5538 4 6 1 w % T £ ¥ #H Vol. 38 No. 6
20254 6 H Journal of Vibration Engineering Jun. 2025

i 0 L A ) A T B B  E HE  BE SR

E
1B HEE, EANL K OB K B, HEE

(1. b5 3 TR 2L S 924 B2, AL AT 100081; 2. 46 573 Tk 2% B8 1L BF 59X Bx, TldE J5 1L 063015;
3. T PR K 1 i 2 A AU AL B 4 [ J N SR R, FE R 400044;
4 RN TR R, JEAT 1000845 5. P95 25 — HUIRAE HI B A5 BR A A1, ST 423k 014032)

FE A Tl OB 5 R RE R T 5T, R UK Bl A R R RS W B R o Ay DR R 2 A A A T RE IR AR L S B il PR
S AR IS A A G RR B AR o X BUA R AR 2 R 2R T v S IS WORS (B | SR BT MR S R | R RO R SR
2 BRG] L, B ey — o 33 A R e 0 A T K B A S R REAS T TR . TR O R BT T R TR ) 1 T AR
S HOE HE 5R SRWE, LUAR TR 3 B R A i BB 5 5 R TR 345 5 (9 A9BSR T B, DR T B IR R Ak A
B BTG G T BT SR, 4R TR B R S B0 EE A DR s A T R T A I U 0 5% 22 e/ oHE UL 0 A R R SR, S B
DUREA (i RS B0 BRI T o 18 MM 4R 7 ik AE AT B IR 48 1% 3 R el B 5 4 BT R T il R 2641, 45 SR R W, BT 4R RE 12 T )y
TR FT LA SE B A 12 R L | SR MR 5 R P R ST B AR LA T B R A R e ) A B, S W A R T B Uk,
TE R TR 30 A Tl 35 45 9 R W 2 Wi Uy TG JRe B T B TR SR

KGR S W BOUR IR 3 B R R s I AR A
FE %S THI6S S X FRERD: A XEHS: 1004-4523(2025)06-1242-10
DOI: 10.16385/j.cnki.issn.1004-4523.2025.06.012

A spectral ensemble sparse representation classification model-driven super-robust

intelligent diagnostic method

KONG Yun"*’, HUANG Guoyu', DONG Mingming', CHEN Ke"*, LIU Hui', CHU Fulei*
(1.School of Mechanical Engineering, Beijing Institute of Technology, Beijing 100081, China;
2.Tangshan Research Institute, Beijing Institute of Technology, Tangshan 063015, China;
3.State Key Laboratory of Mechanical Transmission for Advanced Equipment, Chongqing University, Chongqing 400044, China;
4.Department of Mechanical Engineering, Tsinghua University, Beijing 100084, China;
5.Inner Mongolia First Machinery Group Co., Ltd., Baotou 014032, China)

Abstract: Under the background of industrial big data and intelligent manufacturing, data-driven intelligent fault diagnosis technology has
become a crucial enabling technology. It ensures the safe and reliable operation of high-end equipment, facilitates equipment health
management, and supports intelligent operation and maintenance. Existing intelligent fault diagnosis models often fail to simultaneously achieve
superior diagnostic accuracy, strong noise immunity, high computational efficiency, and robust hyperparameter performance. To address these
limitations, this paper proposes a novel spectral ensemble sparse representation classification model-driven super-robust intelligent diagnostic
method. The proposed method designs a vibration data augmentation strategy based on cascade segmentation operators, aiming to enhance both
the quantity and quality of vibration data samples. It utilizes the spectral features of vibration signals for dictionary atom design and constructs a
spectral ensemble dictionary design strategy that incorporates spectral feature fusion. This improves the reconstruction capability of the spectral
sparse representation dictionary. The method develops an intelligent recognition strategy based on the spectral sparse approximation error
minimization criterion to achieve intelligent diagnosis of test samples health status. The proposed method is validated on a planetary gear
transmission fault dataset. Results demonstrate that the intelligent diagnosis method can integrate the advantages of superior diagnostic
accuracy, strong noise immunity, high computational efficiency, and robust hyperparameter selection. Its diagnosis results surpass existing

advanced methods, showcasing significant application for data-driven intelligent fault diagnosis of industrial equipment.
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Fig. 2 Spectral sparse intelligent recognition strategy based on minimum spectral sparse approximation error criterion



1246 & 3 T

538 %

HUR S: BE TR B T DL 1R 2 e /)N o U 1) {2
Wi o 1 35 A i S Y iR R 3 R e R T g, AR A
T ¥ L T R 15 2 /N ) i o ), A ST B (R 2
BERY £ (2,5 Dsg, A7), 5530 D AR A 2, £ B R S P
label(z) 1932 Wi fiL, 24 a0 F
label(z,) = f(z;; Dsg, A}): = har]%mglEiiA(ZﬁDSE,AZ,h)
(14)

14 EEimiE

Jit 2 1) 5 T % A2 R i TR ) A 2R £ o R R i
ST RE R Y, JE R S R o T AR Y L A
LA S S R S N (RS A I R b D
BWrRR AR 1 R .

2 ITEEREHRREMIEIDE

Shy 36 IE T 1 A JICRR g 1 3 A A K 5y e 4
B RE L BT S-ESRC HE 2 52 B KL 4 UK 3l 1) 3 RE LA ik
B 12 W A O, AR K 2 B A B 1A e 1 3 R S
B K40 4, I X L I £ O vk 5 R 7 1 112 T RS
B PUMEPERE | TR RCR S R B AR

21 IREHBUIEE

T Je& 4 2l 5 il e R A R A i A7 R A Fe 1L
B R G SO AL R B 3 s, R R A K s AL
e A/ AR SRS L AT AN R L R T Sl 2 S K dis
RERGAFHEM . Hb, Bl R 4 R G4 45 ok
P gas (222 TA7 R AR RAAR PR TR ) | e 3 /e 7 A%
SRS LR A RS B R AR AN S KR
LA A o JE R AN TR A A B A e £ 2l
PRI T Jm i B b b . 3% 2 A7 B R A A%

TIEEE

#1 FRITENCHELRE

Diagnostic algorithm process of proposed method

R ETIEREULIRE R/ MEN SRS fE IR AR
A (RO B MR E Ny, SRR LS S50, YIGE0R
o), BB B 7, MR(E S 2
FREFL: R R
1: For h=1,2,--- Ny, do
2: HHER(2) 5 G) A AEA TG BB (x, )0,
3: End For
B HERAR SN AEEE (X))
FREF2: iGE I
4: For h=1,2,--- Ny, do
5: AR (4)~(6 YT RER S R MR 1 U
B A
6: End For
7: i PE R (7RIS N D
By AT ID
FRFE3: i e
8: I (2) 5 GYRHMHRF 5 24 MIMHRAFEA (2,5,
9: AR (8)~(10)FRHGHAFE i B (2]
10:For k=1,2,--- ,K, do
11 RO DHFS RS g i A
12: *E}E%ﬁ(lz)'i(13)ﬁ“§ﬁﬁ¥Aﬁﬁj§-ﬁ(ﬁiﬁﬁéﬁﬁ%fﬂ%
{Az«h}hjl
13: For h=1,2,--- ,Ny, do
14: ARG (1) T TE R I (LR 22 ESSA
15: End For
16:ARYEZ(15)I2Wrlliie Az Y fi R 25 & P 1abel (z,)
17: End For
s MR 1 S HRER S JB A (label (01K,

Tab. 1

B, K3 BN TAT RS RGN T Rl
RE BB E . K 48R TITRAERIEIHRGETE
TE RS LA S 7 Bl BRefR 2SR 59 5 B2 45 5 I dsip
B L .

W i h, O R AT R RS R A
8 Fift AN [ it R AR 2 B9 4% 3 i Kt . AR IR 2

LOPN S
HMEIHEE (ORF)

i AR
INFETRR: (IRF)

i AR (Rt S

A (REF) Bl (PBF)

o~
é ’\'

B3 fTREERENRERE G SHFORE

Fig. 3 Test bench and fault states of planetary gear transmission system
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Fig. 6 Spectral sparse approximation errors distribution of test samples with respect to different spectral dictionaries
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Fig. 7 Intelligent diagnosis results of proposed method
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Tab.3 Diagnosis accuracy results of different methods

TEERRAR WKL/ %

Db S-ESRC ESRIR DL-SRC DCNN
NS 100 99.19 97.23 97.32
ORF 100 100 100 99.86
IRF 100 98.70 100 89.85
REF 100 99.98 100 96.21
RGF 100 100 100 100
SGF 100 99.98 99.72 97.06
PGF 100 99.12 93.08 98.29
PBF 100 99.62 99.81 94.76

EHE 100 99.57 98.73 96.67
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Tab.4 Anti-noise performance results of different methods

BRI PUIRT L %
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20 100.0+£0.00  99.53+0.04 98.74+0.04  94.42+0.90
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Fig.8 Computation time of different diagnosis methods
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Fig. 9 Robustness analysis of different diagnosis methods with parameters selection of window length and overlap rate
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Tab.5 Robustness analysis results of different methods under

different sparse threshold
ST EIHIPRT /%

LT DL-SRC ESRIR S-ESRC
6 98.77 99.33 99.99
10 98.73 99.57 100.0
14 98.74 99.62 100.0
18 98.69 99.69 100.0
22 98.81 99.68 100.0
26 98.86 99.67 100.0
30 98.84 99.70 100.0
34 98.94 99.69 100.0
38 99.06 99.69 100.0
40 99.14 99.69 100.0
FHIE 98.86+0.14 99.63+0.11 100.020.00
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