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Missing data imputation by an improved diffusion model for multi-channel
vibration signals of machinery and its application in fault diagnosis

Qiao Xinhang,He Qingbo
(School of Mechanical Engineering, Shanghai Jiao Tong University, Shanghai 200240, China)

Abstract: Missing data often occur in multi-channel vibration signals of rotating machinery due to sensor faults, communication
interruptions, or environmental disturbances, which can degrade the performance of fault diagnosis models. To address this issue, this
paper proposes an improved diffusion-model-based method for missing data imputation. A masked multi-scale conditional diffusion model
is developed based on denoising diffusion probabilistic models, where observed data are incorporated as conditional information to guide
the stepwise generation of missing values. The joint distribution of multi-channel vibration signals is modeled to effectively capture inter-
channel correlations. Regarding network architecture, a U-Net backbone is employed, with multi-scale convolutional residual blocks and
linear attention modules stacked in both the encoder and decoder. This design enhances the extraction of temporal dependencies and
multi-scale features of vibration signals, improving the accuracy and stability of missing data imputation. Comparative experiments are
conducted on bearing and gearbox multi-channel vibration datasets under random point missingness and random block missingness
scenarios. The results demonstrate that, across different missing rates, the proposed method outperforms traditional imputation methods
and existing deep learning models in terms of root mean square error ( RMSE), mean absolute error (MAE), and symmetric mean
absolute percentage error (SMAPE). Moreover, the imputed signals preserve temporal and frequency domain characteristics that are
closer to the original signals. When applied to fault diagnosis tasks, the classification accuracies reach 95.85% and 94.85% on the
bearing and gearbox datasets, respectively, validating the effectiveness of the proposed method in improving multi-channel vibration
signal quality and ensuring reliable fault diagnosis performance.
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Fig. 1 Network structure of the model
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Fig.2  Multi-scale convolutional residual block
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Table 3 Comparison of imputation error of different methods on the CWRU dataset

Bde B KNN BRITS GAIN CSDI ATk
KA /% RMSE MAE  SMAPE RMSE MAE  SMAPE RMSE MAE  SMAPE RMSE MAE  SMAPE RMSE  MAE SMAPE
20 0.1711 0.1338 42.45 0.1274 0.0989 34.33 0.1102 0.0852 31.11 0.0907 0.0700 27.44 0.0789 0.06000 24.66
ng 40 0.1972 0.1547 46.94 0.1481 0.1149 38.04 0.1339 0.1035 3549 0.1226 0.0952 33.82 0.1020 0.0790 29.76
“;’i 60 0.2337 0.1831 53.47 0.1900 0.1478 47.30 0.1609 0.1247 40.07 0.1522 0.1178 39.05 0.1395 0.1079 36.98
80 0.2836 0.2223 59.75 0.2487 0.1939 5519 0.2137 0.1659 4813 0.2059 0.1591 47.58 0.1903 0.1468 45.58
20 0.3544 0.2833 68.63 0.3328 0.2637 63.66 0.3318 0.2621 62.80 0.2541 0.2003 54.33 0.2348 0.1840 50.82
Lﬁ:;i 40 0.3659 0.2909 68.17 0.3707 0.2940 66.83 0.3597 0.2840 6573 0.3122 0.2454 61.41 0.2471 0.1931 53.80
% 60 0.3602 0.2860 68.58 0.3688 0.2907 67.09 0.3673 0.2800 66.40 0.3321 0.2599 63.57 0.2660 0.207 1 56.21
80 0.3709 0.2946 69.30 0.3646 0.2874 67.01 0.3721 0.2932 67.18 0.3417 0.2679 64.85 0.3003 0.2327 59.92
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Fig. 6 Comparison of imputation results under different missing data patterns
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Table 4 Comparison of time domain and frequency domain features of interpolated signals

EERE T/g T,/g Ty/g T,/g T, F/g F,/g P, F, Fs/Hz  Fy/Hz

JFIRfES -0.0271 0.1573 0.2458 0.1885 1.3103 0.0758 4.1788 54.9670 6.2141 75.5160 2394.6 1312.2
KNN -0.0377 0.1489 0.2316 0.1783 1.3019 0.0444 5.1772 36.3730 6.7458 89.3650 2713.1 1600.1
BRITS -0.0288 0.1417 0.2214 0.1696 1.3105 0.084 8 3.9867 43.7610 6.9403 89.0280 2498.8 1437.8
GAIN -0.0219 0.1590 0.2457 0.1900 1.296 4  0.065 1 5.1816 44.4350 6.5389 82.6260 2614.1 1547.9
CSDI -0.0280 0.1556 0.2416 0.1861 1.3032 0.0419 4.4538 50.6930 6.7262 86.0190 2503.3 1447.1

ARILTEE -0.0266 0.1552  0.2425 0.1860 1.3100  0.0692 4.1088 53.7790 6.3138 77.0470 2410.4 1332.0
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Fig. 7 Fault diagnosis results of different models
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Table 5 Fault diagnosis results of different missing data

patterns (%)
s e 2 (BENL B e 2 (AL )
7
! 20 40 60 80 20 40 60 80

FEBE 95.74 95.58 93.86 88.69 94.60 93.33 91.01 89.12
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Table 6 Results of ablation experiments
R KEEE/ %
R 1 91.32
LY 2 93.77
FR 3 90. 62
A7 95.58
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Table 7 Gearbox dataset settings

N FEA /A B

[ FRss
MG AL 2k

fiadsd 100 100 100 0

=y 100 100 100 1
[ % P 45 100 100 100 2

2 100 100 100 3
AV 100 100 100 4

Bty 100 100 100 5

HRRH

s 1.0
lﬁlﬁl-o.55 0.68 0.59 0.54 0.52 0.61 0.65 0.60 E
EIE2 0.55-0.67 0.72 0.66 0.61 0.69 0.45 0.64|| 08

JEi¥3 0. 68 0.67-0.71 0.65 0.67 0.76 0.47 0.66
JWiH4 |0.59 0.72 o.71-o.73 0.79 0.76 0.44 0.75|| |06
3Ei# S5 |0.54 0.66 0.65 0.73-0.70 0.52 0.60 0.66
&6 [0.52 0.61 0.67 0.79 o.'m-o.so 0.43 0.67 04
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Fig. 10  Correlation coefficients of each channel
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Table 8 Comparison of imputation error of different methods on the gearbox dataset

B KNN BRITS

GAIN CSDI AT

KB /% RMSE ~ MAE SMAPE RMSE

MAE SMAPE RMSE

MAE  SMAPE RMSE MAE SMAPE RMSE  MAE SMAPE

20 0.1541 0.1219 39.91 0.1271 0.1005 34.81
BEHL

A

40 01734 0.1372 43.18 0.1414 0.1117 37.42 0.1246
5% 60 02079 0.1645 49.29 0.1677 0.1326 42.30 0.1519
80 0.2589 0.2057 56.52 0.2360 0.1866 53.88 0.2024

0.110 2

0.0872 31.57 0.0939 0.0742 27.78 0.0819 0.0645 24.78
0.0983 3439 0.1130 0.0888 31.75 0.1072 0.084 6 30.16
0.1199 39.52 0.1419 0.1129 37.09 0.1342 0.1058 35.14

0.1606 48.41 0.1894 0.1494 455 0.1713 0.1351 41.28

20 03668 0.2920 6524 0.3386 0.2689 60.47 0.3052

KL
B

40 0.3910 0.3116 67.88 0.38350 0.3050 65.38 0.3594

60 03968 0.3158 68.91

80 0.3861 0.3077 69.57 0.3949 0.3132 67.83 0.384 4

0.3938 0.3125 67.04 0.3838

0.2420 57.41 0.2725 0.2159 54.38 0.2603 0.2062 51.91
0.2840 64.06 0.3466 0.2731 62.98 0.3379 0.2658 62.09
0.3034 66.28 0.3637 0.2872 649 0.3503 0.276 3 63.38

0.3039 67.22 0.3733 0.2950 66.63 0.3607 0.2844 64.81
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Table 9 Comparison of time domain and frequency domain features of interpolated signals

EEHE T/g Ty/g Ty/g Ty/g Ts Ty F/g Fy/e F, F, Fs/Hz  Fg/Hz
JFfR{ES -0.0367 0.2076 0.3112 0.2464 1.2642 0.1000 5.1710 79.6850 6.4231 57.8300 2147.6 1231.1
KNN  -0.0298 0.1990 0.2969 0.2356 1.2609 0.0861 54026 68.3270 5.6849 48.9690 2119.3 1247.2
BRITS -0.0228 0.2125 0.3169 0.2517 1.2598 0.1274 5.3772 81.1440 6.1204 53.1310 2125.6 1245.8
GAIN -0.0238 0.2100 0.3130 0.2493 1.2625 0.0943 52751 77.1470 6.1304 54.9660 2142.4 1244.8
CSDI  -0.0303 0.2045 0.3070 0.2430 1.2639 0.1064 5.1261 77.3320 6.2050 54.0680 2144.8 1243.7
AR -0.0328  0.2049  0.3079 0.2441 1.2640 0.1046 51304 79.2530 6.2334 55.7950 2148.7 1241.4
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Fig. 12 Fault diagnosis result of different models
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Table 10 Fault diagnosis results of different missing

data patterns (%)
e BResR AR (FEHLA B ) Besk AR (FEALELER )
7
: 20 40 60 80 20 40 60 80
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Table 11 Results of ablation experiments
T AL/ %
R 1 90. 18
Y 2 93.29
i 3 88.43
AR5k 94. 85




282 & L £ ¥ W

47

A 0 B A 1 T S G 25 SR T U Y 45T il
R B PEREHEF 5 CWRU Sl 7R 5080 45— 250, (1 7E B HLBR
BT, 22 N 6 AR 22 BRI 7R 3 B b bl B 46 o
B RBRZ A HERE T B Sy B i, TR 2 B AL B e 2 A b
M FE AL, KT I 28 A BE SR T | 22 R A4 R 2 IR
PRI B A He BE A8 A R R X IR 21 15 5 1O R A 4 B R
7, PR il 3 5 bt Xt O (AL T 4% 1k R LR 3K
KT R, TH R SIe 25 Rt — B0 UE T 22 N B 45 %
ZYUMZM: 1 BB R AR IR BN (55 A L A A%
PRz LR

6) ARG T 50 F SR IR

FESEBR TN FH b BEFE ML % 8 fEfis 17 T AR #
T, AR T 00N IR 215 5 2 BB B (9 RSP Ry
P | 0} S 2 0N A7 AR AR Y B AR RE R T
BIEESR N U8 IEAR TR AR AR e il T 00 T (47 APk i A3 b
J& W55 F TR Wi R BT AR e sl S 50 | AR o
JEFEE N 1200 ~3 000 rpm , HoAth 5256 % B K S50
3.3 W 1 RO RE B He IR 7 B AR B B
A ON BEAL S Bl e 40% |, FI) FH 4% 455 50§75 b ke 4
Bl I FHIE AN E BRI 200 2 00 5 i B 18 AT 55
e B2 W R AN S5 SR R 14 Firs . P IR IR 2R R i
IS WRG B, P4 B s R AN 5 B i 24 1R 22

85r

Eiﬂﬁ% 8L62 1022
80T 78.13 1020
76.49
e 75 10.18 ¢,
" 71.66 71.93 %
L {016 =
67.75
. 66.21 0.14

60
& S S o
S A

B 14 ALl Tolgh

Fig. 14 Results under variable-speed operating conditions
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