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Abstract

Rolling bearing fault diagnosis under limited samples and noisy industrial conditions remains a
practical challenge for embedded condition-monitoring systems. This paper proposes a lightweight
multi-domain feature fusion framework that integrates an 11-dimensional time-domain branch, a
13-dimensional frequency-domain branch (including envelope-spectrum descriptors) and an 8-di-
mensional wavelet-packet time-frequency branch through a Sample-Adaptive Multi-domain Atten-
tion Fusion (SAMAF) module. SAMAF combines vector-level ANOVA F-value gating with sample-level
reliability-driven branch weighting, introducing no additional trainable parameters; the fused 32-
dimensional feature is then classified by a compact two-layer MLP with only 4324 parameters. A
physically grounded simulated dataset based on SKF 6205 bearings with four fault conditions and
1600 segments is constructed for evaluation. Experimental results show that the proposed method
achieves 95.48% * 0.95% accuracy over ten random splits and 96.50% * 0.85% under 5-fold cross-
validation, with clear advantages in the small-sample regime: with only 10 training samples per
class, SAMAF reaches 93.42%, exceeding simple concatenation by 1.42 percentage points. An abla-
tion study over eight reliability-indicator variants confirms that removing sample-level attention
causes a 3.5-percentage-point drop at 4 dB SNR, validating the value of sample-adaptive weighting.
The total inference time is below 0.002 ms per sample on CPU, making the framework suitable for
embedded deployment.
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Figure 1. Overall framework of the proposed multi-domain fusion fault diagnosis method
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Figure 2. Time-domain waveforms of four bearing conditions
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Figure 3. FFT spectra (left) and envelope spectra (right) of four conditions; red dashed lines mark theoretical fault
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Btz 7:3 R RINGESNAE, 72 RFERIENBAM . X ok ass: M1 U + MLP,
M2 X, + MLP, M3 U4 + MLP, M4 =J & 8 4f8 + MLP, M5 firi& SAMAF + MLP. i MLP
SR 5B H e BB E[64, 32], Adam, Ir=1 x 107%), {UARERE T RAR. FK, ¥ SAMAF
BAHFEE N SVM (RBF 1%, C=10). FEHLARMR100 FRAHA K ET40(k = SWENEGHLA IR . i
SEIGAE Intel CPU 1L NumPy/SciPy/scikit-learn SEHL, FEXF HLSLI6 8 10 IRFEALEI 5 LA & 1H S hn
%o
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T 1EHT 10 IREENLRIS F & 5 EAENRRE LR WER R 5% F1 28001E £ i),

Table 1. Main comparison: test accuracy and macro F1 averaged over 10 random splits

1 EXEESER: 10 RBENLRI S THFEMERES R FI

ik HERFZR /% = F1/% SHE AT F)/(ms-sample )

M1 (X350 90.96 + 2.02 90.80 £2.11 2980 0.0013
M2 ({535 93.83+1.19 93.79 £ 1.22 3108 0.0011
M3 (IR 43 79.62 +1.61 79.11 +1.82 2788 0.0012
M4 (i BHHE) 95.77+1.23 95.75 £ 125 4324 0.0017
SVM (RBF) on fused 97.08 £0.43 97.08 + 0.43 — 0.0159
RF on fused 96.67 £0.75 96.67 +0.74 — 0.0174
KNN on fused 95.52£0.93 95.50 + 0.94 — 0.3638
M5 SAMAF (AX0) 95.48 +0.95 95.46 + 0.96 4324 0.0012

M T AT BAEH LR LA, (1) BRIRFEXS B0 32 (M2: 93.83%) 2 E R T B 4(M1: 90.96%)F1
B AT(M3: 79.62%), FEATE 12 kHz RAE. JLHR VA I 2 R R MR350 T, AL 545 7 IR il S R AiE A e
BAY R m LR TG B B IR AR, 5/ AR ERHEN T A UK. 52t EitE
FCA L. (2) ZIREAME: & EPHE M4 (95.77%) 8 e om sk M2 321 1.94 AN 4 L AESE =15
RHIE 2 [MAFAE 2 2 M5 B BAN——RH g G i e SR i B S s B, il B MURRrIE AT R, /e
ReEZIEAH e AN, =& MWAFEMMAIRE —RSNEFE. (3) SAMAF SR APHEMLE: it M5
(95.48%)5 M4 (95.77%)7E 32 %F b b (R385 22 5 Al ik I 35 A B0 (BEXT ¢ A 56 t = —0.85, p = 0.42), {H M5
FREZE N 1.23% 5 22 0.95%, KU EE L4 A RUR; CPU AR5 0.0012 ms, HTHibifh
TS5 25 2804 R 4EFE T %, [T EL M4 (0.0017 ms)BSERZ) 30%; BB EE, 4.5 T H~ SAMAF 7£/)
FEAR 50 AN M4 3271 0.3~1.4 DNE L, R0 TREARGEE B MER RN mE RN E. (4) SESNE
2SI 0TI ZE A [E] I SAMAF Bl-S454E F, SVM (97.08%) 5 BEA AR AK(96.67%) (KT HER 2 Y& & T A< 52 MLP
Sk, AHAEFE R4 519 0.0159 ms A1 0.0174 ms, 21943 MLP ki) 13~14 i, HAR K/ NEE I ZRAE A EL
AANE(SVM SRR ) 8 BN HU(RF BHARED) IR, AR SR A MLP Sk 7RG 5 308 BOA 2 8] 14 e 4%

445 T M4 5 M5 IRtk SR HER 2 i 242 . PIFP 5 387E4) 30 4> epoch USEIZE 95% LA
ERMERR, HE— D E SAMAF A4 5| AUk AN T4 .

B S E—B4h W T M4 5 MS 7RISR ERRIEHERE . PIFR 7715 397E IE H (Normal) 5 4 PE (IR) 25 1
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Figure 4. Training loss (a) and test accuracy (b) curves for M4 and M5
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Figure 5. Confusion matrices on the test set: M4 (left) vs proposed M5 (right)
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Table 2. Test accuracy under limited training samples per class (mean + std over 5 random subsamplings, %)

2. VARG TROMER RS ORBEN T RENE + fREE, %)

RS M1 B M2 S M4 HHE M5 SAMAF (&30)
10 88.50 +2.59 89.21+1.23 92.00 +1.10 93.42 +1.03
20 90.04 + 1.73 91.50 + 0.83 92.79 +1.23 93.62 +0.96
40 91.42 +0.95 93.54+0.71 94.29 + 1.00 94.62+1.17
80 92.17+1.27 94.42 +0.86 95.12 +0.80 95.42+0.77
160 9229 +0.54 96.17 + 0.69 96.54 +0.55 96.88 +0.37
280 92.21+0.36 96.62 + 0.50 96.62 +0.52 96.92 +0.36
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Figure 6. Test accuracy under limited training samples per class
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Table 3. Accuracy (%) versus SNR on the noisy test set; the model is trained on clean training set

F 3. MREBMIRE R 77 AR ERE (%) ERREL AL

SNR/dB A3 B, e Pt AL SAMAF
—4 25.0 417 25.0 24.8
0 25.0 67.9 25.8 28.5
4 25.0 85.8 43.8 523
8 38.1 90.6 82.1 82.1
12 775 923 93.8 93.3
16 90.4 93.8 95.6 95.4
20 92.9 94.4 95.8 96.2
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Figure 7. Accuracy versus signal-to-noise ratio of additive Gaussian noise
on the test set
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Table 4. Ablation study of reliability indicators in SAMAF (accuracy %)
% 4. SAMAF Al e EfRHASEIR CERBER %)

Rk GIESERr Ay Ry EIG R /MEARN=10 7 SNR=4dB
Al U + EZEEL + TATREE AR (FEL) 95.48 +0.95 93.42 +1.03 51.5
A2 WERNT + Wkt + Fipeadeh g 94.85+1.33 92.08 + 1.77 51.3
A3 kAT + Bt + FRrREEERE 94.79 + 1.44 91.92 +1.81 50.8
A4 U + HEUEE + TATRE R E 95.08 + 1.47 92.29 +1.05 54.4
A5 UEEE + EIEMR(E + TR AR 93.71 +1.35 90.42 + 1.12 58.5
A6 R + WL + EFArREELL 9552+ 1.11 93.17+1.15 55.8
A7 e (HEHBE)/(B%E + TEIEE) 95.33 £ 1.36 93.04 +1.03 523
A8 TREARP R 1 (a=1/3) 95.00 + 1.44 93.42 £0.72 47.9

DOI: 10.12677/csa.2026.166212 113 THENUR S 5 R H


https://doi.org/10.12677/csa.2026.166212

EIA%!

I HEA Y

051 A%

0.4

0.3 A

HEENPE a

0.2

0.1

0.0 -

i PR SheE R Ak

Figure 8. Ablation study: accuracy of 8 reliability-indicator variants
across regular, few-shot and noisy scenarios
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Figure 9. Average sample-level attention weights of three branches
per class on the test set
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