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Abstract

Based on the pre-training paradigm of FaultFormer, this paper proposes an improved fault diagno-
sis framework—Hybrid CCNet, which integrates structured feature reshaping and deep feature in-
teraction. This model retains the powerful sequence modeling ability of Transformer while making
targeted architectural improvements and integration in feature extraction: (1) Periodic-inspired
latent space folding: Inspired by the ideas in computer vision, using the quasi-periodic features of
rotating mechanical signals, a mapping function is constructed to reshape one-dimensional time-
domain signals into two-dimensional latent feature grids, converting the periodic impacts in the
time dimension into texture features in the spatial dimension; (2) Strong downsampling convolu-
tion feature tokenizer: A three-level cascaded convolution front-end is designed to replace the sim-
ple linear projection. Using large convolution kernels for preliminary denoising and downsampling,
combined with batch normalization and max pooling to extract local features; (3) Criss-cross atten-
tion feature enhancement: A sparse attention mechanism is introduced before the input of the
Transformer encoder. By calculating the affinity matrix of rows and columns, cross-periodic fault
features in the two-dimensional space are aggregated. Experimental results show that Hybrid CCNet
exhibits excellent robustness and performance. In extremely small-sample scenarios, the model ac-
curacy reaches 99%, superior to that of CNN and FaultFormer architectures. In a strong noise envi-
ronment with a signal-to-noise ratio as low as -4 dB, the model maintains a diagnostic accuracy of
over 95%.
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Figure 1. Hybrid CCNet framework structure
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Figure 2. Mapping of latent space characteristics
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Figure 3. Model performance under different sample proportions (epochs 100; MLP not shown)
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Table 4. Performance comparison under different data proportions over 100 epochs
= 4. FEIEHELLHITS 100 epochs AIME BEXTEL

Standard BERT Hybrid BERT Standard CCNet Hybrid CCNet

Ratio MLP (%) CNN (%) ) ) ) )
0.1 50.99 95.40 92.33 98.69 94.45 99.19
0.2 58.84 98.15 96.03 99.59 96.53 99.55
0.3 62.05 98.01 97.83 99.10 96.80 99.23
05 66.56 97.56 98.69 99.14 97.25 99.73
1.0 68.37 98.33 98.47 99.82 98.51 99.86
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Figure 4. Model performance under different noise levels (epochs 100; MLP not shown)
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Table 5. Comparison of robustness over 100 epochs at different signal-to-noise ratios
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0dB
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Standard BERT Hybrid BERT Standard CCNet Hybrid CCNet

SNR (dB) MLP (%) CNN (%) ) ) ) %)
10 60.24 98.51 98.56 99.37 99.19 99.82
5 54.87 97.74 98.47 99.19 99.10 99.59
0 46.07 95.04 96.25 98.15 97.74 98.78
-4 34.48 86.78 90.39 95.22 92.15 95.17
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UL

PL Hybrid BERT A, HfF—4 dB FHIMERIF A 95.22%, Xtk 10 dB B F[E T %) 4.15%.
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i}, Hybrid CCNet #1 Hybrid BERT iAE| T # s 7RG 2 . Standard BERT 7£%5 10 /> Epoch i #ERf 2K
97%, TMELAEAL CNN 4 95%. 7571 T CNN F i B HL K & 45 J5 AR AE, TR & I 8AS 75 B8 K i T 5
B B B AT 72 A 0 N 8] P 56 RSO iR A R0, o B A VI ZRAC 5000 3G A [RI B (19 B2 M 22 e 1 T S B0
IRE BB FEARY 59, Hybrid CCNet 7EREAN N 2R AN RFE = 0 i 8 LT, EAR R A AT AR
BT Ram E, REIIMERE A . Standard BERT HIJRIZINEN, AH/DREA 5 FRIRIRATEE .
/R HBIMEREGIR . BPZR VRS EAE AL BEAR R AICHE I I 55 M, B T ez R AW E, BB
Fh R GBN R R B B AR R S . CNN 3 I BRI SIS, {52 00 L PP 388 f i 3,
R T HBRME WS ERESR I E R M, (AR R 2 IR T4 R @ RE T B sR ko TR G 2R AN
WS BB, T ELYE A B N 25 R R T A s RS e P, 4 T Standard BERT 78 I 25 H0 7 1) M B J 2
P 1] o

4.4. iHREMIR S BT

5T epochs10-100 FYIZREHE, X Hybrid 2244 & S DTHRIEEAT 18 ERITH AL BT XTEE
Standard BERT 5 Hybrid BERT 7E/0FEA 5t FHIRI, wTLAEMTHE fk CNN %G 5i#k. 7E Ratio 0.1
FIM KA &, Standard BERT FIMERIR A 92%, HlgdfErRaishEIZl. 51N CNN Hi i Hybrid
BERT, f£ Ratio 0.1 FIHUERIZF Ny 98%, H.7F Epoch 10 BliA%] 97%. CNN R AR — D FREEE,
IR T8 T RHEJED %% . BRI GBI R EERE, JRIGE T M a5 4E, #4187 Standard BERT
Fags AR 2 o X — Bk 1720 6% RS FESE T HR ok 1 N SRAFa0E I il . dad %o BE R &R A1
BERT #2445 CCNet 2244, 7] LA4r4ft CCNet A5H J 7% (] 47 2 SR B& (I i - 7E Ratio 0.1 T, Standard CCNet
AHEL T Standard BERT 27+ T %) 2%. fEE4EE = I, CCNet 138 X Wy 27 & 1L L bR Transformer
FR) U 7 AL B B v Rkt A SRR A B KRR KRS 7E Ratio 0.1 ', Hybrid CCNet #H b+ Hybrid BERT
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FEER E

THEZ) 0.5%MIFEF. A5 A+4T S SR K — eI 7] F7 41 S5 A Dy — 42 (M S0BE, A 455 L B 68 R P 11 S LA
AR RAGN RS, SEE . AR BIS . Xl R AR R R b PR TR TR St R B B AR
#i. %54 epochs10-100 HI%HE, CNN Risif#Esk T Standard BERT fE/DFEA R G LISl M ik 5h K i) i)
Transformer 4= R AR MR W T KARMKB I PEME R . 2[4 & 5 CCNet fiAk, 76 & TkREFEAE Lk — b4t 7
0.5%~2% IIAEABAL I T, 383 T AR R ok 95 R AIE IR BBURR FE

5. 2%

ICN=A

AP T XoF Tl 7 e e 12 W e T s PO AR i /N R AR B T BBV A e U0 5 e 7R R T IR IE A
HE R R IR P AAZ OBk ER, B T AR 2 i 88 L T TE 23 (9T B 5 BEEE X S LiI ) Hybrid CCNet
B, SEIR R HAEG S TOL F R T CNN 5 Standard Transformer S5 F 9 5%, 1452 (1) 1
RedeFt EEE TRA 4 R a5, FIH = 2GR S ENRHE SRR #4874k T Transformer &t
ZP AR 5 S T e S VA 9 e B I AR, B KA R A AR A R o 1) L AR AE S R AL
MEFE, WROR T 73RS PRI I B o IR, T 2 IR 4T 28 SR W e o J&) B 0 o 345 5 et o — 4R B3,
B A A AE S B IHL, 3 i 3 45 W) A SR A Sl B AR 2R o A2 % A B KRR, B 3R TR
REUE & FRRHEE S . RERIRL, BEAHIG T 52 4 B 5 B 10 G 46 0 3 TR DL R
HAMIEEERPRR L0 R IR 255 R . thah, TEEME KT -4 dB ISR b, 5I N R 45
A3 728 I ML AT i 2 R 78 S R T 7P A R A ME REABAN . X SR IR RSk I AR, BT —Fh e i iR de
15 M L O U 9 25 iR B B T U (0 T, R AR AR P PR IR DGR B A . ARSI AU B
NTFHRZEENITSHUE] 8 ER AR SR AR LU R R B, RSB 7R B A 2k T iz ke
77, M A EE SR B B R 2 I 1) S PR oMk 3 5k s g rT AT AR B 42

EEUH
BePtiag (1 8B SE AT 7011155 H (2024)C-YBMS-068).
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iR : FANKECE

Table Al. CNN baseline
52 A1. CNN HkiE8

B2 o NI IE it A E AL HK H b SR

Conv Block 1 1 4 10 2 Valid GELU

Conv Block 2 4 64 5 1 Valid GELU

Conv Block 3 64 128 3 1 Valid GELU

Conv Block 4 128 64 3 1 Valid GELU

Conv Block 5 64 64 3 2 Valid None
Pooling 64 64 - - - AdaptiveAvgPoolld
Linear 1 64 128 - - - GELU, Dropout
Linear 2 128 64 - - - GELU
Classifier 64 10 - - - Softmax

Table A2. MLP baseline
= A2. MLP E &8

=X NG v AR YE A T Hr
Pre-process IxL 64 - Transpose — AdaptiveAvgPoolld — Flatten
Hidden 1 64 256 4x 0o GELU, Dropout
Hidden 2 256 256 4 oge GELU
Hidden 3 256 128 2%, 00 GELU
Hidden 4 128 64 1xdoge GELU
Classifier 64 10 - Linear Output

Table A3. Parameter settings

= A3 BHILE

24 {IEA
Batch Size 64
Optimizer AdamW
Learning Rate 1le-3
Dropout 0.3
Weight Decay 0.01
Model Dimension (d,,.. ) CNN/MLP: 64 Transformer: 128
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Attention Heads (n,_, )

Encoder Layers (N

layers )

Positional Embedding
Attention Mechanism
Feed Forward
Mask Probability
Replace Strategy

Pre-training Epochs

4
2
Rotary
Flash Attention
GLU
0.15
90% Mask/10% Original

200
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