RAE2EHR ISSN 1000-9825, CODEN RUXUEW E-mail: jos@iscas.ac.cn

2025,36(7):3239-3252 [doi: 10.13328/j.cnki.jos.007229] [CSTR: 32375.14.jos.007229] http://www jos.org.cn
O EBLEABE PAFRT T RRBUITA . Tel: +86-10-62562563

T4 TR S A EMGH SRS A K EE
g OE| B Hez! St

"(FEEHE TR RS TR, T35 B 210094)
AP E AR B 15 B S I A DAL, 65T 100024)
B A BEF, E-mail: duxy@njust.edu.cn

B E SHFEIASEABGEHDIASBRE TR XAFERLA. AT AORABARLR 69 X, B #7695 ikl F
1E R ARE K BB LA BAYE WG RBATAAELR T, A, LT T ERF S B R, BAT ST+
B A 694720 Rk, R IF 0 R R R TRIBEATZE, MEH LM I AR T IFEA R E. Bk, £
th — A TS EB NS SHRAI AN L%, Rt AR RBBE L AT IR T 94540 R0k, 45 04F
AEaR A5 B AT ZE WL, AT ST AR EET, Pk B R EA A S REIARGER. MG, KT £in#t
ATHE, 3 NAR R s R A, TR a0 A A S AR R AL 5 F BT 0 Mg, B0 9E 2R U An T AT 1.
XA B AREARS K, BEARNL, 2& A4 HEH

FEESES: TP18

HCTI AR S B, TR, ARRESE, TUOL. FETRMERN S SIS BRI I B AR A RENE. A, 2025, 36(7):
3239-3252. http://www.jos.org.cn/1000-9825/7229.htm

5| %% Huang J, Tao ZL, Du XY, Xiang XG. Multi-label Text Classification Algorithm Based on Feature-fused Dynamic
Graph Network. Ruan Jian Xue Bao/Journal of Software, 2025, 36(7): 3239-3252 (in Chinese). http://www jos.org.cn/1000-9825/7229.
htm

Multi-label Text Classification Algorithm Based on Feature-fused Dynamic Graph Network
HUANG Jing', TAO Zhu-Lin’, DU Xiao-Yu', XIANG Xin-Guang'

'(School of Computer Science and Engineering, Nanjing University of Science and Technology, Nanjing 210094, China)

*(School of Information and Communication Engineering, Communication University of China, Beijing 100024, China)

Abstract: Multi-label text classification aims to assign several predefined labels or categories to text. To fully explore the correlations
among labels, current methods typically utilize a label relation graph and integrate it with graph neural networks to obtain the
representations of label features. However, such methods often overly rely on the initial graph construction, overlooking the inherent label
correlations in the current text. Consequently, classification results heavily depend on the statistics of datasets and may overlook label-
related information within the text. Therefore, this study proposes an algorithm for multi-label text classification based on feature-fused
dynamic graph networks. It designs dynamic graphs to model label correlations within the current text and integrates feature fusion with
graph neural networks to form label representations based on the current text, thus achieving more accurate multi-label text classifications.
Experimental results on three datasets demonstrate the effectiveness and feasibility of the proposed model as it shows excellent
performance in multi-label text classifications.

Key words: multi-label text classification; graph convolutional network (GCN); attention mechanism; dynamic graph
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ANER, ATRES J2 2 MARZE, AR GEII SRS SOA 73 R T7E R BEN A SCAR ML — AN A SR AR ZE. [Al U, fE A2
W2 ERR R SUARBER I, 2 bR%E SOy R — M s A R J7 12

IR RAEF R NN ORI Z DIRZE, 5 &G AR SR P RAESS AR, ZARZE SR> K
SRR S A, A bR AR, R AT T, AR s M BRI 5E 100 2 AR AL A
Z AT IR FRRAE 73 JE IR, BT XTI ARZE ST N 25— >0 FEB R BIZAR RS, SR 5 R AT 73 S48 X0 it A 6 A
BRI ZhR2 TS . XS5 061 80 5 92, (H 228 T bR IR 6 R BB TR IBE 5 S (AN T R Je, B TR
LR X 2% 1 7 VE A B S8 H, X ST vk T B i SR IO 9 SO RIS MR AR AR 5 0% F R 508 70 FRACR. AR U 55
MAZRIR b, PR IR i 2 5] SUARHE UROR A LR SUE R, RERS A Sl S SOA PSR BE(S B, T F
St fe U FE AR I R b, FIFIARZE M SE 00 MR (LIS M AR B, SR AN R () 7 A B R 2 ST A
BEFR, B PR A (RO R AR T et Ak U1, EIR e v Y oh, bR EDEE BT BOR SR G S B
i, RN RS IR SR, AUIZREESRIEI A BR A8 I L DB A 2 )R B 70 A, ASBEAUE SCRS A B R A IIFR A8 R AR
FESEPRAE LA, AN R SCA RN [F] AR RS 56 %, 7 22— Ash 25 (07 st b & SR K.

B 1R 7l B S S i B 22 5. NSO BRNCARTERR A, JAARIEFRAEILELOC R BN TR S R A,

cs.MA

cs.Al- ¢s.RO cs.CV  cs Al cs.CV O
_ require basic information such as _ from
videos in order to deduce higher level semantic information . in  this paper , we osAl

cs.CV Al

propose a methodology that uses a texture measure to _ in vi
deo the methodology is computationally inexpensive , requires minimal parameter fi W
-ne tuning and also is resilient to noise , illumination changes , dynamic backgroun ¢s.RO cs.SY
d and low frame rate experimental results show that performance of the proposed

I~
it}

cs.MA
approach is higher than those of state of the art approaches we present framework
cs.Al - cs.MA cs.CV  csAl cs.CV
for ERICUSRSTeldenSNestmation using [OREGOUNGNBBIECHIISIERBR tochnique - s Al
cs.CV  csAl S
and present comparison between the based framework

cs.Al - cs.MA cs.Al - cs.MA
and the classical _ based framework for _
ty estimation cs.RO cs.SY
(a) BHASEREG] 1: IS B PR IR ORI
cs.MA

.CV LAl
= = cs.CV O

_ became one of the problems which has been paid much attention on
s.CV  csAl cs. Al

by _ scientists since late 80s consequently , since now many different
methods have been proposed to solve this problem in most of these methods the
researchers attempted to describe and discriminate textures based on linear and non linear ‘@
patterns the linear and non linear patterns on any window are based on formation of %% >

csCV  csAl cs.RO cs.SY

in a particular order grain component is a primitive unit of morphology

that most meaningful information often appears in the form of occurrence of that the cs.MA
approach which is proposed in this paper could analyze the texture based on its O
csCV  csAl csCV  csAl es.CV

_ and then by making _ histogram and extracting @ﬁ@ cs.Al
statistical features from that would classify the textures finally , to increase the accuracy of

classification , proposed approach is expanded to color images to utilize the ability of

approach in analyzing each rgb channels, individually although , this approach is a general
one and it could be used in different applications , the method has been tested on the O .
stone texture and the results can prove the quality of approach cs.RO cs.SY

(b) SHASEIREB 2: H 55 b5 %5 5 5 P op SCARTE PR EE A Rk
K1 shasER AR
Kl 1(a) AR 13RS L7 detect moving objects. moving object detection. vehicular traffic density estimation.
foreground object detection &5 H# 1], IX LI IA AU 5 N THEE (cs. Al) FITHEHANGE (cs.CV) FR, th 5 RG %
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il (cs.SY) FHLA H 0L (cs.RO) F K, XA BIME LARR ¥, F5 BRSSO Zh BT 78, (HAERE 1(b) iR 1L
B4 A IELFAR R, ‘BB F texture classification. image processing. color images %5 A\ T8 {E (cs. Al) FITTHH LA
B (cs.CV) FHIGHI SRR, W HARFRZEIEAA IR, FEHIFH TSR RIIREL.

EEXF O i) B, AR SRR T — R TR Al B A B 48 1R 2 AR SUAR 43 53 (multi-label text classification
via feature-fused dynamic graph network, FDGN), &5 7Ei i 73 #7 24 i 45 23 2R SCA T B A i N AL AR S AE . TE4
HKeit, FDGN T 417 SCAS R AAE RIARAE AR SV ERIE BN ZS B, LU RS AR KM B e v 22 1R 52 T, HERf S AR 28
Z BRI K 2. FDGN 7EZhZS Bl Rl b, Wt T 230 SCAR RRAAE R G B, 12 F B2 00 25 A BObR 25 1) 19 iR
B RIS, 56 30K B R UE B, SR THRZETI0M A BUR.

ARSI FETTERA T

(1) Bit-shaAs BT, RIE AT SO B R S A RAR S R, 5&G I H A B, shA R aew
TER A PR TR UE S, AR AT H A B AE AL 38 55 2% 24 1) SCAR SR i) B B 5.

Q) Wita /5 REEHERL G, 286 A 2 ORI BERIRHIER B, e s br 28 i Bl ae /1. B & 24

5 IRR, A8 TE AT M R AR SCA IS SR, T B = 22 B 28 43 215 1 A A 12k

(3) WIT LI VP TR BVE, 76 3 AR S Bt AT SE50, S0 IE T 5 H 17 vE MG &k, Seia sl AR, A

MITTEEARRAR B BN T3 AL, IR T HAE AR SUA 7 A S5 I AR R AT 47 4.

1 #HxIE

1.1 BREXRSH

FERE LU E, QAR T E A F 2% 0 )75, SR, X )5 R R AL T 3B 3 e AR
ARV RR 2 56 R0 5 J7 THT b

TESRBUE S SCAR R b, FEAR 7 F BRI T F LIREUHIE (Wi 484 8L . TF-IDF %5), SR J5 (E FANLAR ¥ >
BFREAT 43 IO, BRI A G 5 R SUAR S FAT S B T — i L, (R TIOR3 SORMHK SCAC I b 3
ORI, B R 2 ST BRI R R, 3 T4 4 4% (1 7 2 SONRIF 72 2 7 1 U772, & B 2 M 4% CNN 18
HML M4 RNN. FER /B8 BERT %5, Al &R T8 2 M T 2 A8 AR 2 F M 5 SR, W
TextCNN™, TopicRNNP, HANPIZE xSy fF 2 5] J7 VA el 2 o) “f 5 B SCARE UFRoR, BB M 2R 0AR
SREI MR, SR, IX LT VAN B TR A R R, WA % R B SMSC A Z M B A, 1B A POvE & B
AN i R, ) P AR SCPE R ML SR AR 28 T (1 B0, AR AR A 2] — AR KA SO SRR, %07 10 B
SRIEIAE SCA R R IUBR B SC K SCAE BT 18 T AR 5 SUARZ AR R, (HAR T FREEZ R K R

TERAERR SR A b, TR0 T ik 32 B T SO R 52 9 A i B9 Read 28 N B P QR U R 33k 479025,
KT — N0 AR VRN G — A ARSI, B4 SR AR H 0T LA RE 0 T AR B D bR S, AT RE R 42
PRS2 T 56, Nam 25 N PSS bRA LA VN 5 91, 45 2 bR AT 45 5628 N — MRS P 9 A AT 45, SR A w4
A28 SR BEAT 73 25 AR IR R TTVEN T ARSI B U, A& &R RE R R. 9 T RGN 1] 38, 3T w42
LRI ITIER . X RTT IR B AR 2 0] 5% R B (Anbn 3L B AR A, AR5 b 2 i 1
AT AR BRI IR A, B 2 ) 35 BN & AR 2 s RARTHE B ARSI I R Ozmen 25 N P56 T HEd:
FRUT T —AERARK, BT % 5 R MHAMLE (CompGCNE™ sl g MibRas 2 8] (iR 56 &,
1.2 FEHNH

TE FARTE 5 AT 55, T2 5 WL B % 5 AR AL ST i A\ ST AR R 5 2 W T AT 96 A T V5 U B, AT 42 B
5 BLE A B TE B R SR  FAT S 2 vh, TR ML o VA Y B rp S B N ST AR Hh 5 R S BRI 9%
B I, T 2 1 20 SR AR A M AR O A4 R, — U AT A0 3 T3 R WL R AR AR B A SCRS 22 18] f 3 SUIBR &R,
AR 2 SR SR R U R 45 A, AR R 2R 1 Bk N PO P 38 S R AL A SRS P 2545 A
PR IR S R R SCRS R, 1T DA A 1 2 ST AR IR k. Guo 25 N PPRKEE = 9L 5 CNN-RNN AL RIS 4
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AR T RAFMRCR. Zhou &8 A P KSR AT IZ 4 FIVE R AIHLEIAISE SR BUCA B SUE B R ERET
TRRERREE R SCA 2 [ (K155 R, e 78 0 R ARS8, (HZ0E TR 2 [BAFAE IR R, FET Ik, A SCE et i
FINLH AR 2 5 SR Z 56 R, AR IR R — AN SUAR SRR, AR, T @R 2 MK R, NEA AR
FERL T — AR S AR TR, S R 2R AR AR AR R R
1.3 EfHERLE

It SCA B 1 DR 8K AN 22 B2 20 AT 55 0 53 28 MRS W 8 0, [0 et 28 1 48 4 Dy — itk 1 PRI 5 R e T L,
MBI 22 BRSSO 2R A SR T I 77 h). B2 I 245 e 5 TR FH AR 28 2 [T (R SR BB ok R A A 28 1), FR7E B kAT
FFAE SRR 7R 2 . 5 WL B 22 R 2% 2 AT LUK LR — 2 RIS BRI 4 (GON)PY, S 5 A6 N1 A (1 41 11
SRR SRR, R EERE AL (GAT)PY, i 51 A\ B AL R G s 5Bt A, (15 5
T 5HAMRRIADE T . SR Z R RMAMLE (CompGCN)PY, 3 K7 VEK 11 2 10 2 Fhok R 575 SIS 5T, AE
IR S A2 R R, 7R 2 AR SCA Y U, B M RN 202, Liu AN PHRE T —fg & 7 &
BRUALE (GCN). BERT ANCIZ ML (IR G B, Pal % A\ P T —Fh T GAT #i% MAGNET, i i+ br%s
2 1) LB e 2 ST AR 2 RT3, AR ) P PRI 28 R 2% Sl 2 STRR 25 I8 7. Ozmen 28 N P 11 9 78 3 LG AN
ZRZBEGBRME S, /G T ETHER S RMPRERIR, I B TR T RIS B iE 77 x5k
FHIEE L SR I0E BT ARG R — MR, ZAL T SCAR B [ MR 28 A0 S, 15 B (5 B AL 1%
SRR SR, BRI T RIGA 1S B MK R ARSE RS, T B — 5 (R PR . R, ASCEIN T 3)
B, BT URNE ARE BN FEARE B — MR, BB T240 SO S h 20 & RS R
2 B &
2.1 [GIEREA

TEZWRBESCARGT FAT S5 20, IZREE D = {(x,y))Y, BN RS SRS x; RIRRZFIARAE Y = {y; € {0, 1)) AL, m ks
B RANEL BRSO x; #H — R BIAR AL, x={wy, w, ..., w, ), HH n ORI, w, e RO R ES § AMAI A
PR R, KRN L={1,, L, ..., L}, AR [ e RY . ZHRZESCASr 200 H bR 2 AR U ZR 45 U1l S — A T
BEA BER A — AN H R FRC AR AR 73 253 m ANE SRR .
2.2 {RBIEZR

AL T —Fh B AR A5 R FDGN, W1& 2 Fros. AR RUR A 7 =B Bk 78 7 Rl SCR FbR 2 2 [1]
PRS2, 12, A BUTESE 1 B By TR FH e 2 77 TN 4 R R e 4 TR 4% SR AR B S A R 25 36 . 7EA5 B SC AN
RN, N T BRSSO Z R 2R, I & I HLEITE SCA PO R RS- BURI 56 P9 25, 13 SRR A 56
ISC AR TR, SR, ZIBBICAZ [AFRE S R AR, FDGN 165 2 BB kit 7 — NS E R & 3h A B e, i85
BREE B AR RN RS F R WA A A R— MRS A I, 1E B KRR RoR. )5, FDGN 7645 3 [y Boki bk
ZEAH IR SCAR RN 5 AR 2 1 SRR T IL RS B 555 10 2845 . F X FDGN HEAT 2 DR IR,

TES | BB, 5 i — et 72840, AR A B = 2L SR SR B SCRSRHE, XA TT LA R4 SO P 3
VB SUAE SR E B AR 45 5 SCRY x={wy, W, ..., Wy}, 5% Transformer™ 5 %2, SCRSH A AEANA [ B 05 22 3k
VER IR 22 P 2% )2 A0 EE, AT 1S BSOS IER . AW T

MultiHead(Q, K, V) = Concat(head,, head,, ..., head,) W’ (€))]
head; = Attention(QWZ, KWX, VW) ®)
Attention(Q,K,V) = Softmax( oK ) \% 3)

Vd
FNN(x) = max(0, xW, +b,)W, + b, “4)

He, wes WE WYL WO Wi Was b b, RRTUIIZRSHL, d R, n RIER TSR
W &N R 2k AR SHUI AT ML 5, BUR AR T SCRIIE SRR Z € R FEBRR 2R 2R
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T, RAEST —ANE G = (V,8), Hh, TSI RARES, 112 AR 0 LIS SR, WIRFE AR (8]
ARSI 2, WX BT 5 2 8] f— 4630 A 4. 45 F 3R A Light GONPIZEAR S LI IR b 22 SIFRS HR, e Ja153)
PRZEFRIN E € R4, AT

A=DAD? 5)
1
(k+1) _ (k)
=N ©)
ZN: VIN| VIV

oo, DR SRR, S A O 0, SAFTE BRI 0 [ 1. TR AR ST i A B A B R AT 8 — Ak, o
A=A+A", AE NN FFERE, A ARl Z(H AR RE, 23 T IR MN. BARE i AR j 2 B FEBIRECK
T0, M A; 9 1. MV N R i TERE k1 EIRAR, N TS AL BIBE. RIS AR s R I I X FL AL R R R
BEAT IR 305K 45 21 1.
A B
X SCAE SR | B A0

| §'i REER A §
i : E = i 52 ; b . Attention |——h:
. = = i

GCN

B2 ASCHEHH FDGN FR

B HA G A ShR%EH K.

AR

TEAFBISCAR MR IR Z MbR 8RR E &, BT SORIEH 8K A A K ES
(K iH, FDGN i FH AR %5 51 5 ARO3E 58 LI M STAR B B BR A8 AH DR FR 1 XS B
exp(fe})

Z exp(hje})
J

vi= > ah ®)
]

b, ay NSO A A T8 ARSI, hy 25 j A AR I [ BROR, e, S | MR LR,
] b B AR R 1 SUBRE IR, IS A B K, 550 Jm 159 B BRSSO IO SCACRHE V. 1238 AF RE 6 78 20 R BR 281 A&
B, A B TR SOAS s 2 IR AR B A R ) A 2.

FESRATAR AR A UL A, A SCAESS 2 B Be gl N THRFERL & 3 A8 B M ZOR AR S 2 MR R, 55 15
BAR B2 T IR R HIPR 2 EIANF], FDGN B8 B 2k T AR % 2 8] (58 R AR ), I R A A SOA 2 TE]
PRAER RN, 5 Ma 2 N PURE I, FDGN AR 2 8] 156 R 5 SO 1 42 JRRHIE S 6. 94, fRA
£ SHUREAR SRR SCA AT REAFAE BRI G 2R, T A HAR SCA R AT REBCAT IS A W . Rk, AT 5B Bt 17— MRS AE
LR, DAZR 25 FE AR BN ORI SRS AE M SCAS &2 R RPAIE. AR5 BURR B AL SRS )5, AR TR PR T

O]

ij =
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PR2EFNZS I, I AEIXAN B B BT EEETURAE, SR 2SO 2 B IRR K R X — PR B T S v 2
FEARRE 1B B B, AT 9 22 bR A5 SCA 7 RO R (R LR R 2 5, REWSIRAGAR B IR 2 IR R, 58 3 BT iR,
ATt — R AR BN E R R 5 UG AR AT UL AL, SR 245 B AR B JE 1L IX A7 7%, RERS 78 7042
SCATIRREE 2 [ RIRAT S 552, S0 B I 51\ RENS S T4 H LR BE RS 38 N AN 7] SCARIRRAE 2 A ) 22 FEA G
A, AT SE G Mg R S B 82 P (14 22 B 28 S A 73 S il 7L

55 2.3 R AL AL & B S M 4%, 1% E B AL R S R B A B 5 2.4 SR A2 AR R
TR, %71 T FEW R JE IR AR A
2.3 FHIERRG BIZSE W4

FDGN 1 53l i FRAE b & LR BURR RS TR A HFAE. 15 Ye %5 A BUSAL, FDGN I F 2 A7 I 25 S X SCAR )
LJRFHIE G, ARG G SARZEMRHISCARHEGHE, fq 8 G EREAS BIFR R S RHE v, 230 T

G = (Conv1(V)T6 (Conv2(V)) ()]
V= [(Visve), (Va5ve), ...,y Vi vl (10)
V"t =weve (11)

HH, Convl. Conv2 ATA 1x1 MR, 6 4 ReLU ik, We & SHUHRE.

TEMEZN A b, FDGN J6R F i = JIHL 115 2R 2 5 SCAR R AR R i3 5 S ¢, R I3 4y R iR 4
S B RBURR S5 SR B R IR R B2 ROk FDGN BEiE 17— MR s AT HLH R R bR 25 2 (8] (1) 5 R 1Z ML B o &b
& BRI AN SCAR AR B AN R ZE SR T IR W, SRS AE RN B b E SRS 2 TR AR BL R, 5 5 1B E Rnfg 3|
PR 2 IR AR S 2 B, TR 2 RN R A% XA BT AL T RS 2 MRS AR R, RS & SCAR B INE Lt
RBAREZ AR R, AT

A;ﬂ = Sigmoid[Z": S X 85, X W,i) (12)
=1
§°= u\gw‘ (13)
W' = Softmax(S*) (14)
si= sy, (15)
=1
d

Heh, we, WEL W2 WENSBUERE, d EFAEAERE. S* NSO B 2 1B E TS 1154, S AR SCAS B
5] B3 =R 1454

TEAS B T AR RIS BEE, B R k@il AR (5) SHABEEAERE A4 BT IH—1k, R X m& FRAE v 34T
BEIGARERME, RG18 2R 3IAE RR U e R,
2.4 =B

1R FRIFEZ S5, S5 T AR ZNEIE SRR U, SR a #5285 7R E #HATILAS, X BLA SO ) 2 s iR fg
BRI BINAR 5 S, AT

S =diag(U"E) (17)
IRIG N T AR TN R, A S Sigmoid MRS /33847 1H—1k, AT
y = Sigmoid(S) (18)

RICAEH y e R BT KR SCRE T A0b5 5%, Horh y' 9 1 R ZARE)R T 508, ' N 0 R A5 AR T
R, 10K BB A SRR BR . A SCHE SR UESE T TN o B R, DAL BRME A b v A 2 5 J P TN 25
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£=-"ylog)+(1-y)log(l - 5) (19)

i=1
RIS

RIS VR TR BEAR A i — A B AS B, DRI e LS AN [FIRE AR AR R 15 1. 25 T ik, FDGN 5] N TR 1E
Rl Bl A T X 48 SRS SO Y R B S AR BE DR R N T VPR JE TR AE Al A 3 A4S B I 4% 1) 22 B 28 SOAR 43 R Y
FDGN FI 2, A SCERI TSRS DOHIRAG . TOT F1 5 BOR N R FR, JF2R86E 7 BLF 3 AN 1.

o [/ 1: FDGN J& i b HAth 22 WR28 AR 43 S8 T 1 B 472

« 6] % 2: FDGN [ #- iy o 35 43 28 45 52

o [/ 3: FDGN )55 B 508 e 2
3.1 HiEsE

N T SR AR ST H SR A R, A SCAE SR e S5 B SE (BIBTEX)™, B3 #iE kL E (RCV1-V2)™
A arXiv AR SCHESE (AAPD) ™ _EHET 7 S25. 3 MR AR ELAESR 1 .

« BIBTEX ##f# 45 /2 1 Katakis 25 N WIRIEH), 08 T —RS¥ AR BT oEHR G S, Wb, 5. fE. &
WEIATIE B4, ZEUREILE 159 Me%, B TFIH 2.38 Mr%.

« RCV1-V2 F2 B33 45 1) SCASFIAR 2 [R5 [ 28 0 B8t & (045 804414 3 MRS, &A1 H %R R YEAR
RN F-B 532, BAFE T E R T 2 M2 ZBIREILE 103 MR, A SIS 3.24 MR,

« AAPD S Yang %5 N "0 (1 24528 4 UK — A BT ER A, BT SR 4 55840 R AR L
405 AN 1 R ZHAREEILE 54 MR%E, BN SCRP IR 2.41 R4

F 1 e I BIREE

Dataset Train Valid Test Labels Words/S L/S
BIBTEX 4377 777 3019 159 46.47 2.38
RCV1-V2 644410 80000 80000 103 123.94 3.24
AAPD 45850 5000 5000 54 163.42 2.41

1 Words/SHIL/S Ay ~T- Y5 i SCAY I 5 1) BUR bR 25 5

3.2 PEEIERR

AR SCAR 3 AT DL — AR AR RV, IX L AR AN A SR B (e ). 2] Yang %5 A MO T
1k, A3 R I ORE B8 (Micro-Precision) WIS (HL) BT F1AE (Micro-F1) V59 BE3RAE 16 5. oS #i 2
(Micro-Precision) 151 /& T Ay 1E 5 (1B AR B0 B0 1F (0 IEREAS BT o7 B A, (i 70 s 22 W ABS 2R . F00 A AR 114 94 1
PRI . DOATR SR (HL) 5 8102 4 JEa 0 T bR (0 T 25 L 5 S b 28 2 1] AR AN DG R AR, U532 I 3%
AR 3 2K M BEARAT . T35 1A (Micro-F1) A& I8 3 43 i H AR MRS i - A0 4 [ 28, 4R 8 ek L AT AR
SIS B0, AR e 3R A B (¥ R 43 Sk e . LA A St

[
gl
=1

Micro-Precision = . SE— 20)
thj"'fp.i
j=1
1 < XOR(y:,9:
HI = _Z OR(:i,3:) 1)
N i=1 Q
0
Z‘:I%Pj
Micro-F1 = ! (22)

0
i:12tpj+fpj+fnj
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Horh, O RARSHUR, N RFEAYE, XOR 2R BUEE, y, 2% i MEARMTINME, 9, 25 | MERIIIRE, p~ fo)
S 5 MR E jARRRE R B RBATE. AR AR
33 B4

AT R TTIHN B, AR SCIRE | 2 R E AL 2. Ho b Binary relevance (BR). CNN-RNN. LSAN K%
FEFRZE 2 [AlIHI 2, Classifier chain (CC). MRMP. LANRTN. LACO. ML-R. SGM & T #5252 A HIAH S5 1.

o BRIYVUNEAR AT NG —A 05 Feas (LR SVM).

o CCPMg MLTC il A0 Ay — 22 1) 33k 1) 4 245 ) A,

o CNN-RNN™ g ] CNN FI RNN $2 B4 /MR #E XAS B, IR bR St AT d .

o SGMU™IHRH T —Fh 7 i) 7 51 A AT, ) it e 22 R 285 43 ) J.

o LSANPOUER By B ML 27 ) bR B4 52 i SCAR R,

o ML-R™HHEHEHHLH 5] N 22 hR%E SCAR 53 2 .

o LACOPE itk 24T 45 5 51 KA i 22 b 2 SUA A S rh B bR B AR St 2 2.

o MRMP™IEBRSE 2 [T 7 HER ¢ 2R, DAL ) BIbRZE 2 I N 5 145 .

o LANRTN Mgt F 5634 25 Fo AL (0 P 1) AR )7 vk 2 ST SUR R B 3.
34 XWRE

AW FHET PyTorch HEZE#) 745 A PyTorch iR A4 2.1.1, Python fiRAS Ay 3.11.5. SZE6FE Fi24T4E Ubuntu 20.04.1
LTS &% I, CPU Z!*54 Xeon Platinum 8168, GPU %5 7y NVIDIA GeForce RTX 3090, CUDA A< 12.0. 75
ZHRBEE 71, AN SOK ] 1) T 4 AR S5 R B4R R R 512, SCATE SCHEHU M 2% 10 2 8030 2, 157 1 Sk I BcE 4
BN 4, EBRZEEN 2, bR H 28 SCER I 4% (1 2305 2, BB A Adam P2 AT IR, WI8E 5 I RN
0.0002, KN 10, TEHHEN 10%.
3.5 LLER

o il 1: FDGN s 75 bt HAh 22 AR5 SUAR 73 S TV TE 42

N TR T FDGN A UM, A SCGEIL T £ 5L B2 B LU 7 BAI17E BIBTEX. RCV1-V2 fil AAPD
AR RIS R, Wk 2 PR, 451K, A TR M TE IR 3 M EURAE BB LA Sl M RE. 3E—2D 10, A
WER BT T IA.

F2 LKL R

i BIBTEX RCVI1-V2 AAPD
: Micro-Precision HLX107 Micro-F1 Micro-Precision HLX107 Micro-F1 Micro-Precision HLX107 Micro-F1
BR 0.531 1.66 0.388 0.904 0.85 0.857 0.664 3.16 0.646
CNN-RNN 0.537 1.48 0411 0.889 0.87 0.856 0.718 2.80 0.664
LSAN 0.559 1.36 0.478 0.910 0.79 0.882 0.776 2.46 0.702
CcC 0.535 1.62 0.407 0.887 0.87 0.857 0.657 3.06 0.654
LANRTN 0.564 1.33 0.472 0.906 0.73 0.892 0.762 2.40 0.718
LACO 0.558 1.30 0.483 0.907 0.72 0.883 0.803 2.13 0.748
SGM 0.534 1.42 0.475 0.887 0.81 0.869 0.746 2.50 0.699
ML-R 0.565 1.39 0.473 0.890 0.79 0.871 0.726 2.48 0.722
MRMP 0.566 1.32 0.479 0912 0.73 0.896 0.799 2.12 0.749
FDGN 0.575" 127" 0.493° 0.915" 070"  0.912° 0.804" 2100 0.753"

TE: AR U R LSS R, TRk SRS R | *Rp-valuefE /N 10.05, HA &M

1) 5 BR fll CC AL Gl 8% 24 2 J7ik M bh, —Se I TR B 2% ST I 42 LA ) (U0 CNN-RNN) 78 2 R8I 4324
R4 b B W BACE, XA AT LA IR R 2 VR BIE SCRFE. 5 CNN-RNN #84AH Lk, LSAN FJ A vE
BN AR 5 5] — AR E I SORS FoR, Horh 78 AAPD BB 4E b, Micro-Precision 32711 8.08%, HL />
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T 12.14%, Micro-F1 &7+ T 5.72%. Bt4t, 5 CNN-RNN. LSAN SR EARE 2 0% R 7B L, —83E Tz
22 [AF RV I 20 BB AU (40 MRMP) 1E 2 W88 SCAR 43 2T 55 Hp B R SRR 3, TRI T SR ASEAR A O 1 o) 22 R 2 43
i) AR R . JLAME W LUE Y, FETER AIHLE AT S A BRI LANRTN MEREE ST SGM &5 T 7 414 il
L. R SGM AT 7 /57 91 R A a8 2 1A 1) 2 2R EAT T A, {H e 08 T AR 2 R0 SRS P 25 2 [l 138 H.. LANRTN
13 2 bR 203 3 70, AT DAV P 25 HR S A S 38 4, R B MR B3R U [/ (918 XU AE 8.

2) ARSCHTHR AR YTE 3 AN EHR AR M RS OL T AR, X% F T FDGN i@ i 314 B A RN SCARER A A
T —ARZ A B, R AT PLGE A T B S B A 2. HorP 78 BIBTEX £ 4E I, FDGN FIT 54 0.0127,
R LT ER R, 53R SIHUHIR LSAN F L, A SOBRAE I A H R F8 4R Lsib T 6.62%, £E Micro-F1
Fabr EHETE T 3.14%, £E Micro-Precision $6¥r FAETH T 2.86%. 55T EG R4 W 48 A1 = 14 ) MRMP
FHEL, A SCHARLEE IR S48 bn _EIR/D T 3.79%, £E Micro-F1 fabs LIRFF T 2.92%, £ Micro-Precision Tahn F 42
F+7 1.59%. 7E RCV1-V2 44 L, FDGN M3 24 0.007, 2 AT 22475 kb i ir 1, S5EF R /100 1
LSAN L, A SO 1 A br I8 T 11.40%, 1€ Micro-F1 #6845 E32TH T 3.40%, £E Micro-Precision 15
Fr E3TE T 0.55%. 52T EIAGRREE W 2 F0E = T MRMP A b, A8 SCRSBIPE AR 48 bs BB T 4.11%,
1E Micro-F1 #a¥5 L3&FH T 3.40%, 1E Micro-Precision fekr E3&F T 0.33%. & )5, 1E AAPD #(#E4E I, FDGN [
B0 0.021, SEBTA B2k 7 iE s i f, 52 T R AU ) LSAN A TE, AR SCRERYTE SRR B e Fia b Lok T
14.63%, 1E Micro-F1 $6¥5 F3-TtL T 7.26%, 1E Micro-Precision 65 E3ETH T 3.61%. 5 MRMP L, A& SC AR #E
POHIRFERR LI T 0.62%, 7E Micro-F1 fats E3ETF T 0.53%, £E Micro-Precision 645 E3TF T 0.62%. Kt
AR R IE Rl A 3l A BN 48 278 5= RS 3401,

7] B 2: FDGN (1) %% B an (T o3 73 2 25 2

9T Pl FDGN H AT 4@ B ] 43 28 45 S 0 520, 2 ST I e 6 S 6] (A 20 SOE 454, JBEAT 77— R VIV RS 46,
H 25 AL AL T 3R 3 . LG RA: 1) FDGN (W5 By Be s K — 2 IR T, K M OB S EXT & LA 5
TR 2) BIY7E BIBTEX A1 RCV1-V2 i 4E ERIPERE I AL T AAPD, iX/& T BIBTEX fl RCV1-V2 #¥
SRR Z 5 %, FDON JBId 45 & SCARRHE. EAPRER R, B TARB SR 2200 45 IR0, 3) A FRfiE
of S5y &35 A A AR R S, IX 3R R A X I SR PR SRR E T S R 6 B8 0 F R AR R .

R3OS R

AL St S5 K BIBTEX RCVI-V2 AAPD
RS HHE ZhASE Micro-Precision HLX107 Micro-F1 Micro-Precision HLX107 Micro-F1 Micro-Precision HLx107 Micro-F1
N v 0.575 1.27 0.493 0.915 0.70 0912 0.801 2.10 0.753
X v 0.573 1.29 0.489 0914 0.71 0.907 0.800 2.11 0.752
X X 0.566 1.32 0.480 0.912 0.73 0.896 0.798 2.13 0.749

[/ 3: FDGN F) S B R R 4 2

T kB HERIE FDGN 78 SEE HIE ), A SCTAAL & FEA LU IR FDGN 7E @ R A AR PRI L35 I 3
A 4 FoR T WILAREAS AN [F)BR A5 X0 SCAR IR 2 0 A R, KL v P € R 3 ) LA S P B DR AN T B T 1t W 4%
B, FAIREEAE A T B T SRR F (R 43, T BRI B OO0 IR IR, BR48“es.CV?, FE AR 1 LU K
1] /& “image™“‘images “features “extracted”Fl“region” (& 3), M Fr%E“cs.LG”, 1£ LA H LLE A SR 2 “classification”
“algorithm”“clustering”‘optimization” I *“classified” (&l 4). X7/ iE B T 2T MR SCA GRS SIES KR, AEB T
HEBF A IR SCAR S ARRE Z IR SC IR, MTTTTE 22 BR 28 SCAR 73 AT 55 A BUAS BB 4 PR RCR.

9T UEH] FDGN R 8 A AR SOA 2 i AE AR S G IE, PRk 7 — 8 55 250308 22 LR AH 56 1 SO, i s
ANFHE MR AT P RAK. Q1] S BaR, /AR A ST K R B iR, W] LR BITE BN A Bl 4725 “cs. DBV 547
Z“cs. SE” A HYAH M EL IR, IXWI 23R H] 7 FDGN B BIRH L3, & REMS 4 & SUA N B2 HEFR 28 2 18] ) 31
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BRAR, XA FISCARRNBREE 2 8] (9 2 FEPE R AR EEAT SEERR R, M0 A RO bs K AR AN I8 38 N
M B AR A 2 18] Y SR IBA L, FDGN R S 40 Hhid B B ) 22 AR A8 SUAR 73 67 5, M4 e 2 SRR .

biogeography is the study of the geographical distribution of biological organisms the mindset of the engineer is that we can learn from nature
biogeography based optimization is a burgeoning nature inspired technique to find the optimal solution of the problem satellite-classification is
an important task because it is the only way we can know about the land cover map of inaccessible areas though satellite-have been classified
in past by using various techniques the researchers are always finding alternative strategies for satellite-classiﬁcation so that they may be prepared
to select the most appropriate technique for the_task in hand this paper is focused on classification of the satellite-of a particular
land cover using the theory of biogeography based optimization the original bbo algorithm does not have the inbuilt property of clustering which is
required during-classification hence modifications have been proposed to the original algorithm and the modified algorithm is used to classify

the satellite - of a given region the results indicate that highly accurate land cover- can be-effectively when the proposed algorithm
is used

ESLIPS B LIPS
B3 BR%E cs.CV iE BB E AL, BUERERACRAR I RE

biogeography is the study of the geographical distribution of biological organisms the mindset of the engineer is that we can learn from nature
biogeography based_ is a burgeoning nature inspired technique to find the optimal solution of the problem satellite image_is
an important task because it is the only way we can know about the land cover map of inaccessible areas though satellite images have been classified
in past by using various techniques ,the researchers are always finding alternative strategies for satellite image_so that they may be prepared
to select the most appropriate technique for the feature extraction task in hand this paper is focused on _of the satellite image of a particular
land cover using the theory of biogeography based_the original bbo_does not have the inbuilt property o_which is
required during image_hence modifications have been proposed to the original _and the modified _is used to classify
the satellite image of a given region the results indicate that highly accurate land cover features can be extracted effectively when the proposed-
is used

FAEK [ B JUIGIES
K4 B2 cs. LG VERS IAE AL, BUEIRERAARA R L

cs.SE 0.9
cs.SI 0.8
cs.CE 07
¢s.LO -
cs.CV 0.6
cs.LG 0.5
cs.SY 0.4
cs. AT 0.3
cs.DB 02

cs.CR

cs.SE
cs.SI
cs.CE

@} >
3 2
4 £

¢cs.CV
cs.LG

cs.IT
cs.DB
cs.CR

5 Bl TREAR LA B A

A

B P

5

4 B #H

ASCHR T — P2 TRAE R 5 30 35 B R 2% (10 22 bR 288 SO 70 RN, B AR SOIRBUAT 7330 TARSE R AR B 3
W FRY ek B2 AR LA B o R 28 1 ek RE AN A 4 T . S0 e 2 2 T o I vt R AR 2 50 2R, i 1 B BRI
99 7 ERAEE, RN S5 & 7 SCARRI AR AR AR, LA SE AERS G AR 255G K. L 2 T 3 24 B BB AR I 28 A2 7
PRI B AR, MU HREE 7 JAR AL 7 J 308, SR S5 RIGIE 1 AR A R AT 1, 72 M EdEdE b
JEBLHY T SRR BE. ASBIE FU A 2 BR A8 SCA 7 SRS A FEAN S BB A 147 28 I 25 A0 3 . ZE AR BT 7T
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Rt D IR B AL B) 25 B 48 A2 SCA ) SR (N2, 32 v s 2 1R W 288 £ B 0 A, I (AR AR AE AN P et £
A I 75 A S5 0 T R B, M J 35 7 12 B 9 1 2 R B8 SO A 7 2R BRIk [N, AR ST Al AT £ — € R R PR 1, 451
U9 HOE B 2 R bR AR I 2 1 (19140 AmazonCat-3M 4 85 60 & KU ET 15 M%), B NREAR T i S s /)
HR ARSI, BEAE bR B 3 2, TR R A th 23N, X AR I G R T BRI R Y.
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