB RE Z AT N — 2, R Here 4 B
ARESMUE T AR HIE R, X —#RAEIF A ST A
N5, RN ELE T PFEAN T A g Ak o 38 5 1
2R, b — 2D TR SR IR AT 4 AN D45
AL BE AR IBCEAT 2 SO DX

EFM-Net /2 22 8 & 5 H bR 4Dk B2 73 2 9t H
HIPERE Fe AR Y 22—, H A 5 A Ik 42 fi A5 B A
B R A R 4] R . EFM-Net 8 13 K% 4 735 ™)
2ok PR IUE BLACRME R FRAE, 1 ConvNext B T
W 25 B2 CH bR AR REAE , SR H B T2 I L
IPRP ARG o, 4 R PR E R B i i,
DR AR R AR AR 28 ) HRAE, e 49 3 e 2]
O3B A BRRAE T B 00 £ T o 57 4 1) IXC



1724

National Remote Sensing Bulletin

R 2024,28(7)

B, WU 20067 B2 3 28 AT 55 e O B A9 AR Jo R 1
TEVIZRB B, a0 1 s s P m LA Ez_ﬁjiﬂziﬁiwl
GRFEAS o 2 JoT AR I 25 A5 B R 00 A0 1 5SS B DL T
W 1 7 XM L n s LS BOAERA I R AE

B T B EATFFPEM PMG-V2, EFM-Net ¥
RZA, SR LSRN 4, T ResNet18 (He
45, 2016) AT T HARAIARLRE 3 264T 55 . R,
AL LA PMG-V2, EFM-Net il ResNet18 4 #F 53 Xf

JE 73 AT 55 WYl f R AT T30
22 RNESIHINEAERESTE

AT W] OE T AR 4H0RLE 73 S AT: 55 1Y 1T fige B
PRI M 7 15 J2 B T AR A I U A A5 B SRy
wRas ] b AR RAT g, R A AR AT f#RE (Yang
85, 2023) o MRGEATAEREAE DT A S AR
BT W 2B Je TR EE AL, AN SORF IR R D7 k00
WTE. SME2FN, FFREEE TR IILKNAE . SMEHA

G, R BT — BRI AT Y T ) R R B s A Tk, R,
*1 AHRNESHMNERERS*
Table 1 Subjective and objective attribution methods in this study
25 HFR Y S
=f(X°HE)-F(X
SeoreCAM “ =/ "'L) o) S U ARAIE P 5 2K 5000 40 MO L SR 34T I 1 £
0 - RELU( $ Wy;m) S ST P S R E Y X B Wang 5 ,2020)
CradeCAM “s W xXH, 2 2 BA" FHARLA TN 28 5] 5 RRIE L 22 18] A6 B A5 8 AR i —A~ #R T TR ok
«, = RELU ( St ) AT LA Y6 R )RR A9 7 3 3 43 (Selvaraju 45, 2020)
k=1
Ty x, ifx: =1
WIS L= 2 45T DeepLIFTAISHAP (955N Mt HUFE A RO 2% 504
DeepSHAP ¢ nd R T 22 5 | Fe G N R A Y Shapley {Q(Lundl)erg i
]—"(hl(x’))m + zdyox:’ Lee,2017)
d=1
V,L-zk =€+t zuj'p(w/vk)
0. A W8 (Vi A5 53 f () VR A MRS 20380 )23 S Il A 4% |, e 20k
LRP Viz i = Rifz, S () S BB AFEAS « A9 2R L B il 8 MR R SR BT
Vo= Sl WK 1 10 S Y T B (Bach %5,2015)
V/: R/ = a;c;
SmoothGrad S.(x) = aFc(x) I 5L TR T 2 S A0 3 P 22 YRR SR OT HA (K T Ik e
oo AT A ARE)TH B8R (Smilkov 48, 2017)
Occlusion & (hy) = E,uis [=(n)]= S (k| hy)z(hy k) ?‘fﬁﬁﬁﬁﬁ/\ﬁﬁ*ﬁﬁ\ﬁﬁ/ﬁﬁﬂiﬂﬁ,?ﬁ}ﬁiﬂ‘%ﬂiﬂﬁﬁﬁlﬁ
o 2 AT P M 17 F 3 BT RS o) AN [ R 1) SRR P
R AR R BEHURE A S A BT, 24
SMEVIEJrIE  LIME €= 2 w2 -l g A B LR BUR T2 52 Bl e
' 45 (Ribeiro % ,2016)
N BB I PG4 4 Fi AR I SR s, e o) A )74
RISE S, (A) M (A) Bk G AR X sl Xt A TR (14 T 45 S 4 (Petsiuk

45,2018)

ENLEHRE LS, BT Sigmoid PRELAYIE

) B Re LU RRESI 2B S5 X B8k, M“WQXHQ%EI’J
B P RES AR, IFAFFERREETH R 1Y I,

iﬁmtHaéﬁm/\E’Jffﬁér“imiBF/%i{ﬁfﬁ o A7
EMEE (Wang 55, 2020) . CAM/Grad—CAM #f 4
Jai B Al 5 T — A8 RS A B {5 B LR [l
JRE B2 S 3 E R R A5 B, ML AR
EMT AR S RSB R R — 21587 x 7
QR FHEEIRS, 27 224 x 224 R Z A

FIG, HSR X0 DL 32 MR R i, B T4l
KLY AT 55 E 2O T AR AR T BB/ iy,
A PR D kAN RERG B 10 705 0 4 252 W) die KA AR
JRFFAE XS, JOTE X 400RLEE 3 2 1 45 2R 25 i M
1 4 i

MPANEIA R I 3%, Qo B RE TP a4 sh i,
ik B AT W AR R %07 0k REPIL AR RSl
L 5 ) P G i PR A AR 8 35 R, TR X
A 5 AT o A RCE 5 M C SO S AT Xy, (Rt



KHL5E 45« Hybrid-Gird : 28 BG4IV BE 3 S T gt B ik 1725

LRI T — TR KB S B H NG, &
b2 IR L e e (AU S (3 RPN a2 AN
JERHE I R (RGBS 1) IR LA 8 s iR
PR A /N BEAT 1, 308 o a4 i A T {5 A AN [
T3, WLBEAEE TR XT3 F) e 17 ] L2 R A TR )
AN TRVRFAE 0 E 2 o A ROBE 4 A 2o 7 A )
AR L RFAE L S T BE

2.3 BHRENESXESHEFZTSHFEDR

H AT Bk = 58— 1Y B0 HEZR X H bR 410k & 53
AL IATERL, S TR IS b CHERA
KL EE 73 AT 55 I T A 1 [) R, 48 5 AT M B O3 A
T ERE BT AEAL, AN B AR A FB YRR 1
JRaX—ff BEXS HARAIARL E 43 AT 55 BEA TR A

TEAVRL AT 55 19 AR R v, 5 2 54k
B 3G TR E B AR R 43 AT 55 10K TRy
fiE, X S8 R] I3 PR RRAE A PR 2R P — R WU T R R BT
HRo PRI, AIRLEE S SAT 55 frine - ined HOER SR R AT
FE ST

f;'inefgrained(w) = isi + ﬂpj =
T i=l

m n

ess ess
ESi +8+||PJ. +y
i=1 j=1

[, YO HFRRNERRHER S, SO WINTRRY
MATFRIE T4, PO WINERI S HARIE T4, 6
MSTRAERIT, y HACHARHERIT, HXF B R4k
JEYRAT S5, TR M A FURA IR AR S FIAC H.
ARFRFELE Py, GHAPIMC T e K STBR(E N 75
P HARARLE 73 2 [ RELA fife
24 ABFERNFEEFER

HAITFE B 200K S 2K 1] 0 v AR Jo R i 9 2
EMZEAE R, B, RTHRENWRIEXRR, ]
LK Z0RE BE 3 25 00 265 1) I S ol i i 1 2 3 0 e
T F -

f(x) =f(x0) + (;ﬁ{o) (x - xo) + 0((x - xo)T(x _ xo))
(2)
K, MG, x AR, x4 = R
HNE%
HO, T IRIRHE R AR, AT O 40k 3
ML S AR A T ORI
fu>=fun+§(67)(x—%y (3

J'x,

(M

4= (2) F1 (3) m2f I, X T
AL AT BARFAE, 0] USRS XTI 45 it = A 1)
S A 20 S S R0 AR BAE FIAOW, (Deng 55
2023) . BT 800 FAE BAE R A0 R AT L s Ak
R RE I ZR AR AR, T LA 4% (0 i f () 1T
LA 9 7 TR iy AR AT p 19— R0k 7. 8% B2 Z(p) 1
iy NSRRGSR W — 74 QB — O AR A0
7(Q)zM, Hf, 0={Q, @, .., 0,}. Hit,
a, FRRHIE p A A5 5 R

a, = znwp-q‘z-(q) + z Z;lwpny-(‘gz) (4)

L w0, q B — BT RO Z(g) SR EEAE p
HIECTR w0, o 9G4 02 P O 22 ) 9 — SR A T
FEFIAR, 7(42) AY BT p 19 L.

2.5 Hybrid-Grid &% T8

BT HARAIRLIE 73 1 H AR g 55 52 4 B
MR (50 (4)), ASCHRH T —Fhii 2 28 )R ITHE
ZR AT i BEVE S M 5 125 Hybrid—Grid,, 207 ¥Rl &
TBRREE R MG R R, WA
RO AR bR AR 7 AT 55 1 Al RS .
Hybrid—Grid §" & g ¢ Ak W ZRAE FTAO E 8 0 e, A
S HL IR 1 PR R TR U DR R DA e S B NS LK
SRR, HRAKANTE

a=> 3 %mwy2§:zmmn(9

A, Ind (+) ARFALEE HER AL A A ST RO BT
PRAL, Int(-) RRH AR L35 A MH BLAE FHRON Y
THEREL, 03K p ITTERHIEAE Q, I — R R
g6, MK RIFI A B I, ERYE M =
(@, @, -, 0.}, ZARLE AwEENES
S5 MRHEE gL, Hf, deR™, X Fn
AN W Al BE W IR, 4 HARIAE T3 0 2
AEF, 9=1; HW, 9=0.

Hybrid-Grid J7 e it 7 A S E A B 7 i oh
W5 4 AF £ R T A A AR A 0 T ok 7 A 4 ()
LT AP B o 24 W A9 TCOCHRAE , IS
T DAk D e R, iSO T B AR A
J5 15 H UK AR 5 i 28 78 B 2 ST R8O 4 i 25 VA PR
B, FRIE b mT DL i X RRAF 18] AH AR )
R I Z0 0, T R R 4 AT MR P

A SCHE ) Hybrid—Grid 7] f# Bk 23 b7 05 15 1Y
SR 1N, HARGERRIR . BRI R
B Fe(x) XA BUE x K i 545 2 R BRI S («), b



1726 National Remote Sensing Bulletin i & 54k 2024, 28(7)

TEAR 2R SRR IE S MU0 0k R AT R I SRAE HI T TR R AR AE 2 B TR BE A A, TR
XA RAE R OS5 R RBUE R BCF 2, WiJs WY A0 52 2% R iy Al 2 P 5 0 A7 1 o 2 T
I @ HEATIRE, AN PR SRR 2 AF R, ARSCIR T

TKxJ==J?szC(x-FﬁJ(O,UJ))-¢1 ©) %%ﬂ:Fﬁﬂ%ﬂ@%%ﬁEﬁmé§ﬁ¥%%§§ﬁE,‘%E%?ﬁEﬁmé§ii$%
n o B @ 1 PRI A L R H AS 1L R A AR TR E

ORI BTN 2SR AL SRS R AT BRI oty o 5 50 B, (), i B (8)—(10)

25 JL A0 2 AT S AL AR, R FHARRAE 2 1 A B, e it R . A MR S E
MR i T R B X R AR 2 A3l 18 R AT AR A 26 = A e 2 S 2, S T RS B AR

H 5
L5 L B o HEATRRE FEOEDCHR, R T 5 R PR
Ti{x)= RELU( i A ) =0 (D) 1(ij)= (i) + i) -0 ®
0, otherwise
E(x)=>>1(i.j) (10) 4x4, Tx7, 8x8, 14x 14, 16 X 16,--, M4
! R RUEE R 2 x 20, A SCHE H 328 SR R 40k 5

T RS B AR Rl 5 R ol a4 XU
FEFE TR R R AR, n] LA R R
iR 1% ) P S RURE S g A PR RO AR T 1
SralFEpry At FRIEN YN IS NI DY T NENE UN
JE O 224 x 224 5], PR RUBERT LA E N 2 % 2,

& nl g B T vk mT LAAE b =5 P e oA s A0 2 D i A T
BRJE 0.9% WRHEAE B, Pk, %0724 iy
FIEBA MW BRI 2%, BERS ORUEXT H bn 4kL
JE T IAT 55 IO v G JEE f R

TEET CoEE —
+_
X
i}
5
fir
i
i R AR SR B G| (TR A R R AR )
Y
EITE S BRE
‘,"’ ? [ Conv stage 1] RHERA
5 >
= I [Convstagen_]
‘b 4] 18 BT X 0 A RHELS B,
lﬁﬁ%% JR A X B2
RFAE AL E it
2 fir

P> F

w

P B EIAE H BRAILIE 732 AT i B 7 125 Hybrid—Grid 544 75 22141
Fig. 1  Structure diagram of grid based explainable analysis method for essential features
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Fig. 2 Comparison of the explaination effect of different explanation methods on EFM—Net (the red area represents the key features
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Table 4 Evaluating Hybrid—Gird by different quantitative indicators for explainability
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Abstract: At present, the deep neural network for targets fine-grained classification based on remote sensing images has been widely
applied in military and civilian fields. The “black box” problem of deep learning network models still makes it difficult for people to
understand the decision-making basis of the network in fine-grained classification tasks. This not only limits the possibility of deep neural
networks optimizing and improving through feedback guidance, but also makes them unable to be fully trusted by humans and applied in
important fields such as military and medical fields. Thus, how to carry out explainability research on its internal decision-making
mechanism is the key problem for the current fine-grained algorithm to further improve the credibility of decision-making basis. This article
summarized the commonly used explainable methods in existing fine-grained classification networks for remote sensing image targets. On
this basis, a mathematical model for the problem of target fine-grained classification is established. It also models the fine-grained
classification task of remote sensing image targets based on game competition theory, analyzes the applicability of explainable methods such
as IG, SmoothGrad, and Grad CAM on the fine-grained classification network of remote sensing image targets, and proposes a scale
adaptive method for analyzing the explainability of essential features of fine-grained classification of targets, that is, Hybrid Grid. The fusion
algorithm of pixel level and local feature relationships is used to improve the accurate description ability of essential features of targets that
support network decision-making. The typical explaining methods involved in this article were evaluated using indicators such as Average
Drop, Coherence, Complexity, ADCC, and Deletion and precision loss, confirming the accuracy of the proposed method. The experimental
results show that the Hybrid-Grid proposed in this paper achieves a score of 78.87 on the quantitative evaluation index of ADCC for target
fine-grained classification networks, which is significantly improved compared to Score-CAM. Compared with the explanation results of
SmoothGrad and Grad-CAM, our method performed the best in deletion and accuracy loss experiments, resulting in a loss of 16.92%,
1.61%, and 17.21% in the Top-1 accuracy, Top-5 accuracy, and F1 score of EFM Net, respectively. This proves that the Hybrid Grid
accurately explains the essential feature of the target that contributes the most to fine-grained classification network decision-making. Based
on several typical fine-grained classification networks, the feasibility and universality of the explaining method proposed in this paper have
been confirmed. The explaining method proposed in this article can more accurately reveal the decision feature basis of the current target
fine-grained classification network. Future work will further enhance the visualization and interpretation accuracy of the essential features of
the target, assisting in improving the classification performance and decision-making credibility of fine-grained classification networks.

Key words: remote sensing image, explainability analysis method, target fine-grained classification network, explainable artificial intelligence,
cooperative game theory, essential fearture
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