12025 4F 4525 % 5515 W) B ¥ R HF T & ISSN 1671—1815 3
n 2025, 25(15) :06310-08 Science Technology and Engineering CN 11—4688/T _ -'

DOI:10. 12404/]. issn. 1671-1815. 2405433
SIFEsC B, TR, L. BT Rz A SR R RN EA ). BREOR S TR, 2025, 25(15) « 6310-6317.
Zhang Xuan, Zhou Zhengkang, Tang Jiashan. An anomalous sound detection algorithm based on attention and domain generalization[ J]. Sci-

ence Technology and Engineering, 2025, 25(15) : 6310-6317.

1N

ETEEAMBZUNRERTERNEE

Fae', AER, EhmdL'T
(1. PSR 2 B2 e, o 210023 5 2. P o R R A ERAE FA BR A ], e o 211800)

i B AT EEARPANMBE TOEFFFELT RET —HBEZE N BZE ARG FF F w5k,
BB, BRSNS E R L 448 R F 4B 472 B & B4R K F 2 Sub-Cluster AdaCos (SCAdaCos) , 5 K A & %
SRR I B FRACRAT AR F R R R HRALI I, B 90% TR R AR M BME, KR ER TR
KRB FhARSE 7 £4% E ROC(receiver operating characteristic curve) ¥ 2, F #9 @ 4% AUC (area under curve) F=3f 5~ ¥ £ F & AR
pAUC( the partial AUC) # i Fe T3 AE 5 F A 76.69% A= 87.99% , H P IR 4B R I FTAE, AT HALL R % AUC A=
pAUC TR AR E T 24.08% F7 20. 68% , #— oyl a LI R, HATRASER 2 F HHH AR SCAdaCos 4 %k T 4434 2
#ﬁfﬁL%ﬁ&ﬂi LR —#4E By e 8 A A kAt 3 A ik AUC e pAUC &9l Ao T3 ERH T 4.16% AT
j—i«‘- FEERNAES P RERY

KB EEFEAN, RRE, BiEk, 2E N REFT
Wik ds THLT TP18; LHkbRER A

An Anomalous Sound Detection Algorithm Based on Attention and
Domain Generalization
ZHANG Xuan', ZHOU Zheng-kang’, TANG Jia-shan' "

(1. College of Science, Nanjing University of Posts and Telecommunications, Nanjing 210023 ;
2. Nanjing Urban Construction Tunnel & Bridge Intelligent Management Co. , Ltd. , Nanjing 211800, China)

[ Abstract] A new anomaly sound detection algorithm was studied that combines attention mechanisms and domain generalization
techniques to more accurately identify normal and abnormal sounds in mechanical equipment. Specifically, two neural networks were
jointly trained using a sub-cluster Adacos loss function, with features modeled by a Gaussian mixture model (GMM). Anomaly scores
were calculated using negative log-likelihood values, and a 90th percentile threshold was set for detection. The algorithm demonstrated
strong performance across seven types of machines, including fans and bearings, achieving harmonic mean AUC (area under curve)
and pAUC values of 76. 69% and 87.99% , with the highest performance observed on valve data. Compared to two baseline systems,
the algorithm improved AUC and pAUC by 24. 08% and 20. 68% , respectively. Ablation studies further confirmed the positive impact
of the GMM, attention mechanism, and Scadacos loss function. When tested against eight other algorithms on the same dataset, the
proposed method showed a 4. 16% improvement in the harmonic mean of AUC and pAUC, highlighting its significant advantage in
anomaly sound detection tasks.

[ Keywords] anomaly sound detection; unsupervised learning; domain generalization; attention mechanism; deep learning
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AT KBRS, a5 7 FORFEIHLES , BERPALES
3 AR B A, B 25 S M BE N 10 s, RAER
4160 000 Hz, BLFSIELRAE, 7 FiBLas A5 AR ]
mE 1 fis,

x1 FREBIEM
Table 1 Dataset composition
WILRARIEH MR IEH IR S
(IERBCRTE AR CEBGR A AR (IR H AR i)
Section 00 990 + 10 50 +50 50 +50
Section 01 990 +10 50 +50 50 +50
Section 02 990 +10 50 +50 50 +50
2.2 HELSEIE

R TR S A B B A R, AT IE AL SE g, DA
Tesnsorflow2. 6. 0 A FEAHELL, fE RTX4090 (W) £
HEAT SR T SCHR[ 26 ] A AR BRI T ELIAR Y 5,
ARGt 4 W, BRI 4 x 100 > epoch, B3k
RIGT 4 x4 =16 D[R] RS FIAR R (R ASE

PEAT F8 b5 5255 >R FH ROC ( receiver operating
characteristic curve) 2 T~ B L AUC, #43 ROC
M2 (TH AR pAUC LK EA TR TE FIE-34 8 PEAl

Ng N
1 + _
AUCm,n,d = —74-2 ZH[AH(x] ) _Aﬁ(xi )]
NdNn i=1 j=1
(10)
1 LNy ) NiF
PAUC,, = = 2 D HIA (%) = A,(x)]
LPN,,J aoi=1 j=1
(11)

K om RoRHLERIEAINY RG] 5 n FCRF 53 (section)
MR 5|5 d Fon i, vl B2 IR Bk H bR 8, £
[ source, target | ; N; AL d H IE 5 D 57 46 1Y
Bk NS ORERST oo S DU Y A A AR pR AR
H(x) AP IR PR AL, 24 x> 0 BF3R [0 1, 75 3R 4 0,
Ay(x") FUA, (x]) 535 R EITE S5 0 7 A S oY
ot FUERI o (953040 AUC, |, AL
A m T n A d R BORITE DX 43 TE LR R S
VAT EMERE ; pAUC,, , WIDGHAETISE4E 2 iR
1ER (false positive rate, FPR) il fR p =0. 1 7 ,#B
53 n AR FPR ZREPERE, FEBI R EIR R R T
AEIE RS TE [ - ) O ek g

2 AR FHRL SR 4R B ST — T
SEG DA HCACAA B T Gk A 5% PRI ArcFace 5 SCAdaCos

B SRR RGO HERE, T A 2 FIHGHERE 5, S5 5TE T SCAdaCos HEREHIATAL
F2 HMXRER
Table 2 Ablation experiment results
GMM + GMM + GMM +
. GMM + GMM + VBGMM +
PLES Ei=y Base-AE Base-MobV2 Scadacos + Scadacos + Scadacos +
ArcFace Scadacos Scadacos

SE CA CBAM
AUC-S 54.42 60.55 59.36 66.08 71.24 73.85 72.44 75.29
7 AUC-T 58.38 60. 09 67.15 73.26 74.82 76.06 76.89 78.79
pAUC 51.98 56.96 54.65 60. 66 60.46 63.62 64.37 64.69
AUC-S 78.59 70.75 93.61 89.98 91.18 95.07 96.41 94.44
AU AUC-T 47.18 48.22 75.78 77.37 80.00 84.67 82.74 78.28
pAUC 57.52 56.94 68.08 73.45 72.43 79.83 78.68 73.22
AUC-S 68.93 69.19 83.34 83.15 82.95 82.75 84.89 89.06
AT AR AUC-T 62.64 56.23 77.99 82.54 79.01 83.60 84.15 84.19
pAUC 58.49 56.07 61.74 65.79 65.32 69.45 67.62 68.38
AUC-S 77.95 65.05 92.79 92.93 93.74 93.11 93.66 93.39
WL AUC-T 47.67 38.40 76.91 84.90 83.89 87.55 88.28 89.35
pAUC 55.78 54.73 65.49 72.70 71.51 81.28 77.08 80.12
AUC-S 90.41 58.92 86.35 82.62 86.09 80. 66 85.46 83.64
T EIRE AUC-T 34.81 51.95 70.75 69.61 66.67 77.17 75.00 71.52
pAUC 52.74 52.36 58.37 58.58 57.13 58.15 61.33 59.78
AUC-S 76.32 57.57 82.23 86.45 85.87 85.43 85.82 86. 14
7= & AUC-T 23.35 45.79 60.72 63.82 62.74 63.07 61.82 62.08
pAUC 50.48 51.52 55.69 56. 14 53.21 53.95 54.53 55.02
AUC-S 52.01 67.66 81.63 92.25 92.20 95.04 95.11 94.35
] AUC-T 49.46 57.75 72.71 69.15 62.48 76.98 77.95 78.59
pAUC 50.36 62.64 64.16 70.34 69.50 78.86 83.00 78.90
PR 52.61 56.01 70.07 73.26 72.53 76.36 76. 69 76.33

T AUC-S RHIURER AUC, AUC-T 3R BRI AUC, pAUC R IX 4IRS AT H AR,
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P B, S5 AR g 25 g A TR A AR A
(GMM) B4 Ry 78 43 DU 17 v TR A58 (variational
Bayesian Gaussian mixture model, VBGMM ) SR oT H
NHRRIPERE Y RE M0, ST R A I 2R o] 38 2 A 321
PRVERREZE T AR (AUC) Y4545 |, VBGMM 2K
TP P Ak | S R A 22 (T RE . dE—2F
Hi, 5 I = FPAS ] 8 33 B L DAPEAS X e S
R RE VAR T, SRR T I AR T
MU R IEeR T AR ARG e 7, He i e i
71 (coordattention , CA ) HL | R ¥ & M o€ AR TR
T AUC 425 7 3.43 DA A, SRELRSG A
it #% ( AutoEncoder, AE ) FlE2 54K M 4% MobileNetV2
(MobV2) A Lk, CA HL I 4 51 5Z 8L T 24.08% Fil
20. 68% 1) AUC 2T, NS UF 1 3 = AL AE 5
S R INR FH A RECPE RE

%3 R THERM I EBME ] CA 1158 5
Scadacos 51 9% PRECFN = TR G BRI B EL R 7 FR
PLES AN AR A3 O FE Ar . AT AR H A 280 3 1 O 8] )
BN ZR RO I AN ER & — 3, 7E I 1] X Fh AL A%
RS  TE 00 40 AUC 355 T 99. 36,
01 #4> HFrlEL AUC F1 pAUC 353 T 5 502 @ A3
FRUR  AE 02 FB43TREL AUC Al pAUC 203353 T
99. 68 F198. 32, W& 5 fimFIEE, XS5 KM
TEM 1A HLAS LR A I RO B dy, LR TR
00 A1 02 FBA TR L K2 01 #6438 B ARl E | 5
) 3 x 100 =300 R JL-F-ABIER A I E T

®3 EA CAEENNT MURARES HWIEN ISR
Table 3 Evaluation metrics for different parts of
7 machines using CA attention

HLES AT AUC oAUC AUC  pAUC  AUC  pAUC
4 PRER Com) (u) (FRRBL) (HARBR)

K 00  59.55 51.68 56.48 60.42 64.64  53.05
WK 01 86.67 76.74 80.12 67.37 91.92  86.53
W& 02  83.97 71.05 88.24 75.16 79.48  67.37
KES_00  97.87 89.89 99.44 97.05 94.40  83.37
KES_01  87.56 71.11 95.20 92.42 72.00 50.53
KUH_02  89.99 77.00 94.96 89.47 84.76  72.00
ARHEE 00 87.08 76.89 89.88 81.05 84.48  75.37
AEEigE 01 80.30 58.89 80.88 66.53 80.08  50.95
AEHEE 02 82.98 69.26 85.20 77.89 87.20  63.79
WHL_00 92.20 72.63 97.08 94.95 92.32  68.84
WHL_01  93.99 80.21 99.76 98.74 93.48  79.16
WHL_02  82.49 76.42 85.00 82.95 78.96  67.58
BLHEIRZ_00 73.34 58.21 80.76 65.89  71.92  55.79
BLHEIRZ_01 74.96 51.84 79.04 50.74 67.20  53.89
BLEIRZA_02 94.61 80.74 98.20 92.84 91.68  73.89
BLELKH_00 60.43 52.68 71.08 61.47 56.40  53.05
BiH KA _01 69.67 52.16 92.52 83.79 54.92  51.58
BLHE A% _02 80.65 58.95 99.72 98.95 79.88  61.68
FRIT_00  93.50 80.58 99.36 96.63 85.88  73.47
fRI7_01  91.65 88.05 87.16 75.58 100.00 100.00
f®17_02 86.79 80.42 99.68 98.32 59.00  71.58

mm AUCR I AUC H bl pAUCHE i, mmmpAUC H A7l
100 9936 96 63 100.0100,0 99.6898 32
5.88 87.16
80 -
73.47
S 71.58
8 60 F
<
a
g
= 40r
<
20 -
0
/ / /
%@ %@ Rs

K5 AR HITER
Fig. 5 Metrics for different sections of the valve

2.3 ¥ftbiksg

N T Bk — P B UE AR J7 VR B RO, A SO
2022 AR PR TR HEA BT B BOR AR [ 27-34 ]
BT IEBEAT T XS LG, S5 R UESE T AR O vk O
K6 k7 FiLEs AUC F1 pAUC ARSI T S 7
2 AUC il pAUC By 3 A, B 7 il M- 3 19 2%
B,

V]

LIS

WL
(a) AUCHM L

L
(b) pAUCS L

Fl6 il 5 47711 AUC il PAUC ik [E]
Fig. 6 Radar chart of AUC and pAUC for the Top 5 methods
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Fig. 7 Bar chart of the harmonic mean of AUC and

pAUC for all machines
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