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Abstract

Experienced factory inspectors can identify abnormalities in equipment by listen-
ing to the operating sounds of the machines. However, due to the aging workforce,
there is a lack of successors. Therefore, investigating computer-based anomalous
sound detection (ASD) is necessary. ASD system consists of a feature extractor and
a discriminator. The feature is mainly log Mel-spectrogram. The discriminators
primarily use deep learning models such as autoencoder (AE) and convolutional
neural network (CNN). Recent research has proposed methods using timbral fea-
tures for ASD. Ota & Unoki reported high performance using acoustical features
related to timbral attributes. However, this method employs supervised learn-
ing, where anomalous sounds are used together with normal sounds. Covering
all anomalous sounds for learning is challenging, and collecting sufficient anomaly
samples proves difficult. Therefore, unsupervised learning that learns only normal
sounds is desirable. This paper proposes an ASD system based on unsupervised
learning using acoustical features related to timbral attributes, addressing three
limitations in Ota & Unoki’s previous method.

First, discriminators other than support vector machines (SVM) are explored.
Better models than SVM for acoustical features related to timbral attributes could
improve performance. However, these features are 6-dimensional or 7-dimensional
data. Deep learning models such as CNNs typically handle high-dimensional
data. These models are difficult to apply to low-dimensional features, such as
acoustical features related to timbral attributes. Therefore, the investigation fo-
cused on supervised and unsupervised learning models that can handle relatively
low-dimensional data. For supervised learning, models such as LightGBM and
TabPFN were investigated. These models handle tabular data. For unsupervised
learning, outlier detection methods such as the gaussian mixture model (GMM)
and k-Nearest Neighbors (k-NN) were investigated. The models were evaluated
using MIMII dataset employed in previous method. MIMII dataset contains four
Machine Types: Fan, Pump, Slider, and Valve. Each Machine Type contains four
Machine ID sounds. The evaluation results showed that TabPFN achieved the
best performance, surpassing the previous method. GMM demonstrated the best
performance in unsupervised learning.

The second limitation addresses performance degradation under low signal-to-
noise ratio (SNR) conditions. In industrial equipment ASD, sounds from surround-
ing machines become environmental noise. Therefore, robust system performance
is required even under low SNR conditions. The performance of the previous
method significantly deteriorates as machine noise SNR decreases. The previous
method employ the average of acoustical features related to timbral attributes cal-
culated from multiple frames of machine sound. However, the frames are averaged



in non-stationary machine sounds, including those containing only environmental
noise without machine sounds. This averaging significantly impacts performance
for non-stationary sounds. Therefore, a feature extraction method called Timbral
frames selection (TFS) was developed as a robust feature extraction for low SNR
conditions. This method selects frames only containing non-stationary machine
sound events. Evaluation of the MIMII dataset showed that TFS improved the
performance of non-stationary sounds such as Slider and Valve. The effect of TF'S
was particularly significant under low SNR conditions.

The third limitation is implementing unsupervised learning. The previous method
used supervised learning, requiring normal and anomalous sounds. However, col-
lecting anomalous sounds for learning is challenging due to their rare occurrence
in machines. This necessitates an unsupervised machine-learning system capable
of learning from normal sounds alone. The solution estimates the distribution
of anomalous sounds using various machine sounds prepared in advance. The
anomalous sound distribution is defined as the distribution obtained by subtract-
ing the normal sound distribution of the target machine from the distribution of
various machine sounds. The estimated anomalous sound distributions were then
sampled to generate pseudo-anomalous sound data. This approach enables model
training with authentic normal sounds and pseudo-anomalous sounds. It satisfies
unsupervised learning conditions while enabling supervised learning.

The proposed system incorporates all three solutions described above. The
evaluation used the DCASE 2020 Task 2 development dataset, which includes six
Machine Types: Fan, Pump, Slider, Valve, ToyCar, and ToyConveyor. The area
under the curve (AUC) was used as the evaluation metric. These results showed
that the proposed system using TabPFN achieved higher overall AUC than the AE
baseline. The AUC scores for Fan and Valve improved by over 20%. However, the
ToyConveyor system exhibited decreased AUC. Therefore, further investigation of
timbral features is necessary.

In conclusion, the three solutions presented effectively address limitations in
ASD systems based on unsupervised learning using acoustical features related to
timbral attributes. The proposed system demonstrates superior discriminative
performance compared to baseline methods. Future work should address domain
generalization and first-shot anomalous sound detection.
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1.1 ILC®IC

ANEDOAETFIZBWT, BOBFRLEMDOEREE, F7D/ v 7B WVWo kiR
REEVNRET . BREEIME, BECERCRERT, XHZHELEEIN
THEEMDOZ e THB [1]. BREEINMOEREZZA 7 LTHEY — V0, B2
ARy MEH, BExy 7 a VERDD D, FITHEMEEIC X B HIEIEZ L
WIEEhTnd., BEE— VTR, NRERDIZEDEEY — Y OWELZITS.
B -3, NEPEHZ Vo ENERINTGFIREEZIET. BEARY
MEHTIX, NMROBFIFET IHEEARY FOFEHEPS, ARV PP 0WOREL
T WET S, BEAXRY M IRESOREOZETHY, KENDOEZIRD
BFREDEE TS, &y 7y aVERTE, BRESEHPATICELERT
3. NS DOREESHEAMNE, ENOEREDRSTD > X7 L HEREIEE VLo
TRk A BICHBEZ NS,

BREANOEXRAI D1 D12, BEEHRAND 5. BRESTHANL, WRORE
BEPRFEIDRE»EHRIT 2227 TH 5 2. HlzE, NHEZERICBWT, B85
BFRHAE 2L L W o FBHE OETETIXRE LR WEE B 2§ 2 5t Gt s
NTW3. £, RENOIEIESCUSEOMHIZOWT IR TWVWSE. Z
NSPHIER R — 2t F 2V T 4 ITHT2HALINCD, BEESTFICBIT 2 ME
DEDOREMIR Y, BRESERIEMIELNTENSHEINA TV .

IETUE, PEERSR 2 NG L EEERAEM O™ TbhTns [1]. 5
4 REZEHEMITBWT, NTHIBER W= RS X 2 8= o 858
MHNIARIRTH 5. 2019 FITHEWHAORE BRI T — XLy bR I TLL
B, BMEZLDIRATLAPRRINTWES,



1.2 s =

TGO EEREE 2R 2 LT, HMOREABEFBIIIEFICEETH L. @
W, AT AREDIEMOBRE ST 2 2 TfTbh . AEMEEX
R E OO TORENEIEEIS Z e TE 3720, BIRE D S ORISR
TRARRED E 5 HIMTRIRETH 5 [3]. LA L, AR E DS icfE S 2@iksE 1~
BV MERDHD, NOFITEDZRERMES X T LB KRDHNT VWS,

M ho#EziE 2, BfE, sHERICK 2 BEEMAIS X T L OBETHIER AT
bt [1]. FHEEOEANICED, RBEICES Z & e S LE L TME D A EE
K3 eEZLND. BEERS X7 20%, K 1.1 0 X 5 1R & e
WD 2 oD RS, FEIMEEIIANGEE» SR E LM T 5. #&5
X, FEEZFHICEER a7 2155, BEAa7E3ANEEPRETH %1%
EREL 4B, 2Dk, BERa7B T KREVWEE, ANMESZRE L AR
TN TE S, FEEICE, FITMFCC (Mel-frequency cepstrum coefficient)
RN AR vya 7o 2RI NS. SR, autoencoder 72 ¥ DEE
FEHETLVPHVWLNS.

I, HIRE OECOENC X2 BEERS X T AZOWTHR ATV
[4,5]. BEOFIEMNBEMEEZ Y FXR, ¥y F, BOODI3DIHEIN 6], EEX
79 FARARE Yy FICHRZXTNREE ZHD [7]. RSB, WSO
MLBEODOBOVEEEN-oTWAEEZONS. 2D, BEEMIFIME
BEHWS Z 2T, ABMAMRBOREISEWS AT LOEENIHFRFCE 5. ¥,
THEANVART bR TS LV TIERDRHHEZ V2 & 27 2z, ARED
Hplayy 7 OMBPEZGITK D EZ 55, Ota & Unoki 1%, HHBIZHREE
BofEErEaEERHE L LTHOW A AEEZREL TV 8. ZOHETITH
AEIC Y R— b RT X —~< > > (support vector machine: SVM) 23R XN TH
D, PEFEIRT —2 Ly MZX 3BV TEVWEESHRIMHEEZ R L TWa.

—7, BRICL2EFERAOFEL LT, EEECEEE 2 HEIHES
HEND DM FZEDPITONT VR Z e BB Tohd. HilidbH¥ETX, EFE
CEEBEOBVWEFETLINTES. Lo, BBOBRESOREIHTD
72, FECTHBBOBREFOINERIZIH LW, 200, BESLHHES
WEEB TR USRI X2 AT AR NG, T2, HICKEY
AT LIZBWT, 1ERDFIETIESVM DA DETIVIZOWTRREITH 2. ZD
728, HERBICEMREE 2R OET VI OWTHETT 2 0ERD 5.



1.3 HZEEM

AZEDHINE, HOEREEICEH LR UM EEIC X 2 8 EE
MO RTLRRET S THL. ik UEWEEIckDY, SOEERHEC
FPERFERHS AT LR ERBEDATHEETLIENTES. BEIRATLD
ML 3 DOFIEICHT I TITS. £3, BOEENEEICHT 2 EZIONLGKE
BOEFLOHFIMREZHEL, RS ATAHEHTZEFLEZENTS. X
W2, BRIEEE NCBLTH AR EE LT, SME X &5 GBEss
HMEAHNT 2R EAT 2. RBIC, A REEONS 2 HIcER L 72§
PEEET— 2%, ERFEEORDDIFEEICHEHT 5.

1.4 ZFERXDIERK

KmLIZRTETHD. £/, M 12K HLOEKERT.

F1E: BREESRAOERY, SRICIZEEERACOVTERS. £k, &
5D HE 2 bR % .

F2EF: HEICOVWTIRRS, £/, SEEEREEICXZEESZIHRAS X
TLOME Y, TERIEICER I N3 DDOMEITOWTIERS.

1 DHOMREDMRE L LT, HEOBEREEIE Y 2 e D#EIR %z
15. EROBAG L, 1EREDHBIRED LK ZITS.

F4F: 2 OHOBREOMIRIEL LT, (KSNR & N T HHKEES 2 FEMHE
ZIRRET 5.

B5E: 3OHOREOMPEL LT, BUBEEET—&204EME, ZhzFH
U 7= 2l 7 USRS D Z1T S

F6 F: IXNTORERRIELZBEALTRRS AT LOFHII e BE 21T S

BTE: HRrSROBELEEZARNS.
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F28 FEHERAZE

2.1 DCASE

DCASE (Detection and Classification of Acoustic Scenes and Events) Challenge
BEREEINOEEa S RT 4> arThD, BEY — VNP EEA NV M
bz [9). BMEZXENZND R AT IZOWTI AT L%2ED, MEHEEHS.

DCASE 2020 Challenge Task 2 37z LFEIC K2 EEBFRADa > RT 4
>aryT®H5 [10]. DCASE IZBWTHID TORFEEMIMEX R THY, Mheir>
AT LPHRE X NIz, DCASE 2021 /2022 Challenge Task 2 [11,12] Tl& K X A4
V7 MADOXIGHERE Y L GEMX Nz, FXA4 27 b ik, BEIgmoE
froefFoZ2 iz &b, FEE 7 — & LMl 7T — XEOEME D N ZhT s &
THd. 2Dk, FAXAAL 27 PEAETTE, BHOEE " BEMOEDEN
ERRA YT MZEBBEDOEVWEZXAT S ZeNERINS. X512, DCASE
2023 /2024 Challenge Task 2 [13,14] TlX First-shot B BHMRAIAHE L LB
fiE 7z, DCASE 2022 DE1E, MR L/ A7 2 Z25Hii$ 2 7O IICH/NcDE
DEEENEZ 6N TV, 207D, FOREZEHFVWI AT LADNRT X —X
EIEEARETH o7, L L, BHEMII T X — XTI+ 7 — X B HER
TZX 5 LIRS\, First-shot BHEEMREITIE, FHENROBEMK & 13572 5 H%fE
DIEE /BEE L, FHiINREEOIEE ST DA TER ZITOREND L5720, ¢
TR —REPHEET ISR T L EERT INEND 3.

DCASE Challenge Tl¥, 2 X7 IZHdbET -2ty P HBERHINTVS.
FIZ X DCASE 2020 T, PERBELR OBEIE 23R S A7z MIMII dataset [15] D—
Wy, BbHOBEE GRS L7z ToyADMOS [16] D—ERCTHK X 5 57— &
v MR X Nz, #EFEIZ MIMII dataset (23 £41% Fan, Pump, Slider, Valve
&, ToyADMOS IZ& 4% ToyCar, ToyConveyor ® 6 #f# (Machine Type) T
HYH, HEEZLIC3 2034 AF (Machine ID) 23& %N 5.

DCASE Challenge T34 72> 27 LADMER I N T ED, MRDTEHICRICKE
725 B % 5 2 7-: 771513 DCASE 2020 THEZ X 117 outlier exposure (OE) T 5.
OE X, WO TF—2 2 BEFT—2 e LTHHAT 2 HIETH 2. (RO BREEWHRA
BAMUERIEIC X 2 7 Ta—F DB ERTH o705, OE DEBZIC KD, 75 2505
WCE27 7 u—FnEHRE Ko, OE OFHMlIE 2.2 BicMiis 5. 2021 FLUR
b, FEHT -2 0EBCAKHEENYEETVORNMHRY, a7 Ta—F
PIREINTNVS.



2.2 FEFEJZHLISOTIO—F

AREITIX, Al LRI X 2 EEEZRORE SR OB OWTHAT 5.
HEFTIERINTOVREREERNS AT D% L1, FEFEIFHINT
W3, 70 —iXK 1.1IORLZED TH 5. FimHERE, EFE L BEEFOEN
I ZAZFHMEEME T 2. HlXIE, X LARS huro AR RHEE L
LTHWS Z T, BMEORMBERBIERZAHST 2 Z e TtE5. @ildid
MBI, ANV Y ILOBRBEZa7RIRET 2. HEMIC X 2 BE SR
WBWT, FEEESE e lGRo s 5 OMREDEETH 5.

HBEEMANIB VT, autoencoder IFREXHNREEFEET LD 1 DTHD,
DCASE Challenge IZBWTHR—Z T4 Y& LTHRHAINTWS [17). Autoen-
coder X AT 7 — R DRICHIIEZTT 5 encoder &, encoder DH I 6 AT 7 —&
218703 5 decoder 22 HHERE N 5. T ORF, AHTIOBEMEGREZ, EEEDSG
BWNEL kY, BEEOEABICKEL R EZONS. 2D, BN AE
PREZa7 LTHEHATS2Z 22 TE 5. Autoencoder D & 512, HIFINTRD
P D A% T T VO EIMHH L7 BEEMHANEZ inlier modeling (IM) & I
X [1). BEH Y ZET L (gaussian mixture model: GMM) X k-nearest neighbor
(k-NN) 12 k24 0 fERH S IM 0—FTH 5.

IM 126 L, DCASE 2020 TIE RN RO E LSO 7 — 2 2 LR R 2 o
ZRAL LTHEHT % OE IC X 2 FIEDBIRESIN TV S [18]. PRI, D 2D
JE D Machine ID IZ2WTHBIZAT 2 56, R UHEREOHRINT R TIE 0 Machine
IDZHEI IR LTI IRAGEEZITOIENTE S, OEITXD, #nldzicst
MEREET AT TR, 27 ABEETVOHWS ZEDAREICE o7z, %
72, OE X IM IZHARBOWHFIMEEEZ RLTED, ZOROFEHIAICKE  HE
L7.

HTEIE, Machine ID 73R ¥ OB R 7 28 LI-pHET A0 HELN S
AR E FICHNERE Z1TS, OFE & IM OES7 71 —F R AIHITE S
TW3 [19,20]. 2D7 Fua—FTlX, 77 AGHEET UM, s fEs
HE TR DXE 2 S, HBZ R 7 2 BEUNCRET 2T, EH R
WO TSI NI DIAALRIGL DB TE 5.

—77, HHETIXOE 2175 722172728 D Machine ID RHNIUET — X035 %
CIXRR & 72, DCASE 2023 DU D First-shot 25 EMAITIX, % Machine Type
WKOE 1L EKRD T =X UPHHATERVEREICKR>TWS., 20D K5 R HERE
WXTLT, ID Tl < M oBE, JEBE © 03 2B & X 7 2 ik [21]
PRREINTWD. Fi, BMOEIRSG R OREERE 2ET 22 X7
e RHBHERTEEET MK DB TE 22) BIERSINTVS. AN THNSHIE) &
27 OB Z NV EED S, B D FEICX2HFELH S 23] kB,
DCASE 2024 128132 1 fiD > A7 u1%, BT L 2 KBS T LD
WA ZEHAL TV [24].



ITETIE, DCASE OEFREMNOMED ED N TWS. fle LT, 75
A7V DT ARG T — 2 2R L THE T 2 0MiAYEIC LR T
L 25 %, BERaAT7HEVY YT NVEAFTINAEZMNMIET 77477 —=
VIR EKBIAT L 6] BETONDG. Fi, BERBELEFREOEVWEHAT 5
BEEX Y 7Y a YEBRIOVWTHRET STV [27].

REEEIC & 2 BESBAEIMNL, kA2 BRPEOEFHOREEGHRAS X7 4
WEAZINTWS. #HilZ1X, DCASE Challenge Task 2 D EHETH 3 HAEFE
s e HATBUERTIX, 2R ZNEEBEIRICB ) 2 EEMBROREZHRA S 2T 4 D
HET-oTWDS [28,29]. ZDMDOMBIETIX, HEZKOMBIE LTEICX 22H
ZITOVRAT LREDHFEHITo> TS [30].

2.3 EEMEIrSOT7TIO—F

PR AERE L, B OFIEIC X D Z OIS RE 28 5 YW S 28811 E
NTW3. 207, FREFEICRS S, NOBIREIZHED < BE SR b
B2 EZHNS.

BlZIE, Ho~br—YEHE T 4 LEZANY 7 ORREETIREE 2 B S RENCH
WS HEPREINT WS [31]. ZOHIETIE, MEXVZAXRZ tar T ATIE
25 eHLUVKEEROMBICERAZEVWTWS., FYY F—YART B
7o L EFHEE Y LTHWAHIZES ST\ [32].

BHHMOESIC X 2 BREERAD I NV 5. HHIMOEE 2 X, AR
BN RORREZBETCKB LIRETH D, HIPLHS &\ o ZfaiEITht
LERZ IR ETADMEREINTWVWS 33]. BRI, X7V Y I7OHEIIHLT, Z
U R A RREHFRE R & OEEFHMIEEZ HW 5 /RS EE S Tw B [34].

HHAHMFERED—HIZ, Pearce 5 ® Timbral models 233 % [35]. Timbral models
1%, Pearce HPRFEL IR E Xy oo — KV A4 bOL—HF -1 > THHTH
5EZONLHEEOTNS [36], S HHEOBEOEZERL TETMELLDDTH
%. SEEOEMIZIIEOE XK (hardness) , BDH =721 (warmth) , HD
REK (reverb) REDH D, KD 5 MEOWMEIZLZNUTOED TH 5.

BNDT—= IR  boominess
7=V, REOIRE LTHIRINSE Z B2V, 20D, (KA
ZEEBLT, LUFOKXTERT 5.

S
Booming index = Bandsum - — (2.1)
t

7272, Bandsum 3 1/3 27 2 —7HBES DT —D&EG, S 3E&wHo 7 v
AR, S1F280 Hz L RDRED Z 7 R A X%Z/R L TW4%. Timbral models T
&, 5 IHYEREEZ W TRER7Z boominess Z3RD TN 5.

8



BDHES &R : brightness

ANHEOHIE T 2E D2 X1E, AR FLEDLDE, SREEEGEICH T 2 5E
BRATIB DR MR H 5. 2D, AT MVED SC, &, RIEOHER
T ERy, ZATFTOXTERT 5.

SCy, = ZkG{Z,OOO to 8,000 Hz} f(k)ym(k)

(2.2)
Zke{zooo to 8,000 Hz} m(k)

m(k
ERy, — Zk€{2,000 to 8,000 Hz} (k) (2:3)

Zke{QO to 8,000 Hz} m(k)
77U, f(k) &k BHOE Y OFEE, mk) 12k BHOL Y ORIEERLTV 3.
SCy, ¥ ERy, B3EIZ, o7 brightness DEEZIRET 5.

BOHRITER  depth

Hr L TORITERIE, 500 Hz LUFOIRIBICHER221F 5. 2D, AR
27 PIVEID SCyp &, IRIBOERT ERy, ZATORTERT 5.

o Zke{zo to 8,000 Hz} f(k)m(k)

SCqp = (2.4)
’ Zke{zo to 8,000 Hz} m(k)
ER. — Zke{QO to 500 Hz} m(k) (2.5)
dp = )
' Zke{m to 8,000 Hz} m(k)

2L, fk) 3 kBEHOE Y OREEE, m(k)3kBFBHOL Y OIRIEZRLTWVS.
HARM 22 XD brightness 2[RI U722, HENRTH 2 FEEGTEI R 5
TW3.

BDH T [ roughness

EDXH X5 LIZHIZ 2K T roughness &, 5 ZMKT 5 2 DDIEK % F
WK S, 50 ms Z & D roughness ZLL FOXTEFRT 5.

Riame = Xo'l : 0-5(Y3'11) -7 (26)

CIT, XIZEEKESOHME, YV IXIEKEES OIRELBE, Z X1EXEES
DIRMEZFNRIC K > TIRES NS EUETDH 5.



BDHE : sharpness

BHOHDEAEBOESZICHAIL T, BOBEHKREL %5, FDETEE1,000Hz,
77 KA AL NIL 60 phon DFEHTIHMER D sharpness % 1 acum & L7258, sharp-
ness L FOXTERZINS.

S =011 24 Bark
Ik N'(z)dz

ZZT, N'(2) EEERAIEER 2 BT B 77 RAREE, g(2) ZEADFHRET
H5.

Timbral models % E2HEMRADOFHEE L L THOVWMERITW L ODFET 5.
# 2.1, Timbral models I Z, ARIDHEFEREEIIR D FEEIC X > TEE 2 M
M3 27END S [37). £7z, Timbral models DIER " BEMOBEOEZ, £
WEOX v 7> a YERIKHHAT 2 HEL I TS [38].

(2.7)

2.4 ESEEERFEEICSZIEETHEA
2.4.1 Ota & Unoki OFZDOEE

FHERHD7 7 —FD 1 212, Ota & Unoki DFiE (LU%, FERZEE FER)
Db 8. TOFIETIE, BHHIMGIEE L MR 2R ME oMl I h 2 56l
HEHEEZHOWTWS. £z, #BBIERIESVM ZHWTW3.

HOREN B ORIEEE £ 211017, HEMMEERIE, Timbral models 12
& FN % boominess, brightness, depth, roughness, sharpness @5 ffETH 5.
FORFR S B E X, IRIESRFT shimmer (amplified shimmer: AS) , #RIE5HRH{E
BNE . (amplified predominant frequency: APF) @2 fHTH H, =HHEHFHbE
e 21%E2#H 5. Shimmer I3FOIRBOLE 2R L, EHOFHIHb
NBIEFETH 5 [39]. AS FEDOHEIIRIEEIKFET 5 2 £ 2512, shimmer %
RIEETHFAL TW5. APF X, BEOESDEHFHZRITIEETHS. I N—%F
=7 AMNEE 2 BICESBEREE 2RO, IRIEETEFAL TWS. JERETIIRERE
HeA /2 bRTREL, HOMEEREEOT RO A/ < P RITHT 2 {6152 E#
RT3, HIZIE, EEREEO L ZH X WS EiZiXroughness, 77— WO H
121& boominess ZH[| D HTTW3.

PERELE, MIMII dataset DIFEE0HEFE L (signal-to-noise ratio: SNR) 6 dB @
T —ZRIZ X5 F EFMICEWT0.920 &mWHEIEREEZ R L TWa. %72, H5]
WBI2REEOEMELZFHMES 2 Z 2T, BFEOHHNICEELREAIZONVWT
DD AIREE 72> TW 5.
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2.4.2 &S

Ota & Unoki DG EIXEOIEE 2 RESEMRANCH WS Z 2 OFIMHEZ /R L7203,
FIZ3ODREND B.

(1) SBEERFBEICSET 3 ETILOE

wlge & LT SVM Ao EHBERHERICK D ET 2 ET LV EHWS Z LT,
HIFIEREDA Lok n s e EZ NS, Efe LT, BESERANZBW TN
WD S autoencoder 72 ¥ DIRBEFEETADREZEZOLNS. LrL, ZTHbHD
EREEEEFTNVIANE LTARYZ a2y 5 Ak EDHEBHIRITTEHDO R Z W —
REREr T 5, GOEERHEREIRTO/NEWT =X TH 57D, REFEE
TNEZDEEMHT 5 Z &3 L.

(2) B SNR ZHICHIT3HFIMEREDET

T TR ROFEI D JE B B 2 k03 T 2 SO RGES & R 570, IE
FEBERDOBREEFEMH S AT LIHMESNR S RN THHEMETHZ Z e RDOLNS.
L2 L, TEREIZSNR 6dB O 7 —X DA TIHMliENTW\Wa. HfMae LT, 7
K% L LT MIMII dataset @ SNR —6 dB OF— X CTaMiiL 7z &%, SNR
6 dB DFEITHEARKE S HREDE R L2, BREREEADOMNEKZITWV, SNR &4
WIRIRIR > R T DR NEER T BB D 5.

(3) Bk LEZDERA

PRI EEN D D 228 »MThhTEY, EF/ BEEEELELFEF LTV,
Hifid vy clk, EHEECEEEMTORNYUEFERETHS. LrL, BE
BOREIHETDH 270, YEHOREFONEIH LW, 207D, EHEEFEOD
ATHEY BT LEEIRDONS. Bl LEHICXIZ AT L%, %
BLTORWRHOBRE S 2T 20803 D 5.

HOREREEICEH LBEIZ LA X 2 REERAIS X7 L OMEICH
b, Ih5 3 DOFEIHIET 2 EHND 5.

11



R 2.1 HOREEREEZ T 5 161E

Fatss4 i
boominess BHDT— 3 VIR
brightness B D% XK

depth 2L ST
roughness HOHX
sharpness B OHE X

PRIE5RF shimmer (AS) B DIRIEDZEH)
IRIGHRFAESE R (APF)  EomEmE OLHE)
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FIE HEEE

R E (ol L 7oA
28 D1ER

3.1 HEMHOHFH

ERIEZEFE EBEEZ2EZEH Mo TED, THEHETD D EE LN 5.
Bhid D FE L2 BEEERINZ, B BEOMEIHEIR 7 e AT N
T&E5.

Ple LT, RIX—%0ZFRORBFAEETNCLL2BEID D EED 70 —%
FHT 5. 23, ¥YHHOERT L AWE2MHAL T, BEBEKEG) zR/IMELT
X2 TX=R0%KDB. 22T, HHEBEBE®W®) ZLLTFD XS ITERT 5.

E(0) = —> {gxlog(y.)} (3.1)

s 1 2EE, 0 PEFEERT. &y ZENLThD7 7 RN T2ETLDOH
JHMETHY, yo+yi=1ThH53. Tz, gx EETNMIANEINZT —X XI5
BIEfREZ -~V (1 £72130) TH5. i, FH L0 %2HIC, BERa7 Ap(X)
ZUTFDOITKRD 3.

Ap(X) = log & (3.2)
Yo

R, IV ICEFER a7 LEEZIERL, MEZER 2558138, £
NLAMEIES & AT 5.

PERTEITFANZNC SVM ZHWTED, ETADRERER a7 TIIRIER 2E
DIRNVEBEZEE T3 oTWS. —F, SVM BUANCY, 75 ZAnkE%
A7 HOBWMFE, REFYEETNVEIBELFETS. Z2D7H, SVM DIStoE
TFNEMS Z T, HHIMRENR EST2REERD 5. HlZI1E, E& — 0
X227 TIECNN 2 ¥ OB EETARMMEHINA TV [1]. LiL, FEEY
ETIVEFANE LTARY v ad 7 2k EDHBHIITTHORKE VT — X 2 HH
¢35, BOBEERNHEEIXC £201E 7 RTORT MLTHD, ARZ barJ L
WHARTTED/NENF —ZTH L. ZD0, BESOHICEW TR #Eb

13



NBZEREFEEETVE, SOMEEREEICIZ2BEEIRANS AT LICHEHAT S
CATEE LW,

MEDZens, AFRETERT—RDIIRERTTT—Z /S DTE
ZETFTNAMEHLE. b O2EEHOETLE LT, £F—XOUHITHWS
N33 EEOBMYEY 2/ 3EEYE T M OWTHRE 21T - 7-.

XGBoost [40]

HNEL T —2F 4 Y IRERICEBETLTH S, FEHF—R2hoPERTER
L, ZOHNZRICHEEZE XD /NSL TP RBEREERTZ. ZoFEE
DR L CTELEBOIRERDH N1 2RI, REINZAEROTHIZITS.

Light GBM [41]

XGBoost A UL, BT —RT 4 Y IRERICEBETINTHS. XGBoost
IR, RERDEDEDID L2 X512 EEINE. 207D, WHEED
ML, KER T — 2 OMEIHE L T\,

TabPFN [42]

Transformer [43] WK T — X ATEEEEET LV TH 5. NRIBLRET —
AUDS Z e TERVS, 2RI T — 27 4 ¥ ZRERICE 2 ET L
% b 3 PERER R T

INHDETFINZHRREDHEANIEE LTSVM oRb b ICHEHL, /ERELF
FEDFNETE L F- 2T WIERE & Lhig U 7-.

3.2 HEmahLES

B H FEOMERETIE, BES T — X7 VOERIMEHTES. L
ML, EROBIGIZBEWTHEMOKEIIFTHD, FHICTHoRBOEEZ DI
HLIEIHELW., 2079, BESEEASTCEE I3 82 LEBCIZ AT
LOMEIDED SNT VS, BIEOEREEFMINCE T 2 DIZ L A LA
LE¥EICE 23D TH%. DCASE Challenge I2BWTdH, Hfifizs LFEE LI
55,

Bz, ERETNAVEHOCTYEHIER B OMEREEREK p(r) ZHE LI5E,
AN T =2 X LU TR TEER a7 2 ERT 5.

Ap(X) = —log p(X|0) (3.3)

14



ZZT, OIFETNADNRTX—Z, logp(X|0) 1337 X=X 052 5NGEI
B2 X OWMBLRELZ RS, BELY Y IUIEY, AOMBLEIC X 38 E 2o
TERELRDZEEZONS.

Hhilid ¥ e R, BXTT—2 %25 e DTELETIVCER L. #
BLEETUVE, UTO4EETH 3.

il
b

K-nearest neighbor (k-ININ)

AT — 2 L, IS HEEDI EHOFE 7 — & (IEH) 22217
5. FHili 7 — X PRETH B IFEFE 7T — 2 L OHEfIHN 2 tEZ 6N 2729,
kHD¥E 7 — & & OFEED PP RARMEZ RER a7 L LTERTE .

Gaussian mixture model (GMM)

FET=ZBmEADa Y R—3 2 P THRS NS EGIERDMITES e L
TETMEL, EFADFHIT — X0 L THIS 2 BEONRLEICHE S WTHE
OB 21T 5.

One-class support vector machine (OC-SVM)

SVM ZAAUERRINISHA L2 EFATH S, H—FIL MU v 712 & b RIZERTI
W L E T —XOMElEEE L, EENo T — 22 BE L HHIT 5.

Deep Support Vector Data Description (Deep SVDD) [44]
OC-SVM 2T LREEEHET NV TH 5. JIZEEOHHIZ=2—F %y b
V—=2%H0T0n5.

HETid H FEHOGE LRI, TOHDETFAZHEREDHRDIEGEE L THAL,
HBMERED L 21T o 72, 72721, TERELIHE Y, EHEEDATHEE L.

3.3 B

FETNOFE LFHICIE, PERIKICHID MIMII dataet [15] 2 M L7z, MIMII
dataset DR E SR 3.1 1IZ/~RF. Fan, Pump, Slider, Valve @ 4 #f# (Machine
Type) IZOWT, ZHFh 4 @A (Machine ID) DI E 7 7 A AR EEN5.
B 7 7 A LOEZIZ10 8, 3> 7Y v ZREERZ 16 kHz TH 3. 72, SNR
6 dB, 0dB, —6dB @ 3 &FICOWT, FhZ2Nk 3.1 L RO TSR X
TW3. BT LD¥E ¥ FHiilE SNR &, Machine Type, Machine ID Z ¥ 1217

15



W, 1EEOETNICOE 48 FEfH (3 DD SNR £ X 4 B X 4 @K) 02y
BAETNLVEER L. ERELREBEE 7 7AVDOE T E2¥HE T -4, %3 E
ZiMEi T —2 2 LTI XL EIL, 5 BlO5E 2 ¢ OFHEED -5 % &E&H
REHEEE L TR L. 2L, Bl LEBR 272581, P87 —XI2H
TN EEEIMFEHE IR 2T 7.

% Machine Type I8 % HOEERNHEOIEEOMAGHOEZ X 32 7RT. 15
EOHAEOBIEMERKELFAREDODDTH 3. RKIRIEEEE, KWE 7 > A
NEBEHO 7L —LREL, 87— A THEEBLAZEOEEZHEHL-. 58
FHMEHEED 7 L — AF13 1,024 ms, 7L —A3 7 MiE512ms £ L7z, AS ¥ APF
DI L —LRIZFNZFN256ms ¥ 128 ms, 7L —A> 7 MIZFNFN128 ms &
64 ms & L7z

GMM DT X=X m IE10ICKE L2, k-NN DT XA =R EIX1ICEREL,
7 — X B OERHI~ T 2 CRAEHCHAH L. Deep SVDD DNy FH A &
512, TRy ZEIT 200 ICEE L7z, F72, SVM OEE X a 7 13EeREIcHID, £
FUBHIUEZ0 21 DITRLDEE L.

AMEFEAEICIE, ECRETHASALF HE, EEEHRATRCERZ S
area under the receiver operating characteristic (ROC) curve (AUC) ZfEH L
7z. AUC 13 ROC Hii#fo MHMETH 2. ROC iy, BERX a7 OplEz %
LB 7GEOEBER EBIGERDZLERT [45]). EEMERIIEEY T
OHF»SETANEE LA LYY ILoEGERT. BBERIZERY >
LOHIHRSETUNEE LHFI L > TLoElEZ2 RS, AUC I TFORTE
#3310

N_ Ny

D2 H(A(XT) = Ag(X)), (3.4)

i=1 i=j

1

A_ pr—
UC = v

7272L, N_& N, ZZzhehibHs, BEY Y IO, X, & Xj TZFNFRNIE
W, BEY Y IVERT. B H () Xa > 0DHEIC], 2R DEEIX0 2 H
T 3. AUC OFFIZ 0% 205 100% £TTH D, EIKEL 51T HHIMRE
MR, 50% WZEWIEEHEREDS V. FEIIEEHE (precision) & HEHE (recall)
DFFIEgTH Y, UTONXTERINS.

2 - Precision - Recall

F- = 3.5
fueasure Precision + Recall (3.5)

7272 L, Precision [ZETADEE LHHIL Y INCEENS, EEOEEY
INDEIEHERT. Recal ZEGHRLFAFRTHS. FIEIZAUC 82D, &
HichHzh BEZ2a7OBIEEZRD 208N 5. ZD7=H, ROC BiffizEWT
HEGHER  BGHEROEDRD R WEFTZEMEE UTEHRHA L. FEIZ0 225
1 FTOHBETHD, 1 ISEWIEEHFIEREERE W 2R

16



£ 3.1: MIMII dataset DFERK

Machine Type Machine ID I1EFEH HESEK

00 1011 407
02 1016 359

Fan
04 1033 348
06 1015 361
00 1006 143
02 1005 111

Pump
04 702 100
06 1036 102
00 1068 356

Slider 02 1068 267
04 534 178
06 534 89
00 991 119
2

Valve 0 708 120
04 1000 120
06 992 120

17



% 3.2: % Machine Type DR HEEHANMEM 3 2 & CREREE OTE1E

Fan Pump Slider Valve

boominess Vv v - v
brightness v/ v v v
depth v - v v
roughness v/ v v v
sharpness v v v v
AS v v v v
APF v v v v

18



3.4 HEER

MIMII dataset (SNR 6 dB) 12X - T F {HiHli 21T - =452 £ 3.3 101”77, &
Machine Type @O FHffiiflZ, Machine Type I8 F 415 4 Machine ID D FHfifE D
G ERLTWA. SVM OFHIEEILSCHR [8] 22551 L7z, Zilid h #H05E,
AT LT MEERINC SVM 2@ 2 2B IMERER R L TEB D, 7EREE EFl-
TW3%. RFZ TabPFN (3 28T SVM OFHMEEZ 8 2, SO0 F EIX
SVM # 0.042 E[F1% 0.962 7> TW\W3. #HifiZe LEEOLE, ABELEET L
1E SVM 2 Dl » D 22BN L2 T VOMEREICIE ATV, Z
3, BEEEFEHICHEHATERVEEICLZ DL LEZONS. GMM D2k
DD F fEIZ0.886 TH D, AL LFEEDETNLOHTIEERD EWHIBIE
HEZRLTW3.,

% 3.412, MIMII dataset D2 SNR D7 —XI2HIF 5 AUC iz <3, 2
fid D FR 2T 72T, Bz UFEHDOE T MZHEAREWAUC Z/R LT
W3, £/, IRTOEFAIIBWVT, SNR O RIEEWHIBIEREDME R LT
%. —J7, TabPFN i EF MR, FRTD SNR 55T M8 0 2l E D
SEERB R b EW. 72, SNR —6 dB 1IZBWT, TabPFN (3M— 2T 0% %
B2 BEHHEZ R L TW5., iz LFEHDOET MZOWTIE, F EFfOS
& L FIRRIC GMM B ERHIICR b EWEEEZ R LTV 3.

UEDHRN? S, KT —ZDXIBRRITTO/NINWT =X %25 Z L HAJRERE
FOD, HEEBEMEIC LA AT LADOMAEY LTAEME tbhot. BT,
Al D E € 7L TIE TabPEN, #ifiZz LFE €7 LTl GMM 28 BUWRE
IRUT728, ZO2EOETVESE4, 5, 6 EOEBRICBIF2iHlese LT#
3%, —Fh, 34256002 K512, SNR OEFIHEWNE T ILORBEICK S
FHIBIREDME R § 2 AN A SN2, THUIBRBERE S A E O ED ER
S BEE OB E L e PRREZ e EZ oS, REREE IS 2 Mk
R, RETHREZ1TS.
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¢ 3.3: MIMII dataset (SNR 6 dB) 1283 &ETILD F {HH

Fan  Pump Slider Valve | Avg.

HEiHD  SVM[8] | 0985 0.959 0.937 0.798 | 0.920
XGBoost | 0.979 0.968 0.950 0.873 | 0.943
LightGBM | 0.984 0.975 0.949 0.879 | 0.947
TabPFN | 0.994 0984 0.964 0.908 | 0.962

ES(TIVARD k-NN 0.956 0.913 0.864 0.751 | 0.871
GMM 0.970 0.916 0.882 0.777 | 0.886

OC-SVM | 0.875 0.738 0.827 0.542 | 0.746

Deep SVDD | 0.904 0.848 0.837 0.645 | 0.809

20



7 3.4: MIMII dataset D4 SNR SFFIZBITF 2 KET LD AUC (%] 7

| SNR 6 dB |

Fan  Pump Slider Valve | Avg.
i b SVM 99.04 9875 95.29 86.29 | 94.84
XGBoost | 99.74 99.92  99.05 98.02 | 99.18

LightGBM | 99.80 99.92 99.41 97.57 | 99.18

TabPFN 99.99 9999 99.64 98.77 | 99.60

Hhnz L k-NN 99.43 9728 95.15 94.01 | 96.47
GMM 99.79 99.13 96.34 94.59 | 97.46

OC-SVM | 96.71 93.22 93.31 83.04 | 91.57

Deep SVDD | 95.85 93.25 92.75 88.20 | 92.51

SNR 0 dB

Fan  Pump Slider Valve | Avg.
ESGITESR) SVM 91.98 86.70 89.35 81.25 | 87.32
XGBoost | 97.74 96.63 96.67 93.32 | 96.09
LightGBM | 97.87 96.76 96.45 93.88 | 96.24

TabPFN | 99.57 9850 98.09 96.62 | 98.19

M7z U k-NN 94.85 93.56 91.56 89.17 | 92.29
GMM 97.27 94.22 91.80 90.45 | 93.43

OC-SVM | 85.57 86.67 8824 77.67 | 84.54

Deep SVDD | 87.27 8545 86.90 83.95 | 85.89

SNR —6 dB

Fan  Pump Slider Valve | Avg.
Al b SVM 65.01 7552 79.61 75.50 | 73.91
XGBoost | 86.75 87.89 90.72 89.13 | 88.62
LightGBM | 87.34 86.96 91.26 89.16 | 88.68

TabPFN | 92.93 9245 93.78 93.57 | 93.18

M7z L k-NN 81.65 83.65 83.35 81.83 | 82.62
GMM 86.44 84.18 8281 85.31 | 84.69

OC-SVM | 64.78 77.73 7444 71.85 | 72.19

Deep SVDD | 74.33 78.60 81.58 76.18 | 77.67
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FAE 1EESNR ZHETICEWTH
BEY AFHIEHHE

4.1 BESHHICHEIIZIBERS

THANTEESFHINROEME 285 3 255, EFTHE L w2 HEHE
HRIFFICIGRE NG, ChDPRERES 2D, 858 I E D SNR ORI
DOKDBD. ZDiz, BREHEHRANCB T 2BREEE ORREICOWTHIFEIED
LRTW5. Bz, IFEETYIRTFORICE DERE» O EoAZHIE T 2
Jik [46) o, REFEIC X 2 BIRDBECE S S IR A7) R EPIREIN TV
L2L, WINDHEDREREDADIRE, T3S DADERE DNET
HY, BEREICE > UXEHTE20.

AW TIE, HEERET T MK DL 7285 2 & 2 BB W T o
H1To 7205, HIBIMERERRERNICHRTE RT3 2 e bbb oz, 20708, B
ERELS D7 o —F 2T ARERD 3. RERSHREOMEICTOVWTIX
1% A TdR 3.

4.2 FEEEFHEOCRRINZL

X 4.112, MIMII dataset DFEIE DRI R VAT b ar T A%/RF. Fan &
EERBETHY, 1 270y TNTHIEMELREL TS, —7, Valve I3Mii
FNHERE DI RELTEBD, IEEETHS. £D7D, I“"f“‘%" DAFEL TS
EMOFAET S, ERETIIEME 2 ) vy TRE- T L —2120E L, 7L —24
T IHOHERBEOENEZIToTWS. LI L, IFEERERE OHE, o
M7 —bRICE > TIEREREEDAD 7 L — LADNFET 2 8EHEDLNH 5.

IS DREBT O A% BEEMANCHER T 2451k LT, Wang H5242R L
7z spectrogram frames selection (SFS) 23® % [48]. SFS (I X L AXRT 1
77 LR LTED, HoR0E BICIEEE B O R ARG & & TR 7
L —LADAERT S, Wang HI1ESFS Ik W BEIRX =7 L —20AH BN HH
T520T, IFERGTOHRIMRENIRETZ2 I 2WMELTVWS. 20k, 5
FERMEEICOVWT S, IS OFEREFT DAL & DML ERZ e EZ o 5.
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X 4.212, Valve DXV ZARY b 7o AL HEEEREEORRIZELD
Bl K5 2B XM E SEME D REL T3, AS OEIFHEME O
ARG CTELRoTWS., £72, SQM O—EEZED AS Y [A U < #ME o4
WEWE L L TED, 2L B e B R0 S aBEFHMEr R L TW5
CHERIX NS, Lo T, IEEHETIXAS DENE L 725 7 L — LKW
MEFNTED, FHTAS L HEX D 2 Z (b e T 2HEENEELEZ NS,

23



8192 +0 dB
-10 dB
4096
20 dB
N
L 2048 -30 dB
o)
c -40 dB
g
5 1024 50 dB
L
60 dB
512 4
70 dB
0 -80 dB
Time (s)
(@) Fan
8192 +0 dB
-10 dB
4096
20 dB
N
L 2048 -30 dB
o
c -40 dB
g
5 1024 50 dB
L
60 dB
5124
70 dB
0 -80 dB
Time (s)
(b) Valve

4.1: MIMII dataset (SNR 6 dB) IZ& EFNIHEME OB ANLZARY v a5
2 @ (a) Fan OIEHE, (b) Valve DIEHH
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(a) Log-mel Spectrogram

™
X
=
(]
=
]
S
o
i
b) SQM and APF
% 751 1‘ U —— SOM: boominess
™ -20 2 .
g g SQM: brightness
= %7 - Lo i — SQu: depth
g 75 4 i o e e -—'--\Ir -Uru- I & —— S0M: roughness
T T —— SQM: sharpness
0 2 4 ﬁ a8 10 APF
Time (s)
(c) AS
2% 0.015 1
[15]
=
0 0.010
g
0.005 4 | : | |
0 2 4 6 8 10
Time (s)

4.2: Valve 2B 2 HOEERHE DR RINZ © (a) HEANLART bl
Z L, (b) SQM & APF ORFRIIZAL, (c) AS DRRIIZAL
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4.3 BERFHEOERLIE

IEEE LS 12 B R ERIINE Y LT, S BN %175 Timbral
frame selection (TFS) ZiER7T 3.

HohrUo, HHNEEHO LEACEERERET -2 D = (XD, 0&IE
HEY T XD 1zonT, AS t 2h b M EHoEtiElE (TRF) O N 7

L— 2675 5RHF -2 ASY = (AP, AQ) £ TRFY) = (1), T y)
(m=1,...,M)Z2#HHT2. 2LT, XU ZroAS £ zoft M HOISER O v

7V/@ﬁ“@@%ﬁﬁ?@nﬂwuwﬂt,éEﬁ%%V7W®HQ®$Qm1
ZU RO TEEAET 5.

O _ 0
O Nznﬂ — AO)(Twin ﬂ” (4.1)

§ \/N n 1 A(l A(l \/ Zn 1 m )2
P = Zrﬁf} (4.2)
=1

L, AV e T, AS”ZTRF DOn7L—LBDOMETHE. %7, A

v Tk, zhzein AS® ¥ TRFY DT L — ADEDTLIETD 3. f41z
X421k, FEHEEE T —XDIHLTMEDr, BKES. 7, OHEIFAIX
—1<7,<1Thh, mEEHOHOIEEL ASICHENH 255, -1 F723112
EVMEY 72 5.

TFS DANNE, o LY oLz AS & M EOEBIEEDO N 71— A
DRERINT— & AS' = (A,..., Ay), TRF, = (T,,,....,Th ) (m=1,....M)
&, HBEREr, (m=1,... M) TdH5. 7272L, Y & D &[F—®d Machine Type,
Machine ID TH b, Ea/ LFIERID RV, AT L, IR TERINS

7L —LGERZITS.

I, = argtop-k A (4.3)
nel,2,...,.N
g2 Tns i [Fm] > p,
m-th timbral feature = i€l (4.4)
T/ otherwise

7=z L, argtoka Bk 1o JETEIEERGE, X, PmAEL%5 b

J€L2,..,

ukM®4/r/7xj® BriRTEBTH L. £/, T, I3 TRF,, OET7 L —
LDVEHETDH 5. mﬂ#%Lp%Lﬁé%m,Ydﬁﬁﬁ%f%mf%mﬂm
T2 TRF,, & AS' = (A},..., Ay) OMCHRWEHBELH 2 e EZ N5, %
Dz, A DEKEEEEO 7L —LFLA YTy 2 22/ EHD 7L —
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AT DATHIEZFRET 2. |5, HBMEp 2 FEIZ2HFRIIE 7 L — 2%
T5. ¥z, ASIZOWVWTIE, |7 >p &R 25EED 1 DU LD 256, A Ok
KEEM KD 7 L —2DATFEL, ZRLNOGEEZET7 L —2 52T 5.
TFS 12k D, MEDOHCIEEYL AS 2NA =M+ 1EHOR A7 —(EXZEIGL, &
R ERMEE © U CGRAIERD AR T 5.

4.4 RERSZH

PERIE DR HES & 38 DRI TFS 2@ U, AT & 8% o R EhE
DI Z T o 7=, #AlgsIciX, TabPFN ¥ GMM % L7-. TabPFN 3% b
D, GMM 3#fNae LEE %217 o 72, 8 L i id MIMII dataset % fEH
L7z, 2FEFIEZ33HEFEETH 2. FHETEZEICIE AUC Z2#H L 7.

HOHEREIEEOMEBICBWT, IRTOFEETTIL—LER 256 ms, 7
L—AY 7 b & 128 ms ICRE LTz, ZD7=, TFSIZBITZ 7L — L8N X277
Lotz Fiz, BMEpIX0.9 ICEE L. argtop-k X; IZBI1T 5 kX5 ITREL

je12,...J

7z. Machine Type Z & IZEH T 2 HEEENHEOIEEOMAGDLEIZE 3.2 &
FEDDDEMHA LY. 2D/, Fan & Valve IZBWT M =6, Pump & Slider
WBWTM=5tkol.

4.5 HEHER

5 4.1 13 MIMII dataset D %% Machine Type, Machine ID {I2BWT, TFS 235
HENn-E5E8HEEELRL7ZdDTHS. Slider & Valve D—EFID T brightness &
sharpness DEREINTED, TFS BIFEHE TH 5 Slider & Valve Zilkil| T =
TWaeEZHN5.

72 4.212 MIMII dataset 31} % AUC #Hifiz7R3. GMM, TabPFN O ¥'% 51
DOWTH, TFS ZEA T % Z & T Slider % Valve ¥\ o 72IEEH & O FINERED
&L TW5A. Slider & Valve Tld#E 4.1 TRLUZED TFS ITX % 7 L — 2GER
PITbNTWB 720, IEEHETIEAS LHBZEFHOEENEE OH PN K =L
BbseEZoN3. £z, TFS OFEHICE D, TFS Ki#EHDOHEITHEANIEEH
HD SNR DK TIZES HIBIEREDIK R Z 5T Wb ZeBbnd. Z2D7:
», TFS XK SNR & N CRUCHREREMIR D H 2 EZ HNb. —F, Fan &
Pump TIX TR TOIEETE 7 L — 2 DFEEIFRH I W27, TFS OFHIC
X 2 FHE D Z(IE R S s dr - 7=

MEozZe»s, EL-EHOREOERLEETH % TFS 23, SNR &£HD
BEWIEOIIEEFREOREFEERIMENTH S Z e Bbhr o7,
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% 4.1: 4% Machine Type, Machine ID IZBWT TFS 12 & % 7 L — LERDTH
T HEHE

Fan Pump
00 02 04 06 00 02 04 06
boominess - - - - - - - -
brightness - - - - - - - -
depth - - - - - o
roughness - - - - - - - -
sharpness - - - - - - - -
APF - - - oo
Slider Valve
00 02 04 06 00 02 04 06
boominess - - - - - - - -
brightness - - v v v Vv v Y
depth - - - - - o
roughness - - - - - - - -
sharpness - - Vv Vv Vv Vv v VY
APF .
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AFl

7 4.2: MIMII dataset 1281} % TFS Z#H L7255 D&KET LD AUC [%)
SNR 6 dB
Fan Pump Slider Valve | Avg.
HEmH Y TabPFN 99.98 100.00 98.29 97.50 | 98.94
TabPFN (TFS) | 99.98 100.00 99.71 98.95 | 99.66
Hm7s L GMM 99.59 98.84 93.68 91.47 | 95.89
GMM (TFS) | 99.59 98.84 94.87 94.85 | 97.04
SNR 0 dB
Fan Pump Slider Valve | Avg.
HEMdH D TabPFN 99.63 98.09 94.97 93.37 | 96.52
TabPFN (TFS) | 99.63 98.09 99.26 96.95 | 98.48
HEmz L GMM 097.12 94.44 89.05 85.55 | 91.54
GMM (TFS) |97.12 94.44 91.46 92.56 | 93.89
SNR —6 dB
Fan Pump Slider Valve | Avg.
M D TabPFN 93.54 92.13 91.72 91.63 | 92.25
TabPFN (TFS) | 93.54 92.13 98.13 94.41 | 94.55
M7 L GMM 87.08 85.71 83.14 81.24 | 84.29
GMM (TFS) |87.08 85.71 89.15 87.44 | 87.35
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F58 HELBLFEHICLDIEEE
=l

5.1 BURBRST—¥=EALLERSRA

PERETCIXIER  BEE2MAMHHLUEMD D ¥FE E2ToT0n5b. —F, R
WEBRAICBWTEREEELZYE T2 Z L I3HENTIERY. L, B
FHOBEE S T — X 2ERATRETH UL, Bl LEE L2 L7252 T
IEE/ BEO (A X2 HETOI N TE S, KETIE, OE DEX
PHICLUBOEE ST — X OERICOWTHET 2. 2 EChHHLLL B
D, OE XX 375 2R087 7 —F i3 v s e xEoHaltke 2 ~d. 2
DD, SEEEAEEICIZSATAICBWTS OE BAMEeEZ6N 5.

DCASE 2021 T, MobileNetV2 [49] ZH\W\/z OE IZ X 3 /ENR—RF 4 &~
ELTHEHZIATOYS [11]. FEEIIIHBEA VAR ba s T apfER ST
%, R—=ZAF7 A4 ZBWT, filZ1E Fan ID00 D358 %17 5354, Fan ID02, 04, 06
DIEHEEZBUNREE 7 2 2 LTHEHLTWS. MobileNetV2 1%, AJ1Xh7
Fan DIEHEDID (4 75 R) B0 T 2 L5185 5. ZORKE, MobileNetV2
WBEEEZZE L TWRW2D, Fan ID00 OEEZFIIN U TIEEICID 25T 3
CrRTERVWEEZILNS. 2D, EFTALOHNERICEE R a7 B2 IE
TEHIENTES.

OE \ZBIT 2 EIEFH 7 — 212X, FHDREMOIEF & L, 20138k
DITERVT—=XDE LTV [11]. 7= L TV 255135 2R0¥H
DEELSRD, 7—225ER D 52550 FE M EE IR RS, £
D=, L5 6DGEEDIEEEOHRNCHEN E 2 @B smnEEcxmn. B
EZEE 2, HANZ Machine ID O ZITS DTIERL, ETVOFEHICHT 5
WROIREE T — X2 ER U CTEEIHHT 2 2 e 2HET L.

AR TIE, HUEESOEAEERMED T — 200 meHEL, #HELL
DAL HH T 7T 52 e TRURESOEOEERHET — X DERT 5.
BEG DML, HIHIRER D EEE LN O A B E O MmiceEZ 52
EMTE S [50]. D7, B4 Machine Type ORI E ZHEH L, HIHIT 5%
MOEFEE L BEUELZRERD T ERVEREOMEHET 5.
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5.2 BUEBEST—XDER

R REE T — X O HHEEICHH T 2 M E X, HADIREMOIEEE 2 D
DAADAEHITND DEFHT 2. FHHS, S 7 7 ADEEOZLIGERX Nk 4
RS T — 2y NERAET 3. £/, MBI SRS o E R EREE
BEEN T2, 273, HHINSRER Y 2ot IEF & @RERHHE DY
Bun, p i=1,....8)B5ET 2. I, uy & ZOM SHERED u; & D L2 Bk
PHET 3. BB, &b L2 N D p &GS S, BOUEE
ARHEEEESME Y L GERT 3. ZORSERX A= j RO E S G RE
gy, HildRolEo EEEaEiNEEr b0 80E8AZHWT
BREZ T — ZXDEREITS. "5 X—& jOFEITED, HBIXTREM O FH
HCRMEICER I BEE T -2 DERENISCZENTE .

D OHEEIIE, GMM 2T 5. #EFIEZK 5.1 12R"3. GMM ZHWT
HE LN & ADHEREERBZ ZNZN fa(r) & fr(r) 2T 5. AKIEN D
EENTEBY, ADHDHEIN ZWO L X S R0MICKE. 207D, ADPBN
EBROWOMD, BEZEODMHIEEZONS. 1272, BEEOREEREK
HIRDHEEIZNEETH 2720, falz) oYY TNZEERL, fa(Z) > kfv(Z)
EMiTIHACZ B RUEEE T — R LTHRHAT . X9 X—XLOREE T
BT, XOIEEHGODHIONANTZZDARHAINSE X511k E. ZD=9D,
NRIRX=REZWMYNIERET 52T, HHTREMOIEE S UL 3525
PEEE T —XDEREHS e TE 3.

D EDOFIHIZED, BRESOECEENHMELTRLINCERL, FEEET—
&y R IC AR R B .
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5.3 HEREM

T—Xty MIEENZERET L, ER LIRS SEEENEEZ AL
T TabPFN O%EE 21TV, IERBFOATYE SN GMM & OHHIERE % Hig
U7z, 8 % 721352 iZ DCASE 2020 Task 2 development dataset [10] % f&
i L7-. DCASE 2020 Task 2 development dataset \ZZffiZz L H I X 2 BEE
MHHDO T —&ty v THDH, MIMII dataset 25 Fan, Pump, Slider, Valve,
ToyADMOS %> & ToyCar, ToyConveyor D& &t 6 D Machine Type 233 £415.
%72, £ Machine Type Z ¥1Z3 £7213 4 8D Machine ID 2RI NT V5. ¥
BFHT =2 efHiH T —&2DDorUdnHlchTtns. ZHHT—XITIXIER
BOAGENS. ETNLD¥EIEE Machine ID Z 21217V, GMM OEFIZIEE
ID DFRTOIEFH, TabPFN O¥EEIIE D OIEFEE 512y, AR LE
WET—X 512 e L. FHilifeEcid AUC 2fEH L 7.

HEEREERFEOMEFIRCE VT, IXRTOIEFETT L — LK% 256 ms,
TL—LT7 Mo 128 ms KHRE LTz, ZD7®, Machine Type Z & IMFEHT %
HOEENFEEOEEOMAG DR 3.2 L FEED D DEMH L. ToyCar &
ToyConveyor 2B L TlX, boominess, depth, roughness, sharpness, AS, APF
D6 FEEREH L. BUREE T — 2 OAERITEWT, DCASE2020 Task 2
development dataset (& 24D Machine ID OEEID23 THE728, S 231
REL. T2, j=2, k=1 CREL.

5.4 RERER

3% 5.1 1CFHi %2 ~R3. TabPFN (ID classification) &, DCASE 2021 T X 7=
MovileNetV2 12 kK 2 RX—2 7 4 » O &> & OEEREE, Fhlds% TabPFN
WEEXHZ/ZHDTHS. ID classification &, GMM 2R T Valve % Ff < #
HCHRIMREMETLTWS. 207D, HEFEEIZE S OE 2B\ Tz
Machine ID 771X, HOREERHEICHES R WAJRENED D 5.

—77, GMM = ID classification & HL#EL T, HLUEEE T — 2 2¥E L2
TabPFN (ZEmWHAIEREZ R L C0 3. UREE T — 2 0ERIcHEHI LY
F2ARMFELIE 3, #HlZ1E Fan ID00 Tl Slider ID00 & Slider ID02, Pump
ID00 Tl& Pump ID02 & Valve ID02 23R XN TV, ZTD K H1Z, [FA—D Ma-
chine Type @27 7 RIZPREHET, H4 7% Machine Type, Machine ID O 7 —X %
FHIHRUAEE S T — X 2R L2 e TP ELZEEZ NS, DLEXD,
HELLEEEIMI OER U BRUERE S 7T — 42, SBENHMEIC L 2H
fli7e LB ICEMIE e bh o7z,
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Kol RUERFEET — X E2FE L1550 AUC [%] #FH

‘ Fan Pump Slider Valve ToyCar ToyConveyor‘ Avg.

GMM 83.58 79.63 75.88 76.55  69.90 55.41 73.50
TabPFN (ID classification) | 79.88 72.37 75.25 77.86 65.35 54.36 68.58
TabPFN (pseudo-anomaly) | 86.24 80.33 78.65 83.65 70.33 54.07 75.55
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FOE REVATLORAFHEE
Z5

6.1 RBEATLOHEE

PEREDFR I NI L, 553 JCIies, &4 20T, B =
TREHIR LEFIZOWTRIMEDEH 21T 2. ZNENOMEI ZHE 2, T
RTOFPIERHAAATIRRI AT LADEE 70 —%2K 6.1 1”7, %7, 2%
TR eAREWE T -2 2HEL, ZhzhBEafsiEomt e TFS 2175.
Xz, TFS 2o HalERHED >, BURESE 7 —2ERFICLD
RO R SOEENEEZAERT 5. ®miRIC, FET7T X eRUEFEEOE M
HHE RS THEE T 5. AETIE, BRI AT L07HliE RIKELE(TS.

6.2 SEERSY

REY X7 L DiRIEICIE, TERIETHEHINL SVM IMZ, H3 ETEV
HRIMEREZ R L7z GMM & TabPFN 2 L7z, 727201, GMM IZIZHHEIER
BT —R3ELT, EREDOATHEE Z1To7. #HfliiciZ DCASE 2020 Task 2
development dataset ZfEH L7z. #AllAROFEIIEID Z&i1ZiTo72. SVM O
FI2IEID OIEFEICMZ, EHRE L FAROBMAETEE T -2 2L LU THEHL
72. TabPFN D23 FK ID OIEHE&E 512l e, AL U ERE S T — & 512
iz AL 7.

F o EEEOMEFIECBE N T, IXNTOEETT L — LK% 256 ms,
T —24Y7 % 128 ms IZEGE L7z, Machine Type Z & I3 % & (B HR:
HEROIEOHASORIIE S EOEBREFRICL DM L. 58, TFS, #
PIREE T — X ERHDZE T X =R, IRTES, 4, 5 BEOEBRELFELDHD
PEAL7-.

FHMFERRICIZ AUC Z2fEH L 7.
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6.3 HEER

RES R T L OFHADFERZ K 6.1127RT. AE 1 DCASE 2020 TfEH X117z
autoencoder IZEX 2 R—=X74 Y THYH, FHEIINBANVARSZ ba s L TH
%. AE OFHfiELESCHR [10] 2> 55H L7z, 4% Machine Type OFHffifEl, Machine
Type \Z& F 1542 Machine ID OFHE{EDFEEEZRLTW5.

GMM, SVM, TabPFN O3FXRTIZBWT, TFS OHIC I D IEEH ST TH 3
Slider, Valve O¥|FIMEREDSA ELTW3. SVM & TabPFN TiZ Pump DH|AH]
PERED Lo TV 3D, ZAUIBCIRE LKA T — &I TFS sz L
T, AR LR EE T —ZPZ L7222 i2L2bDTHD. Tz, HLUEE
F— R BRI THEENM EL TV, & EWERERZRLTZS AT A,
TabPFN IZ TFS Z@EH L, BUEFEE T —2Z2FE LD THD, KT Fan &
Valve ICBWTAE IZX 2 R—2 54 V%K 20% LB 2HFIEREERLTWS.

4 6.21F, Valve ID04 OEEEIHEKHHED UMAP [51]1k 2701, SVM &
TabPFN 2D ¥ THERERa7Z/R LD TH 5. TabPFN IZ AN SVM
Z ER2HEERRLTCWS., £/, TFS OB X Y IER " BHED9H DT HEE
BENR-TED, 2Vt d M EL Twa.

6.4 EE

WA ECOWTIIPERETHEA X /2 SVM TldZ <, GMM = TabPFN % fifi
52z TR LELE. 2070, SOBEERMEICIE, RT—ZDLD
RARRTTT — X Z LRI RERETADREMIZ e EZ 6N 5. TFS IZOWVWTIEET
NDFEFZ D20 53 Slider, Valve DMRED M LIZFH S Lz, TFS Z#H3 5 Z
T, K62 (c), (f) &I ICHEOHERMEBANRDIER " EEDOTBEEN -
TW3rEZOLNS. MlEXD, IEEEZF BT, EHEOFREREFD S FHEE
PHHT 2B TH o7z, 72720, TFS BEFZIIFE LW, 5
BRIFEH EHORHIMHIEOME I LEL e EZ NG, Tz, BUEFE T —
ZDFENT XD, ID B HAHBIERED A E L7z, SVM T, Pump IZBW
THRUEFEE T — X0 EICL ORI REE R LZ2d 00, 2R FHiiE
DN ID EICHARBE E L. 20720, EZEHICHELEZEESE T — X 24T
XizeEZ2O6NS. DLEXD, R THE RIT o 72 3 DDRIES, &
FREEICEH L8072 LSS I X 2 BESERANCZEREREITHZ Z
DHER S L7z,

7z, BB R T LD AE ZHOWA—RNLREEYEiEZ L2 2 dbdro
7z. FFZ TabPFN, TFS, PA Z#EMHA L7z 27 41%, MIMII © 4 &35 TT
AE Z E[A[oTW3., 207, FFEDKEEIZBOWTIINBEANVARSZ ha s F L
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D & 5 MR R E IR, BEERHES AN TDH 2 g RIZ X L
7=. —77, ToyCar ¥ ToyConveyor {ZHBWT, 8RR AT LIE AE ITHARKE L
HHEDME R L7, JRIA Y LT, ToyADMOS OfEIC B W T OBEHERME Y LT
AR U485 L TV AR WATREEDE 2 S 5. TERIEICEBWT, Ota & Unoki
& MIMIT O 4 #EFEICDOWTH /< bREFHOWIFEEOEREZIT-oTED, K%
THECIEEOMAGDLEEZMHHL TWA. —J7, Ota & Unoki i& ToyADMOS
WOWTIERE L TWARW. 207280, RIFFETIINERE & [k DFIET ToyCar
¢ ToyConveyor DIGHEDFEIRZIT - 7203, MENIEZN LD DTH L. Bk &
WS % B OBEENMERIEOBEREZITS 2 b, HAlMREIcKREREELE X
LEZONS.
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% 6.1: BR> 272D AUC %]

M. 772U, TFS & Timbral frames selection,

PA IIRLRE ST — X DEEHOAEKEZTRT. AE ORHEIINHEX LA + o
77N TH5B. PADBX OFE, DCASE 2021 [11] DRX—R F7 4 ¥ Z2HIZID 7

ZiToTW\W5.

TFS PA ‘ Model H Fan  Pump Slider Valve ToyCar ToyConveyor ‘ Avg.
- - | AE (baseline) [10] || 65.83 72.80 84.76 66.28  78.77 72.53 73.51
X - GMM 83.58 79.63 75.88 76.55  69.90 55.41 73.50
v - 83.58 79.63 82.06 83.96 69.90 55.41 75.76
X X 64.34 70.61 7231 67.97 61.81 53.16 62.82
X v SVM 64.46 74.34 66.64 68.75  62.77 53.90 65.14
v Y 64.46 7841 7777 84.27  62.77 53.90 70.26
X X 79.88 72.38 7525 77.86 65.35 54.36 68.58
X v TabPFN 86.24 80.33 78.65 83.65 70.33 54.07 75.55
v v 86.24 82.67 86.00 86.45 70.33 54.07 77.63
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dim 2

dim 2

dlm 2

10

[e]

10

g, @ normal

6

SVM

. ncrmal

anomaly I!
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(a) ID classification
AUC: 66.04%
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e €
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dim 1

(b) pseudo-anomaly
AUC: 58.67%

Lo ’Ha‘ég’
e

dlm 1

(c) pseudo-anomaly + TFS
AUC: 80.75%

FS o
Anomaly Score

[N
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o N FS
Anomaly Score

I
)

dim 2

dim 2

10

o]

10

g, @ normal

TabPFN

. normal

anomaly !&

¥
v

(d) ID classification
AUC: 72.54%

12

@ normal '
A anomM

dim 1

(e) pseudo-anomaly
AUC: 76.23%

A anomaly

dim 1

(f) pseudo-anomaly + TFS
AUC: 89.20%

X 6.2: UMAP [51] 12 & % Valve ID04 O H B #ERHE D O,

PP TINMCE DY CI-RERa7. ho—<y THEERa7E2RT.
L, (a), (b), (c) & SVM,
7z, (a) & ( )biI[)/\*E
PUREE T

(b)
— &0

¥ (e) XL
FHE e TFS Z#EH L7258
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BTE fEm

7.1 AEHXICHITBHER

AL TIE, BHEBEERHEEICEH U2 LR E W X 2 BE SR>
AT LD To7. AT LDEEICHD, @hlds, FEEmML, 2k
USRI B 2 I § 2 A2 EA L 7-.

AlgRIciX, SOEERMED XS REXTT -2 W TZ 27 L 2HV5
Z e OHREDA B U7, EEERHIC oW TR, IEEE RS B VT, S
DFRAERMTZ EL 7 L — L DHER L TREHHZITS e AWM bho .
¥7, BOUEFES T XIS X2HEILR LA EICXD, EREOAICK %Y
DAJEEIZIR o7z, T 6 3 DDRIREZHAIAATZIRE S A T AlZ, autoencoder
WX 2T RT L% RHNC LE 2 HREZ R L Tz,

7.2 SEORE

AHFEDEEZE X DCASE 2020 £ TOHPATH H, FHED DCASE 1B 2
HETH 5 F X4 YL First-shot BHEERANCOWTIEIMET L Thiwn., &
%, SEENHEICL 2 A T LAZERECTHEHT 2581, 2o oI
OWTKHILT ZMENH 2 EZ NS, FHIZ, BRI AT LA TEAL-HLIE
WH 7 — XX First-shot B2EERANOHEAIHE LWV, ZDkD, LhZ
FR7% FIRER E NSRS T & 2 Aili7e LEE O HIEZ DOV T T 2 0ENDH 5.

FEEICBWTHHA L - F O EREEOIEEOHASDEICOWVWTHEEN D
%, FEERCHEH L —HEEICOWTIE, AR CHBALZ 7 HEETIEE0r%
BRBRHETETCOWRVWARENEDS D 2. £/, EHE OREREREICOVWTHH
PR -oTWA., IOV THHZED 2 Z 2T, HBIEREDM LIZDiRh
rEZILND.

1
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T A HREORERIORE

A1l EEREHY

RERES OREE, V4 —F—741& (Wiener filtering: WF) , A7 kL
7 &7 2> a ¥ (Spectral subtraction: SS), NSNet2 [52] Z FHHW\TiTo7z. WF &
SS T EL R MEEIIEIETH 5. NSNet2 (& ICASSP 2021 Deep Noise Suppression
challenge [53] DRX—=ZF 4 > TH 3. NSNet2 IFHANICER Z2H o THEHEINT
BH, REETHHEREDPFRERETNTD S,

7 — &+t v MZIZMIMII dataset @ Fan, Pump, Slider, Valve &, ToyADMOS
@ ToyCar, ToyConveyor @ 6 {#ld Machine Type ZfFH L 7. SNR —6 dB D#%
WS 6, WE, SS, NSNet2 12 X o TIREEREE ZFREA L7z, BRERESEERE O
WKITHEEIIEERE (Noise reduction rate: NRR) ZfEHL7z. NRR ZLLTFORXRTE
FIN D [H4].

E[S(Q)ut]/E[ngut]
Y Els2]/End]
ZZT, Sin & Souw AN HHEE, nim & now BAS/ HWHMESESTH 3.
NRR OHAiZdB TH D, ANHIED SNR OF LEZET. 22T, MEEREN
HIESICHELZWEGES, NRR AR NEIROME KT DX DENERT.
7272 L, MIMII dataset \ZIZBEER R WERERE TN TVRY., 20720, B
ERRERRDOES2 S, SNR 6 dB OESZHE T2 2 & THEND niw & neuw
%R, NRR % 10log,(E[n?.]/E[n2,]) & L7z, AFEED NRR 3% 7% NRR
IR L IIERINIZV. £72, NRR 2RI, SOEEEENEZIRE
Hif& TN SNR 6 dB O EH GEERFHHEDEICE D 5 0 OFHii 1T -
7. BOBEERNHEOFHERZEIIUATOXTITo .

\/% 22;1 (]n - Rn)2

VE T (00— Ry
ZIZT, N ESOEEREEOSEEDO 7L —L, T2 O3FhEh Al H
HEBOEOEERMEDIEIE, RIZSNR 6 dB {5 ¥ L7-. NRR-TRF 3,
SNR 6 dB D5 D EGEEFMEE © O P FHIREED, BERERKRT
ENETRE L ERT. 220, WELTVWARWVWES, NRR-TRF & DE
2T

NRR = 10log

(A.1)

(A.2)
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A2 EERER

£ Machine Type @ ID00 226 ZNZ4 50 > FLz2xiRe LT, NRR &
NRR-TRF 1 & 2iHfiZ1T>72. NRR IZ X 2 ERIREEEFREZRD T — X OFHfi 2 F£
A1IWTRT. WEF % SS TIESNR BE(L LTV 2 DI L, NSNet2 1 ELEIE W
BREMREZ /R L TW3. %72, NRR-TRF IZ X 3EEFREIC X 2 F O EME
DZELZR A21TT. WF 5SS TldHEaEEFEE I WE IR o7, WF
RSSWEFREICEI DNy 7 ) L XDREL, BOEEIELLI-EZON
%. NSNet2 IZBWTHEEANCEL L TWB A, Valve TIRWET ZMEHAID RS
N7z, £/, AS ° APF I EiE & b HEEAIeE L Tn 5.

WF, SS, NSNet2 OFT#Hd NRR ¥ NRR-TFS DFHlifEA E W NSNet2 % {#
LT, 21D ZXRIC L TEERER & BEERERD T — X B0 5 & HRERE
R U7z, £F7 & TabPFN 2L, #fifid b 2EE%21T7o72. AUC 12X 3
HIRIMERE DRI 2 R A3 WS, BEERERICK DHRED 23> TE D, FHI Fan
DFHMEN K Z SR TN LA, £ A2 R LD, NSNet2 b HfeiEsr HbX
BAMEELD 2720, HHINESERL-eEZONS. T, HOEERHE
MEEE L 7= Valve I2BWT D EHMI{ED FH3 - 7-.

FHRR LD, NSNet2 (IEWMEHOREE 2RETE 200, BEFRE LRk
IR E T B IRE T s REE D S W e B A 6N 5.
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7% A.1: NRR [dB] i & % #¥ifi

Fan Pump Slider Valve ToyCar ToyConveyor
WF —-13.3 —-13.7 —134 —-526 —10.5 —3.12
SS —-149 -116 —-157 —-4.60 —8.69 —0.105
NSNet2 590 5.69 6.67 5.19 2.41 2.69
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#£ A.2: NRR-TRF 2 X % 2

WF

Fan Pump  Slider  Valve ToyCar ToyConveyor
boominess —0.447 —0.293 —0.436 —0.205 —0.277 —0.183
brightness —0.309 —0.138 —0.260 —0.006 —0.375 —0.075
depth —0.268 —0.238 —0.310 —0.232 —0.246 —0.144
roughness —0.423 —0.728 —0.522 —-0.318 —0.302 —0.293
sharpness —0.350 —0.305 —0.359 —0.079 —0.464 —0.289
AS —1.141 —-1.168 —1.194 —0.687 —1.257 —0.691
APF —0.465 —0.628 —0.221 —-0.386 —0.613 —0.645

SS

Fan Pump  Slider Valve ToyCar ToyConveyor
boominess —0.346 —0.214 —0.297 —-0.164 —0.127 —0.065
brightness —0.250 —0.087 —0.202 —0.008 —0.318 —0.045
depth —0.165 —0.141 —-0.250 —0.190 —0.105 —0.030
roughness —0.381 —0.706 —0.479 —0.356 —0.183 —0.201
sharpness —0.274 —0.260 —0.293 —0.048 —0.381 —0.262
AS —1.047 —-1.105 —-1.157 —-0.635 —1.132 —0.523
APF —0.422 —-0.510 —-0.295 —0.404 —0.509 —0.568

NSNet2

Fan Pump Slider  Valve ToyCar ToyConveyor
boominess —0.279 —0.006 —0.296 0.053 —0.152 —0.062
brightness —0.474 —0.053 —0.421 0.063 —0.595 —0.484
depth —0.073 0.039 —0.103 0.022 —0.089 —0.039
roughness —0.241 —0.048 —0.237 —-0.078 —0.312 —0.409
sharpness —0.454 —0.232 —0.404 0.090 —0.653 —0.700
AS 0.243 0.081 0.252 0.011 —0.300 —0.345
APF —0.085 0.036 0.078 0.012 —-0.221 —0.133
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K A3 BERERARO T —XITX % AUC (%] #H

Fan Pump  Slider  Valve ToyCar ToyConveyor  Avg.

BRERRERT 9203 9245 9378 9357  85.15 88.23 91.02
BERE% 6857 7823 8483  73.30  67.09 69.98 73.67
72257 —24.36 —14.22 —8.950 —20.27 —18.06 —18.25 —17.35
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