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A personalized federated domain generalization framework
based rotating machinery fault diagnosis method
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Abstract : In the backdrop of smart factory deployment, while similar rotating machinery managed by different enterprises holds potential for
collaborative diagnosis, data privacy regulations prevent sharing. Additionally, operating condition differences result in non-independent
and identically distributed data, limiting the generalization ability of diagnosis models across varying conditions. To tackle these
challenges, this article proposes a personalized federated domain generalization framework. Without sharing local data, it enhances the
generalization and robustness of edge-end diagnosis models through alternating adversarial optimization of inter-device collaboration and
local personalized updates. The diagnosis model, built on the latent convolutional network, leverages input-driven feature adaptation for
dynamic representation. During collaboration, publicly available datasets facilitate knowledge transfer in a shared space, while consistency
constraints improve communication efficiency. In the local update phase, performance constraints and self-distillation preserve local
knowledge, ensuring stable classification. Experiments on the Huazhong University of Science and Technology bearing dataset and the
Mechanical Comprehensive Diagnosis Platform bearing dataset show that the proposed method achieves average accuracies of 88.96% and
92.33% under global operating conditions, respectively, outperforming several advanced approaches. Edge-end models optimized by the
proposed approach improve cross-domain generalization while maintaining reliable local diagnosis performance.
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Fig. 1 Diagram of the dynamic convolutional kernel generation process
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Table 1 Hyperparameter search results based on

Optuna framework

POES HSEL HERIEH ghR
I {1,2,3,4,5} 2
H1/M1-—4
) B 13,5,7,16,24} 3; 5
S oy A=
A {16,24,32,64,128} 16; 24
=5 {1,2,3,4,5} 3
H2/M2-— 4
] ¥R 13,5,7,16,24} 3;3;7
RSB
(%8 116,24,32,64,128}  16; 32; 64
K {1,2,3,4,5} 3
H3/M3-—4
. RS 13,5,7,16,24} 75757
REBRZE
(%G 116,24,32,64,128}  32; 64; 128
ZH 11,2,3,4,5} 2
H4/M4-—4
» R 13,5,7,16,24} 3;7
REBRZR
3 116,24,32,64,128} 32; 64
=334 11,2,3,4,5} 3
H5-—4i &
. R 13,5,7,16,24} 3;5;7
BERE a
3 {16,24,32,64,128}  16; 32; 64
Aad > A L(HEZR) 1(FE4R)
A [0.001, 10] 0. 509
DA E
A [0.001, 10] 1.221
A [0.001, 10] 3.806

federated learning, RHFL) "' JT XUHE A% 1F Y11 25 1 B 3
T F 2] IR (federated transfer-learning strategy based on
dual-correction training, FTSDC) (i T AN A EN
FEHO LA BB 22 S HEZR (heterogeneous FL framework
based on peer-to-peer communication, P2PCHF) N
SRR E 275 )5 SR, IR 2 R, R
SERMBEHLYE T Tk B 10 1K,

3 H 4 3B R T A K 4R B X LS IR SR
& 3 RN 4 PR R ECHE R I AR UE2E . AR BSR4 A R
FRZ A 2T 55, FTL 5 FTSDC 3 T4 — i 45
BEAURIIZ W45 T OCEE , RHFL  P2PCHE #14% 3Cfir 42
PFDG J7iE MR 2 AL A RS R B - 98 bR, &%
RU/RFTL 5 FTSDC J5vk B4R T T 4 R B i i3z 1L g
77 X LA g A P A T oK A 2 RHFL
P2PCHF K PFDG B i i AF 4t 57 [] o0 A Y £h 4 2R 85
HUST B4 gEh , He 5 H5 TOLA 2 IidE 42 H2 5
H3 TAU8E 5 U050 s MCDP B4 £ v, ML T 50 1 4 0 e
1, M2~ M4 TLLRPURIXEREATIL . BEE T 0L WiXERE Y
RTh S IERRE XA PR B, B PFDG il i 51 A B
SBPFRE AL, IF 45 G sl 7 K 1 A 3& 6 9 5 o
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Table 2 Hyperparameter setting results for comparison approaches

ik WS BEAR

4 2B (BB 8, 8, 16, 16; 7. (1x5), (1x5), (1x3), (1x3)) + 2 FR Ak

FTL Al FEEE AR -
B e (1x2)) + V2 + 14 (1000 HZIT, ReLU) + fiith)2
H1/M1 B 484 ResNet10 #57
H2/M2 # T AE4 ResNet12 #7
H3/M3 R4ty ShuffleNet H# 7
RHFL A
H4/ M4 Kk Mobilenetv2 5%
HS AL RIHE ResNet12 571
DEES QW 0.1

FETEIR RIS (SRR, WA 1200, il 150, & BN+ReLU) +50254%
FTSDC AR Hiy AR R A (HHEZ, WA 150, %l 10 59, % ReLU+Softmax) ;
AR AR R TG AY (3 R AEREZ, 1.000->800->1 200, Rel.U)

H1/M1 B 554 3EBR(EEL. 8, 16, 32; 5, (5%2)x3)
H2/M2 HERI S5 3RBB(HEL. 16, 32, 64; 5. (3x2) (5%2) . (7%2))
o H3/M3 #1455y 3EBERIEL: 32, 64, 128; 51 (7x2) (7x2) ((7%2))
Pttt H4/M4 BERIZ 4 3EEBBEL.: 64, 64, 128, R, (5x2) (5x2) .(5%2))
H5 BEBIZEHy 3ZBT(EEL. 16, 32, 64; 1. (64x2) [(5%2) . (7%2))
HNERE (0,A,a,B8) (1.5, 0.005, 0.5, 0.5)
&3 HUSTHIEEZTRISHWILER
Table 3 Variable operating condition diagnosis comparison results for the HUST dataset (%)
Tk H1 Bfie H2 i fii 4 H3 Bl 4k H4 %4 H5 By 4k SR
FTL 79.46+2. 51 83.06+1.79 83.85+1.56 72.03+3.92 77.06+3. 07 79.09
RHFL 85.29+2.03 90.94+1. 57 92.79+0. 61 78.46=1.01 82.47+1.57 85.99
FTSDC 85.74+0. 56 92.69+0. 23 92.07+0. 31 81.75+1.78 82.88+1.39 87.03
P2PCHF 87.21x1.44 94.04+0.73 91.52+1. 34 83.17+2.46 82.94+3. 15 87.78
PFDG 88. 84+1.27 95. 32+0. 86 92.47+1. 15 83.98+2. 37 84.17+1.79 88. 96
&4 MCDP BIRET TRISHEITLLER
Table 4 Variable operating condition diagnosis comparison results for the MCDP dataset (%)
VRS M1 #Hi e M2 Hdli 4R M3 %di 4 M4 i Hi e FHE
FTL 84.47+1.63 82.75+2.21 81.89+2.42 82.47+2.08 82.90
RHFL 88.23+1.13 85.28+1.65 85.84x1.47 85.03+1.76 86. 10
FTSDC 90.77+0.79 88.43+1.28 87.56+1.52 88.13+1.32 88.72
P2PCHF 93. 68+0. 83 90.23+1.42 90.06+1. 56 88.76+2. 18 90. 68
PFDG 95. 45+0. 62 91.46+1.19 91.87+1. 01 90. 56+1. 28 92.33

) O3 [e]iE 5 S AP SR A AL AR (R A E 22 Jsy N ATRAIZ A R o i~ S vEaf AR X 4 3 A4 v
TOUNPREE T B A PERER B, PURCR SR A 39MERR R A9 PFDG S5, SEIR 2R SR AR W], 100t MY £ A M a2 W A
o155 % 88.96% 5 92.33% . F5 Fh R BUARE , [R] I 00 A L T BRI B fy R A

N RGEEAL PFDG HEQLh A sm i R A8 T 002 AL ASHIEAT T B (R A AR R R B R Y
RN RAMZWITERE, % 5 5 6 on T e R Tols Tzt S &mit,
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Table 5 HUST diagnosis results for edge-end local datasets ( diagonal) and variable operating condition datasets (% )
WS H1 Hdii e H2 Hdfade H3 didE H4 Bffade H5 $dade T {E
HI1 i 1000 95.12+0. 78 91.34x1. 64 81.53+2.17 75.42+2. 45 88. 68
H2 R 91.96=0. 87 1000 94. 89+0. 92 85.45+1.22 88. 68+1.01 92.20
H3 il 90. 9+0. 92 96. 28+0. 68 1000 85.76+1.79 85.21+1.17 91.63
H4 i 78.16+2. 06 90.25+1.52 84.24+2.19 86. 07=0. 95 71.99+2. 55 82. 14
HS Al 83.12+1.22 94.92+0. 92 91.8+1.75 80.33+2. 92 1000 90. 03
FHMH 88. 83 95. 31 92.45 83. 83 84.26 -
% 6 MCDP ihuhAM (Xt fAaLk) RETREEEISHE
Table 6 MCDP diagnosis results for edge-end local datasets ( diagonal) and variable operating condition datasets
(%)
BWHE S M1 $sE M2 $EsE M3 HdfsE M4 FdEsE F-H1E
M1 7Y 99. 68:x0. 26 93. 8620. 71 94, 0720. 71 92.78+0. 89 95. 10
M2 93. 84+0.76 98. 37+0. 39 87.82+1.63 85.77+2. 11 91.45
M3 A% 94. 15+0. 69 88.91x1. 56 98. 79+0. 31 86.19+2. 03 92.01
M4 5 94.07+0. 72 85.23+2. 16 86.54+1.99 97. 53+0. 51 90. 84
A 95. 44 91.59 91.81 90. 57 -
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Fig. 7 HUST diagnosis confusion matrices for edge-end local ( diagonal) and variable operating condition datasets
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Fig. 8 MCDP diagnosis confusion matrices for edge-end local ( diagonal) and variable operating condition datasets
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