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Abstract

The effectiveness of federated learning (FL) models is crucial for privacy-sensitive multi-label im-
age recognition tasks, while cross-regional image classification faces challenges including incon-
sistent data distributions and correlated yet imbalanced categories. Notably, existing research still
lacks systematic solutions addressing label correlation and imbalance within the FL framework.
Specifically, due to data heterogeneity and class imbalance across clients, the global model aggre-
gation process encounters parameter inconsistency issues, where significant deviations exist be-
tween some local model parameters and the aggregated global model, thereby impairing classifica-
tion performance on these clients. To address these challenges, we propose a Federated Dual-phase
Attention Network with weighted label correlation embedding for multi-label image classification
(FD-WCAT). FD-WCAT’s core innovations manifest in two aspects: (1) local model construction in-
corporating label correlation and class imbalance weighting, where each client builds a masked la-
bel correlation graph to learn label correlation features and integrates this to design a class-imbal-
ance-weighted multi-label classifier; (2) global weighted aggregation employing a dual-phase strat-
egy with global-local parameter regularization. In aggregation: first, each client computes its class
imbalance coefficient and transmits local parameters to the server; server-side, client models are
clustered into T groups based on parameter similarity to ensure intra-group homogeneity, followed
by intra-group aggregation to generate T temporary models. Subsequently, temporary models are
assigned imbalance weights based on each group’s average imbalance coefficient, and final global
model generation occurs via imbalance-weighted aggregation. Experimental results ultimately val-
idate FD-WCAT'’s superiority over existing baseline models on multi-label datasets.

Keywords

Multi-Label Image Classification, Neural Network, Federated Learning

Copyright © 2025 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0

1. 51§

ERBERMZ BTN RT, SHREERGTONBR KR RN, HLPhoE T a4 2o
PBESAE AR A A Dt 3 A7 A RO SR AS T A ), 5 B A ke 2 F R E RE N B . TR RIE,
— LS PR ME BT R U, HBEAA R R SR A I EOR R S F 2, KR 3] (Federated
Learning, FL){EA—Fh oA sUHL & 2% 213 20, 383 S0 22 07 i P [ ) it A 2 e 2l 1) 75 2K, B
AT BRI RINEOR, SR T B BGRBIBE I (T, D9 RE L M 2 Anis AT St T AR AL
DRI SR RE I BRI TT 5

FEBRIRESIHELLS S0 Z AR BRI 0 K1, BRAA PRI L3515 20 PR RE T B 2 8 R 0 J 3 2
TEMZ0BkE: B i SR R R B XA RAEAS— B L SRR AT [ 1] [2]0 X A0 &

DOI: 10.12677/csa.2025.159243 268 THENURE 5


https://doi.org/10.12677/csa.2025.159243
http://creativecommons.org/licenses/by/4.0/

P A

TEZ BR25r I RIB I 0 B S RIDT AN BE, BRI (1) KR S EBRRE > i 2 57, %%
JUSi T R R AR 5 (2) B XIS MR RS LR, RIAR [RIAR A2 S A AN [ X I S AN R] 3L 8
B NITE SORHRDRIL 3] [4]: () KA PHTRISEHIAH SCVEAEAL I A7 £, SEEEARZE I B £ 4 72 X
BT RE G e, AR AR X R B A A . BN, FEH S, e ATy, I R A
57, FREAER O, SBUXEAREIHEABER L . Mk, & B AR IR,
ARO[ L, FEOXELAANZARENEZE . R RERM ARG, KA AR X% ] gel
A RIS L 7 B BRI R B, 1A% Ge ROIBCHR 7 SINESRAEAT U B T2 S A et oA, TR
T3 7 FEANIR] DX I ) B8 He 2B A AN R AFAEAS T I8 BE[51-[7], EBLIBETE R, 2 R f R &1
FIREM RSB — B . BAKTT 5, 3L bR 1 Bt 725 € XIPT RE o bl i, B >l
LA BRI HAS R X B FAR A RMEA ], & 3 BURF XA R AR DL & AN R R 2 A S
I A 72 AR R R S 4, T3 804 RS2 AT RE S DU S 00 & BUANT48 (R 300 L5 0 23 %5 7 i ) A
MBI R FESHOEN T A, 2T A 99 BRAEAN [ % 7 i 2 8] 7z AL g

NI IR PR, AT TSR H T AR S IR A B XU BRI I3 5 704 22 [ 4% (Federated
Dual-phase Attention Network with Weighted Label Correlation Embedding for Multi-label Image Classification,
FD-WCAT). ZAHES I BIHE T ZARBUAE PN ERE : Bl 1 ARSEAH AR AN AP L i) Jo A A 7R Ay 2
AN AR R AU, AR A AR 4 SRy AR 79 A T3 T R AR DR ZEAR SR AN AS P 1 3 BB R S A
—EA . (R AR, FD-WCAT JHI R £ Bl AR 25 AR 5¢ B AN R B 7 s O A A8 LU U 0y
PREEAR NN, 85 BEiH e 1530 R B & N2 AR 2 7 KA R MR I AT T [ B oA it
B 5 4 R A 2 (R I S H0R —80n @, FD-WCAT BEih 726 T4 s - A S 808 ML RS B R A 3R
W, %SRS T S AEAS I T 1] P s TE L5 K eR B A R A R R 280 5 4 R AL ) (s 2 Y L, SRS FE TR
FamPAT T BURL R & 5k AR it S A T RS, PR S AR S5l
KIEZBRSS S, RS AR T A, D REFHN RS EORLE, TP R, 7
BANBATRS, AW T DA B/ FEE R SRR R A R P A8 REO X T AR
BRI AR . e B AP IR ST B R . SCIRIRIER W], (R AR R AE R
E, FD-WCAT BFEHETTIAAE F1 scores AP S5f545 EXHITE, ik Tz HERHIA Rt . A0 R 25t
[

1) $RH 17— 2 AR 25 T BB 73 AR BUBHS 2 STHESE FD-WCAT. iZAESLIE LA AR 25 AH
SRV A T IR SR PR 3 P8 SRAH AR AR B AR SR VE RN, I 51N 35T 2 HOR0 I AL T3 DL G2 A AN [R] [X 3
(I SEANT- 17 ) 7L

2) FD-WCAT @i it 42)m) - A ZHOE WAL 15 5% R B XU B & SR, Ak oA RS 7R A 4 J) 46
B2 MRSEA—BUAE, B ER m R RE R 5 AN R 25 o ) 5 o s B iz AL R

AR HLTS 5 2 BB A, AR I I A M AREE 2 2] . 55 3 7
AP ) FD-WCAT #2858 4 FIPEAIRA SLIe BB, FFHilId eI 50l FD-WCAT KA ¥tk &,
%5 At

2. EXIE
2.1. BERBTEIJER

WA 2, A ) FedAvg [1], 8 F @R RETRAE: 8% il LT A%k, AR5
REUNGRIF AR b AR 2 b SRR 5 20t AT R 5, BEJE K RS Ja I A R HE [m1 % i SRT, PR SR
I S B (B 2 P S 8000 A 22 5 ) I S AR IR 5 4 JR SR N 55 B 55 AR A3 A L P Al . 20 7 o

DOI: 10.12677/csa.2025.159243 269 TFEARY 5N H


https://doi.org/10.12677/csa.2025.159243

B A

PR RIS FPRRER T, AREE T A0 A LE IDEHS 2% 2] b @ st i LS e KK )z — . N, ERS R Be i)
B E, —KEER AT Be L v T 5 Wi, T At 5 e JU) A BB 8 LIRS o X MO R 3R
F U 2 [RIIAR S AAFAE R E E T . NRBEE STk, CEIFR T JURBORS I BOR, DI i Huff
AN it ) 22 5 A SR B 55 . B, FedProx [8]51 N 1 — AN vig TSk R i1l B 52 568, 43 Bh T1EA7AE
BRI AT OIS 0 SZIC 8. 254, SCAFFOLD [9]X EEAN %5 /1 iR FH ik T 18 22 S i 5 | A
VM IEA M % . filt, FedDDC 1017 B S RAG(EM)EIE, T8I 27 >0 4 B 1) A i fi 22 48 2 R R B
AR R AT ) 22 57, — D IG5 T 5 4 R X 55

2.2. SFRTERFBE SIAEHE ML IRE

EZIREFIME R T, CAfet 7 UM R FEE RAR AR 53 A7 i % RIS 1) f . 3K 287772
BFG G RIBRAE I AR5 I JTVEA] (1] A AR S [12] M 2 4E 2 HREE7r 38 13] 105 1 5 i A
FRAACVE I B 77, IR LS4 AR IR 2% 2] PRI b 5 bR 285 43 A i 7 A AR £ AF OC 1) PR AR AL T R 00 gt ok
T %

i 22 X 28 (Graph Neural Networks, GNNs) A1 2 JI 152 BB R 22 STHESE b, LRl —Fhi ok
FIEE, TR AR s B RA TR R B 4047 20 A s 0 BT [14]-[17]. GNNs Gl i 5 s 2 18] 1990 B AL 1B 48 K Al
RAMIOE . FEBCH 2 IR, ISR 7 AN REBRAR: (1) 8 B & N B R B R (i
B ER A 2 AH G L) A 5 2 7 i ST S S 2 (2) 3O 36 T SRS I L 28 B B AN P87 S R DA Ak B A 37 [+
AT S A (3) A AL B BRI TRV R 2 2 By [X 4 S IR 7K1 B N B 2 =) S P A B FA 5 R0 -
TEA3E = RN ARSI HERE RGE[16] BEIT /[ 171 A B GEH N BT HE . thAl, SRR Hik a3
] VZ N o FedMLP [18]42& —Fh B Bt 7772, MARBREEFRAC AT 4 Ja KR 27 ) P AN 77 T SR Af 1R 21 ik 2K: [ it
FedRSC [19]/& —FEIR 21 71k, R GH EA SRS &, i 2 bR 8% 1 73 28 70 A il 4%
FhEg oL, LSFT [20]02& —FhFE TARBE R 5 T AR € RHAIE 1) 2 A5 2 54T Transformer (LSFT), HH
ER i NN BRI R T — A 258, FLAG [21]52 — Pt 2 b B s S HE4e, B RT
R 2 b5 5 7y FO A — P U 5 6 07 Ve —— PR 28 F G R R G (FLAG), TGS S BB 1)
e o

BT 1R PV ) (FL) BN — PR A T S 00732, B 3s TREEH T RRESHEAYM &S
22 ST B 2e A R AR S 6 o 58 T3 BRI 57 ) A0 SEARR I F B 7 A R AE AR b 5 i ok 18 A5
M FB IXAERFABURRIH R A R, OATEX LR H B A Re g st . sl sk, gk
TR ARG BRI 2 2] mT DA e B A e M AR A E . Bldn, E— T Fi v, (REIRER T &
TR 2% S AT AE RGPS5 o 5 ) S A b A 3 SRS 5 AR ERAT 5%, RIS P B L [22] 8T &
THE RN, AR RERS DLORY B FA K 7 =0ORF FIO)I ZR 1) R BLE 5 B(LLMs) . B 22 21 S NI
B S (SSLY UM, AV Z S SR BRI bmic s « B R 4 & 1 B > (T LAMEH
FRIC I AR bR ICHR ) A 2% 2] (1 25 i O AV AR 35 . FEIGTIA SR, 25 7 il o HA — /N o b 4L
PEAR B ARARICEE o MBI 2 ) () — S SR Pk = i ORASE B AN TE AR e B8 Rk s, (A ANid
AR, g 7 &FEAR, Fa AR, Hohag P umy R md Bds A lohbnid, 754
KEehRid S 4 R L DU AT 3 — DU ZR[23]. MO - 1B S ARBY(VLM) &5 & T FSCARE R, 7EM
W 17 B (VQA) M Z A 5 IR T SRAT 55 S 7 R R o R ax SRy 5 0I5 ) 48 il i) Pk R AE T Ak 1
EURASCAREAR 2 01, R CREFBE AL TR D 1@ 5 T8« il B T C A IR IR R WA ARG 2% ) i
BHHH VLMs [24]. —MESTE SR I7ES ST 2SR R, AR 2 5 i )| -8 S A0 A SCA
FRAE R o X P 5 32k AR IE BHAE N R P B HERE 2R AL Nl B AR 55 B FH P i 1)

DOI: 10.12677/csa.2025.159243 270 TFEARY 5N H


https://doi.org/10.12677/csa.2025.159243

P A

3. 128 FD-WCAT &8
3.1. BRFRE S o) ja ik

WA 2 R — M E DAL LR 2 2 0, 2R e AR IR A Bl S O R PRI 2R — N3k
T AR, BMEFERKE K MR WS, BRI mEE A A BdESE, RN D
={D1, Dy, .., Dx}o TAESEGIES R 2RISR, HAEE s x $hnic Ny =,y . pcls yi=1
TIRAEAERR i 9, i = 0 RORAMEAEER | Ko AR i 510 5 T T RSB MAF A 5 15 . IR
HARE B AR LR — D2 R R A AR T 2 HR28 02K, M SEIZAE S5 IR0 B s

W=argn};nZZiniLi(W) Q)
o, L5 i DMK R, n &% 0 i IR RE . 1EZ PR ST, P ity Rl R 45 i Ao
RIAAEAR R FOARZE 25 (A N, iZ 2 AR SRS C NI SR, X EERREE (1) 43 A TEAN [R5 P g 2B AT BEAT
TEWE R NNITIX—Hh, AT TR L T 5L FedLGT [7], #&HH T FD-WCAT #%, FD-WCAT
FIRE R ZE R U B 1 R

—_————— ——— — — — — — — — — — — — — — — — — S
| A } : A JR Y BOR A
b I
-5 gl BackBone o | o
-~‘7' 7" “‘ R 4% J_. Transformer I R ggg%;} Eﬁt— I—,- o

masking

Figure 1. The structure of the proposed FD-WCAT
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A FL $ IR IIASB I ZR404T 10 4> Adam 1L 3% epoch (321 3R Se—4, batch (K K/ 16), HFFE ) —F0ME IE
S BB 0.015. B I UMTERR S RS 25 i S AR I E 50 NMBERIR(D, FEF 50 4
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P A

RS 5 P, DR ORAE AR BEE KA . WILASEIERA kM, 0 5 AN, v Sl s
FH PyTorch, Ft# X NVIDIA RTX 4090 GPU LLnig il .

4.2. KAWEEER

NV FTHR H ) FD-WCAT B Rk, BATPH L S S s b LA 1z A AT B AR kA7 L%
TX SRR A 35 F R IR B 5 S B A FE T Transformer RO 1], FATIE K P4 MOON HEZE, iZAE L@ T
TEREAN 25 7 i R AR b B A BRSSP 40 NG ity TR A R 50 S R 1, AT RE S i B 2 S 3 s b U Sl otk
4, BATH: FD-WCAT 5EIRE: ) vh 2 H5% 0 K 10 e e dE (SOTAV RU AT Lh At . AR AYGE 5 T

1) AvgFL-ConvMixer [2]: —Ff AvgFL #8Y, 7% i H ConvMixer #4T1Z%. ConvMixer 22447
MLP-Mixer FJ2&A b, GFFIEIEAABIRAHIH], F T A0 B8 8 A 2 AR .

2) FL-C_Tran [5]: —M{E% 7 i fdi Fl C_Tran #4725 FL B,

3) MOON-PoolFormer [2]: —F{EZ /- 3if# ] PoolFormer #E4T IIZk[" MOON FL #5244,

4) FedLGT [7]: FedLGT fEJy— P il AL SR, [F] ) ) FH RN 2 7 i PRI 2 AH G 1

5)FedMLP [18]: —FPFI B /5 1% FedMLP, M AOWAREEFRIC A 5 KR 52 2T PR AN 75 THI AR PRS2k 1]
i

6)FedRSC [19]: — IR 2E S 0 Mr i3, S50 MR, @il 2 hrZE M 2250 B iR 5%
Tl E& 150 o

7) LSFT [20]: —FiJETRIEFHERI 77k B TR B R 1) 2 A5 2556 Transformer (LSFT), H
HTE R i RN ONTE R T — AN Re IR 73 S

8) FLAG [21]: — Pl AR I HESE, B I T R M 2 hr2 80 43 Bl (CMDA) F1—F i 5
(58 B 7 i —— PR & N B A (FLAG), T IEFR 2 S IR vh i 2 A 40 2.

4.3. f£ FLAIR $iB& FSSIO L4
B, BAAE FLAIR B4 IR RE . 45 B ansk 1 fim.

Table 1. Results of the FLAIR dataset
% 1. FLAIR ##E & LRI R

Macro-P Macro-R Macro-F1 Micro-P Micro-R Micro-F1
AvgFL-ConvMixer 46.95 31.61 37.31 80.04 59.09 67.98
MOON-PoolFormer 47.56 35.04 40.03 81.07 60.19 69.08
FL-C Tran 49.45 38.22 43.02 82.72 71.51 76.71
FedLGT 6791 46.34 54.94 88.71 83.89 86.23
FedMLP 66.77 46.02 54.43 87.89 82.39 85.05
FedRSC 67.94 46.44 55.10 88.74 82.73 85.63
LSFT 68.03 46.39 55.09 87.92 82.47 85.11
FLAG 68.44 46.82 55.61 89.13 83.36 86.14
FD-WCAT 69.17 47.14 56.03 90.97 83.99 87.34

% 1 fion, FD-WCAT TEFTAH VAL TR br LRI — Bt ge th 5, B 7 &t fgs i, Macro
F1 4 56.03% (fi T FLAG), Micro F1 A 87.34%, [FIFf{E Macro A1 Micro 7K - fR$F T k5K - A A%
[-PairckidE, RIYE FedRSC Ml FedLGT S5 J7ZAHLL, AR AR IR IS HIAF- i 1 5245 43 24 77 THI ¥ g
W, MIA JNEAAEREREE - A B2 . AN F1 0w 2 Bros.
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Figure 2. F1 scores of each class on FLAIR dataset
2. FLAIR BiEEH BN LAE F1 58

TR, BOVERTIEHEE FD-WCAT 5 L AR MRS B, 58 50 PRS2 (AP). SRR
BAELE Lt AP k3 Araw.

FLATRE(#E £ £ fMacro-APFIMicro-AP

= Macro-AP

AP Score

& & Pis & & & ¥ &
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&
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Figure 3. The performance of FD-WCAT compared with the other models on AP in FLAIR dataset
3.FD-WCAT 5H AR AI7E FLAIR ##E5 EH AP MERELLER

nERT7~, FD-WCAT ££ Macro AP fl Micro AP H35) R B skt Re, B0 & e, MTATA BT
%, BRI FLAG, 1X3R U 7R B2 STHE 22 Fh B8 A S R AR R s AL Ak, LA Ab 2 2 5 2% A siz
51 2% TN 75 T PR RE A3 8

4.4. £ MS-COCO BiiE&E FRYSEIS
TR T, RATE FL-MS-COCO H¥E4E FIGUF AT th 1Y) FD-WCAT A %t . 45 Rins 2
FizRo

Table 2. Comparison results of FD-WCAT with commonly used models on the FL-MS-COCO dataset
3% 2. FL-MS-COCO $#&& £ FD-WCAT 5 R#EEMLRER

Macro-P Macro-R Macro-F1 Micro-P Micro-R Micro-F1
AvgFL-ConvMixer 70.63 62.62 66.41 75.49 68.18 71.64
MOON-PoolFormer 74.48 66.47 70.22 77.71 70.96 74.17

DOI: 10.12677/csa.2025.159243 276 TR 5 8


https://doi.org/10.12677/csa.2025.159243

i

=

FL-C_Tran
FedLGT
FedMLP
FedRSC

LSFT
FLAG
FD-WCAT

76.26
77.23
76.39
77.36
76.47
77.33
78.18

67.11
70.04
70.36
70.61
69.77
70.47
71.35

71.45
73.43
73.22
73.79
72.95
73.74
74.56

79.45
80.21
78.23
78.98
78.11
78.95
79.25

71.51
73.79
73.66
73.78
72.49
73.89
75.8

75.27
76.86
75.87
76.29
75.19
76.33
77.49

nF 2 fias, FD-WCAT fE Macro Al Micro $8br LM T ArE Rk ik, @SR - o BIZRAT
7 2503k S T A () Macro F1 A Micro F1, 5 FedRSC Fll FedLGT 25624 S FEUEA L, 72 AbFEE IR
P 37 s A RIS ORE T 5K I SEB o S HERf M, SR I LR BB A e e
ROk, AR FD-WCAT 5 LLAB A MRt 5, RER 0PI RE FE(AP). S BALAE

FL-MS-COCO % % Ik AP 4 4 Fiiw

s Macro-AP

AP Scpre

s
o
&
&
o
$
¥

“v,epo
o,

Figure 4. The performance of FD-WCAT compared with the other models on AP of FL-MS COCO dataset

4. FD-WCAT S5 HEfh#&3I7E FL-MS COCO ##E&E _E /Y AP MEREELER

w4 Fros, BTt 57k FD-WCAT 7Ei@ i eI 2 ) A HE MS-COCO % S0 R I H AL 7+ H 1 RE
TEATE R R b DR THAh Sk . FD-WCAT BA i MR, 5 HAMB A b, FLamm H
5 S U E R fE

4.5. 1EZTEUhERPEIS MBI IE SR _ A SCIE L
TERE R ORI, FRATIAE AR F sl BB A I B s 4 - I0IE T g2 i 1) FD-WCAT B R, 45 R nk
3PN

Table 3. Comparison results of FD-WCAT with commonly used models on the substation defect detection dataset

7 3. TEHILBEENEIESE E FD-WCAT 5SERERMLRESR

Macro-P Macro-R Macro-F1 Micro-P Micro-R Micro-F1
AvgFL-ConvMixer 45.62 4226 43.18 70.46 68.41 69.41
MOON-PoolFormer 46.43 43.14 4421 71.79 70.93 71.36
FL-C_Tran 51.22 49.10 50.02 73.42 71.54 72.47
FedLGT 62.23 60.0 60.98 78.12 77.72 77.92
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B A

=
FedMLP 61.22 60.12 60.51 77.67 76.22 76.94
FedRSC 62.39 60.95 61.35 78.36 77.03 77.69
LSFT 61.95 59.94 60.88 77.74 76.21 76.97
FLAG 62.98 60.57 61.77 78.66 77.69 78.18
FD-WCAT 64.77 61.54 63.01 79.79 78.27 79.02

Wi 3 pizn, FD-WCAT fEFTA fiabn LXRBLI At (000 %, JHaDRE A2 - 4 1013 10 14 ot Se
T FL 3G RSB BRI L, HAE S Gz AN S 451 2 350 77 THT ) E 038458, 45 31
FEAEAC BB 4 A 7 TR I £, 1) FedRSC M1 FedLGT S5 2k J7 A AAE A [H1 5 - A5 AT A
HER R SN0 FL Bt sl 5 foR.

S ECH] #7148 2
~#~ FD-WCAT ~&— FD-WCAT
Meter reading is incorrect S ELAG Insulator is cracked ~#- FLAG
~&— LSFT —8— LSFT
Cover is damage; —#— FedRSC —8— FedRSC
~— FedMLP ~o— FedMLP
Silica'gel body is damaged —#- FedLGT

[=®= FedLGT switchgear equipment ahomalies
Shell is damaged 7

Silica gel color changes
Not wearing safety hedl§&

Ground oil contamination

Compartment door is*abnormal / abnormal system operating status

Not wearing work clol

Hanging empty floating object Smoking

Figure S. F1 scores for each class in substation defect detection dataset
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Figure 6. The performance of FD-WCAT compared with the other models on AP of substation defect detection dataset
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W 6 Fios, Pt FD-WCAT SAFEBIR 2 2P0 T 1022 sl SR B A D Kicdis B L IUAS 1 e e
AP, LT HARS . Ak, AT LG 2] FD-WCAT At T H AR . X R PR AR NAS Y AL
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FEAT R, BATEAR r ok SR A Bl £ AT IR 7T,  DAR HHARZEIR A FD-WCAT JE4 5%
DTk, S5 RINE 4 FIE 7 Fs.

Table 4. Results of the substation defect detection dataset
= 4. THEUGHEINIHESE LAiERR SIS

Macro-P Macro-R Macro-F1 Micro-P Micro-R Micro-F1
FD-WCAT without_graph  63.03 60.76 61.11 78.33 77.83 78.07
FD-WCAT _without_imb 63.59 61.04 62.97 78.88 77.99 78.43
FedLGT 62.23 60.0 60.98 78.12 77.72 77.92
FD-WCAT 64.77 61.54 63.01 79.79 78.27 79.02

fE% 4, FD-WCAT_without_graph /2% H K414 2] ) FD-WCAT, FD-WCAT_without_imb s&7£
2 P b S A S A 45 25 () FD-WCAT. fEJHEIE 7T+, FD-WCAT without graph {1455
e 7E, X EMWE B IR T 5 IR A G R B 2L . B4, 1%k 3 B, FD-WCAT _without_imb ]
PEBEL T FD-WCAT without graph #1 FedLGT, {H FD-WCAT HIPERENL T FD-WCAT without imb, iX 7
WA A TR T R R A HEToR, AR AP 8N Es .

JE AL 5T FRFD-WCATHIAP

AP Score

Pl a0 £ WCAT

o
thout ihout.t
AT AT
[oa oW

Figure 7. The performance of FD-WCAT in ablation studies
7. JHERRAZE AR FD-WCAT BRI RELLER

e 4 & 7 fion, FD-WCAT HUf5 T SRR ss R, x4 BIGUE T AT et AR RN 1A R
o B Rk, BATER FD-WCAT R4 RIE AR 450w 5 A& 8 frs.

Table 5. Results of the substation defect detection dataset

5. RTINS ENHIEER LNER

Macro-P Macro-R Macro-F1 Micro-P Micro-R Micro-F1
FedLGT 62.23 60.0 60.98 78.12 77.72 77.92
FD-WCAT _without 63.16 60.24 61.55 78.77 77.79 78.27
FD-WCAT 64.77 61.54 63.01 79.79 78.27 79.02
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Figure 8. The performance of FD-WCAT in ablation studies of the aggregation strategy
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