EasyChair Preprint
Ne 6747

‘j“‘ 220

Single-Feature and Multi-Feature Fusion Audio
Classification for Alzheimer’s Disease Based on
Convolutional Neural Network

Zhilin Liu, Yanyu Yang, Zhao Yang, Kun Zhao and Wei Xi

EasyChair preprints are intended for rapid
dissemination of research results and are
integrated with the rest of EasyChair.

October 3, 2021



ETERHE MR B —HHEN ZHFIER

LN \ wa LSRN
BR/RRGERRIES M L F A
X B BT el R 4%
BELBAY¥ BEEHELT 710061

8 E. BURIGEERAE R — R s i, Bl I IR RS T A, DRI B /R 23 BRAE AT B 07
ARG AR BRI o BRI B R SR BRRE (K R A T % S 75 ARG S e, AR SCAUR 1%
NI SRFIE, BRI T H TR0 40 000 45 22 R AE RbA (1 B /R Dk i BROE 5 S0 A 70, R B Y ) B il 2
779, FIF 22 RBENLRAE . 15 Ui s R S5 05 35 A B SR, SEBIL T X BRT /R 25 MG BRRE AR L R B KR
B REE N = FRNBE S S X 5 o A SCHE 088 2 7E K 3 A 2% 5 R A 0 2R 4 A T
84.87% (HE44 55 10) 1 83.78% (HE4 55 =) HIUERRER, BhAh, ASCRIRTT T EASF W48 454 Sl 25 5 2 b i il
IRZEHFERAEIR BRI . A SCHIPEACHY AT LAZE https://github.com/1zI32947/NCMMSC2021_AD_Competition
il o
KBEIA): BURKIGBE: E0 2 MRS 2] B0, ZHRHERE

Single-feature and Multi-feature Fusion Audio Classification for

Alzheimer's Disease based on Convolutional Neural Network
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Abstract: Alzheimer's disease is a progressive brain disease, which worsens over time. Therefore, early screening
of Alzheimer's disease is of great significance. Previously, the recognition of Alzheimer's disease relays on various
acoustic features and speech transcription. This paper proposes an Alzheimer's disease audio classification method
based on convolutional neural network, only uses the speaker's audio features, multi-feature fusion, combined with
the ensemble learning method among models, and uses speech processing strategies such as multiple random
sampling and speech endpoint detection. It can effectively distinguish the audio of patients with Alzheimer's disease,
patients with mild cognitive impairment and normal people. The model proposed in this paper has achieved 84.87%
(ranked fourth) and 83.78% (ranked third) accuracy in long audio track and short audio track respectively. In addition,
this paper also explores the classification performance of Alzheimer's disease with different network structures and
training methods. The source code can be accessed in
https://github.com/IzI32947/NCMMSC2021_AD_Competition.
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BEE BRI PG E L, BT R 2596 BRAE (Alzheimer's disease, AD)E i NBUREIE £,
B FEUERFE L V@SN A AR, BE SRR KA R
ITIhREFEAGSEAEIR ;R N AnfE S (Mild Cognitive Impairment, MCI)RI 2§58 1E & & 0id
FE5 FLHARA IR 220 BRORE 2 (] i — ok RN B, SRR FC i A gepa s, Bhiy s A
TIN5 S H AR V5 BE 7 AR 52 21 BH 2 52

A1 5 258 R T & 500 B I PR SR AR IR IS O P Co BT A L I B A5ORT i 5
KB LR G T IEAT B R 200 BRAE 2 W, RR BB N IR (] A4S, B ARIZ0 1 % IR
SEC TN 2377 [\ B O, AHAE & FEAS A H BT S ) — /> 3 2R S, o 2 T
HITE T 1 B SRS 57 25 7772 2 Rl 2R 24 9 BRE VRN 7 1Y) — > B A

B IR IR i BRRE R85 LE AT R FHAE SUAE B BT 55 5 A7 AR TR HE, ELARSR I 9 BT 7R P BROGE i
F TS LRSS ) BE A, AL SRS B TE) 95 2R TE A (], AT T Ui idE ARl
Hrh RIS AR B INE S RG] LA a0, $iamEr, JEEEL o B HA
Tl FRASRA FR) ARE RS 244 AR R0,

S5 AT (PR RIE A HH ) FH % A 2 I 8% v ) Bl P AL A B PR 8 0 3R A7 Bl 7% 2% i BRRE 1 4 B 12
Wr. Hb, Rohanian!'Z A& H T —FIH 7 LSTM W% Z /1152 2 SRS,
A SCARVLA ARG R 3T 52 2], Rl il B s & b A7 B 2R 2% g BR 25 A E U 35 2%
(ADReSS)!' 24 FHERIZRIE S 79.17%. Chen SIS T — R 173 2 JIHLH| IR 2%,
ZM 2% 1 CNN AT GRU 41 s A8 15 1Y BR A 40 A7 J= 38 1A 5 S RN AR 1) 2 WS 5 ThRE,
X i) 7R PR I BRORE £8 35 R BIHERR 2N 97.42% o MY UL, Zargarbashi 25 A\ U4I7E LT N-gram.
i-vector M x-vector /MR 1] 73 FUERIZ 35108 78.2%. 75.9%H01 75.1%, fAITILHEH 7%
FHIERLE RN BT, =P E Rl Ak R 2 83.6%.
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2.1 HiREHE

AR SR R B 4 F 5 7S T A A HILIE &85 22 R 2 U BT IR R I R 45 i 52 28 3= 70
iR, LSRRI IR SR A B (AD) BEE AT RE A o (MCT). 1IEH AHO)=
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#(Short-Time Fourier Transform, STFT)&#{E1F3]. fESLPRM A, 1BHE LMW, N
TALTE, 73BN R— Wi ) BS BT 51, AT SR AT I B A e, Ha bR L A (D). H
K % B B AR S (R N, kRIFEZR ], 0 < k < Ko X[k, SRR TIAILT
IHBAE 5 AR B AKRIIBE 50 R, T RAEZRE, MR RA I [E]IL /F A%
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(2) Mg/R 75 3% ] (Melspectrogram, Melspec)!' I ##54 FBank, i 4 id— R FIMER
JEP A AR ], T AHA IS AFEE S, DR R 75 15 B B R A DG e e vy, Hovt
HITEWAR(2), RIS IE R , SRESFITR 2GRS, F AN U8R P ) e
BTSN, B UERAR T H D ZAEX (k] A REN IR AR 005 DO B, 49 BAH AT 1)
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Yrgank [K] = log X[k] (2)

(3) MF/RANAH A3 1E 22 % (Mel-Frequency Cepstral Coefficients, MFCC)!I7E M /R 5 1 ] fit) 3
fithh b 280 i 3 B Ar 5% A8 #(Discrete Cosine Transform, DCT){S3, s&—M7E B a)iE 5 1l
YEE AR A T BRRE, Ot E T E A RKQ3), HhME =MIER a4, —37 4
LA MFCC #%1.

M
C, = 2 log X[k] cos (W),n =12,-,L (3)
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TE i SR I (Voice Activity Detection, VAD)!SI— ¢ FH 4551 & 45 5 4 B & H B
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Fig.1 Structure of single feature prediction network
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Fig.2 Structure of multi-feature fusion prediction network
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Fig.3 Structure of high-dimensional feature fusion method
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(a) Structure of ensemble learning with average confidence among models
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(b) Structure of ensemble learning with vote among models
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Fig.4 Structure of ensemble learning among models
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4.1 LWEH

HH T 258 R N () S A E D, DRI AR SCR A 4 438 B 77 20, R HHER A P
FERSCR e bR, K B IT o BN ZREERNIRLE, RSN SR Tl D vk, H DA% HS
PSR 2 R I AE R 22 . FERE B TS5, B — B s S g LA 5 B0 B
A~ epoch H &N EAIIBEAEL 32 IR, fERK SIS, f— B Mgk LA 25 #20
B, B epoch [RIFFAHL 32 ¥R AN ST FH I 2 A00RM it Y 35 i () B A Dl & Wi e, 7R
FFEHUMFCC. Spec. Melspec =230t 6 FIFFE/E NIHE M EE I ANRFIE. EYIZRF, %
SIRYEBEE N 0.001, {HH AdamW fikds, B 20 /> epoch, [FIRT % B 2% 2] R 5E
PR AT (R SRR
4.2 LIHER

TERLEAUNAT S5, AN [R5 — AR T ) 2% 1) S5 285 R sk 1 B

Tl B RRAE TN P 45 75 R AL R PO 7 28 X8R ST B4 A 26

Tab.1 Average accuracy of four-fold cross validation of single feature prediction network on short audio

BT 2% i FHRHAIE - HETR (%)
LR 45 Melspec 67.48
AL Spec 67.79
BRI MFCC 68.36

ResNet18 Melspec 71.91

VGG19bn Melspec 75.78

VGG19bn Spec 75.93

VGG19bn MFCC 73.74

RN, 22 R AR R T D0 255 ) S B0 25 RN 3R 2 o, AEIIZRING, X0 T8 & AR e, 15
YRN8 L FRIRFAE SRR 45, b 5 I 545 81 R AR A2 R ) 235 A0 B 5 N 28 2 A i R 2%
H, BUE BT A RHE SR I 2% FOAE, Rz |2, 19 3 M2 Rl G 5 45 3 2R e iU
FRERRFAE SR I R 8 B I BIUE , XRS5 R BEAT B AR 25, 19 2Rk & )5 oR B 245

2 BRI SRR AE SR I 2% K 22 R AIE R FU0 o0 £ 7 A o 0L P DU 17 52 U0 IE-~F- B A 32
Tab.2 Average accuracy of four-fold cross validation of single feature trained feature extraction network and

multi-feature fusion feature prediction network on short audio

B 4% Rl 75 18 FRRAE A HETF 2R (%)
ZAAR N 2% / Melspec 67.48
ZAAR A 2% / Spec 67.79
Eoee A S / MFCC 68.36
B SR E WS MFCC, Spec, Melspec 71.48
2R 48 il G O WS MFCC, Spec, Melspec 75.10
B SR E MS-CAM MFCC, Spec, Melspec 60.52
LA RN 4% b O MS-CAM MFCC, Spec, Melspec 62.77

LREAR 1R 2 BSIREIR, R ZRFNERD G I 2% AR BT B — R AR T Y 28 6
R e T, X B 2 A EIRHE AR & RE 06 A R SR T I 48 B TN ROCR « AH LT ] B b
BARHAERLS, R MS-CAM BT Rl & (RHMIER LB, IXAT g2 t T 4RpAIE 2 TR 22 5
PER R AR A4 2 L Bl 25k 1 8  R AE I

FERFPRAME S A RIS I 85 R W3R 3 J23k 4 P

R3O B RRAE TN 0 22 £ L B DU 3 58 SCIAIE T 4 A R

Tab.3 Average accuracy of four-fold cross validation of single feature prediction network on long audio



BT R% i PR AIE EJHER R (%)

ey B Melspec 70.79
sk ey TS Spec 68.11
BRI 4 MFCC 71.68
sk ey T Melspec(VAD) 67.88
BRI 4 Spec(VAD) 68.90
sk ey T MFCC(VAD) 66.09
ResNet18 Melspec(VAD) 73.77

R4 RPN G T [0 28 64 E AL ) DY 37 52 AR IE- T A HE R R

Tab.4 Average accuracy of four-fold cross validation of multi-feature fusion feature prediction network on long

audio
BT M Rl 75 18 FHARFAE PSRRI (%)
AT N 2% BB HS MFCC, Spec, Melspec 73.92
A=A AR 2 A A 5 MFCC, Spec, Melspec 73.06
E ey A TSR Bt MFCC(VAD), Spec(VAD), Melspec(VAD) 66.45
AN 4 A O Bt MFCC(VAD), Spec(VAD), Melspec(VAD) 67.42

ZiEEEE RS IR, KEMAMBRTEE, PR g i T, Xag2h T
A e Jrp P B AR T 5 OF T 2 I R R G R o SR E SRR SR, 245
LR A T 25 75 2 7 S0 A (AR, Rt — DRl T 2 RHER S TE R A RN . Behh,
RULEVH & Ja 1B AR R DU 3022, IX AT Be s Hh 18 5 i s A A7 AR IR ZE AT N 2% 2 2R
T EEEHUER, S A (8] 0 A R G T T .

BEAN, At 2 MR a] (B A 2] TTEREAT TSR, SRIREERINER 5 R

ER I SPE S StbE S

Tab.5 Experimental results of ensemble learning with different models

W 5 44 Bk He T P HER (%)
EHEFM L 1(Melspec) / 70.79
EEFM 4 2(Spec) / 68.11
AT 4 3(MFCC) / 71.68
HERARL 14243 BT 72.33
BRI 14243 g RIS 72.61

B3R 5 ATRMSH, 2 /MR A R % o VR RE S — e AR E b B T e A5 B () T 285
B X BT S AR T ] ) B A ) B RHEAN |, 2R G AL R 45 AL AR TR T
AR 288555 AN E AR TR o 5ok, EAS BET IR S R B i S G AR ZE AR/, 1R
RFESE b o TR o AR R 00 3 A 22 45 tH R e 1 o, DRI, TSR VA SRR R 1)
BEEIBUTET RERE AR T RIHER 2R, (HAZHTBR], AR SCR Mot — 5 sE8.

BT LA A, ST R 5T H T AT BRI 45 R R KRR SR B 48 7 AR R sE ), AR SCIE DA
ResNet18 iM%, FEFL &ML A Melspec F#1iE, %1% Attention HLil. LSTM K4
EIEHAT TH G, SIS RINE 6 Fis.

K6 AWML LE AT S Ah

Tab.6 Experiments results with different network structures

114 R & 1 7Y P UER R (%)
ResNetl8 73.90
SR ResNet18+LSTM 74.70

ResNetl8+Attentiont+LSTM 72.38




ResNet18 72.90
KiEE R ResNet]8+LSTM 72.62
ResNetl8+Attention+LSTM 66.34

M 6 FRI AR, A LSTM J= 5 #ER RIS R T, kSN Attention AL J& #E
R RImA T R, HIERTRERZ 2 LTSM M4 ZA S Ba — @& Midizae /1, B
Attention Bl & BN MR BRI i, B0E 5 70 I8 IR0 LA UG e 3 BAE i R A 1
W&o BEAh, FEMMA Attention ML, WA BNIIGRIN 1K T FEECER, e RIE M) 28 PRkl 85

BRUbZ Ah, AR T — SRR 5 55, e PN R B T R 2 I P B R
FEAR, JEIL Grad-CAM J592 25 B 2865 7 70 DX S5k U P O 48 5 AR T30 1 4 ¥ 3 0K
AEFEAT TR, PRI AE B0 S D B L T 5 38R R AR AR SR Ok 2 (15 R 2 30 DL 27 3] 21Ky
ik, AT SZ MR HE R 2

fE3EgEH, AL T ULET, R &R NGRSEREAT N5, JF BT RS, RYE
FEFANEL 1 5 G e B I BE A LB 5 A el 25 RV P81, BEBUE AT 20 I ASEATE
#E L ORI 20 DREEHLRAE K F SR IURF AL A2 N P2 2B AT T, fe 2 DL R4 285t )
SGERAT IS, S E ISR E iz 4 T A5 20 . TSRS T, EEHE K
B =R AR IFRAR IR 7 Fros o

KT FEFRMAE A LS =R SR

Tab.7 Three identification results of each task on the test set of the competition

1% HEH (%) BEZ(%) Hih (%) F1 73 51(%)
76.67 75.44 75.84 75.19
6s FEE IR 83.78 83.34 83.44 83.36
80.05 79.11 79.87 79.16
78.15 76.15 79.23 75.36
60s IKIEE IR 3 84.87 84.49 84.63 84.50
83.19 83.00 83.21 83.07

5 g

ARSCHEH 1 B IR L SN I 45 A0 22 R e 15 TN R 4, S B pl o 2 vk ik — B 5
PR FIHER R, AR BN DURIL B A, AR X 7 Bl R RIEERAE /B R BN RIFA &
BRIER N, B RE BT R S REERAE 1 39100 S22 W o

FEARKM LA, ASCRE 22300 E M PHE AT RNEAR D « AR LR B0
IR VAR BB FH R DT KBRS 5 B AR IE B s M 2R BN, ASOR 2l LA
TG P AR g it — AP AR R R R HE TR
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