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Lightweight Model for Bone-Conducted Speech Enhancement Based on Convolution
Network and Residual Long Short-Time Memory Network
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(1. College of Command and Control Engineering, Army Engineering University of PLA, Nanjing 210007, China; 2. Department of
Test and Control, High-Tech Institute, Qingzhou 262500, China)

Abstract: Bone-conducted speech enhancement based on deep learning has reached a milestone recently.
However, there are still some issues to prevent its real-world applications, such as large models and high
computational complexities. In this paper, a lightweight deep learning model is proposed to improve the
efficiency of bone-conducted speech enhancement. Inspired by the fact that convolution network has unique
advantages in feature extraction with a few of parameters, convolution structures are introduced into the
frequency dimensions of the spectrogram in our model. These structures can extract the details of the
spectrogram in the time-frequency structures and explore the potential relationship between high and low
frequency components. These new features extracted by CNN are fed into the improved long short-term
memory network to recover high-frequency components information and reconstruct speech signals. From
the experiments on bone conduction speech database, we can draw a conclusion that the proposed model can
reconstruct the time-frequency details of the high-frequency components. While improving the enhancement
performance, the model size and the computational complexity are reduced.
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‘B 1% S % 7 M (Bone-conducted microphone, BCM) A Jll T 1% G 1) 25 S 45 T 22 72 XL (Air-conducted
microphone, ACM) , il A B AF W IR S RE B S HF 5 W, BCM RERN MBS R E RIET,
ACM REFIWIEE RN G . 0T RS R A, ok BOCM 77 AR 8 e/ & REN
Bogh Bk 75 SRS T L BCM B B A PUTT S A PR RE NI 7E 425047 3 R RO A2 ) ) 4§
Yo A AR T [ 0 0 F TS o

B HRER S A IR B AR AR R R B RS R B B RS D TR D W R
S B R SR RO DR B S AR e o L LT R R B 2.5 kHz BB B AR )
143 50 i 1 T] — 4] 38 9 A5 08 1 0 LR 3B i 18 . DNIET LT DU B, B S o i I
S 5ARIE G AR WAL H SRS B R S BUE R BT RO R R M. PR, o U
LN TR A N IR S A R A EEE X
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(a) Air-conducted (b) Bone-conducted
E1 KSEES5ESEEIRGR

Fig.1 Spectrogram of air-conducted and bone-conducted speeches
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SRR B35 0 7 1 o3 AT IR, R 5 S BOR SR S AL 4 e e 1k TR B L TR S S
U5 — B I A BT R P 3 60 285 R i 2 8 7 I A R A RR AT 1 T 1k 5 A R R B D B A T 5 A O
5 B B PR B T A ARG 9 N VRS T AR L 1 T 10 AR il 220 1 7 REAE L 22 BT
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B ARSI A A AT 55 BAERERAR TN MIRIOCR o TR BE 5 2T I 6 2 — o i 3 i () B AR, AR A AE
FREME LA AR LR R AE A A % 5 B 0 Xu % B T — N B 22 I 4% (Deep neural network,
DNN) K 2 2] Ma 75 05 5 1 i & 18] 1 R 5 OC 3% L SR B4 Jmy U7 22 #4948 1 Dropout SR , 4& TH 1 1Y s i
F10 7 8 = 0L B Bk b, (] Bk M 7 B S I R R A LA R AP A2 Ak BE ) . Jiang %9 S 4R BUE 5 M
IR A5 15 & $ (Mel-frequency cepstral coefficient, MFCC) , i F# fiE B 45 & A B-Wr o 584, 1 J5 i A DNN
oA T R R, 45 SRR I O A AR T T S R AR JF B TR R i B . R
H DNN HA R AR LM RIRGE T B TiE S E 5 & M PGS, oA LR SOOI R 2L, 1
DNN 7E b 31 25 il 5L 205 46 J5 75 3] ) 1335 P I, 25 2 Z20 R &0 it 22 [ 7 DG TR, BRI T DNINFE 1 15 5
T A PEBE

DNN {1 B 022 b1 s 22 ) S IS 1Y, HAT AN () e )22 =2 (] 8719 6 TB) A7 78 1 422 | T A% B 1l 28 1) 4%
(Recurrent neural network, RNN ) i 7 [5080)2 5 s bl Sp s 4817 (08 24 i B 20 B9 55 55 T DA B 22 i
ZI A5 B, DG e b #1 31) [a] A, RNIN BB 78 43 5 18 2 15 B o SR, 25 )7 F K B, RNIN 75 I [ %
Byt AR rh  BR EERR S B, BB TESF RECTC S5 /I, X B BLR PR 2 o0 B B2 B ME AR BE T 2%, ok e 12 K
WP s, KRS M 4% (Long short term memory network, LSTM) A T IT#EMLE], 51 A% AT .
R TR AN [ I 200 A2 Z R 204 B AR, e I T RNIN B B B 5545 19 45 7 Ak B ) )
) L NE AR SR T LR AR <9842 17, Liang 278 LSTM RY LRl b, 254 V5 S AL, R 18 8 ) AH 56
f T AR LU AR S0 7y 27 20 E b, X W 7 5 e B/ s B IR AT 0 0, A B T A T3 0BT o Lee %V E L
1] LSTM(Bi-directional LSTM, BLSTM) i & fili _E- , 4 15 3% Dy 54t 7 R oy 54 31 filt 5 21450 3% 08 Dl
HEZE rfr IR 4 ) —Fh A e 5015 M Lo i B I B 29 oA R T TR S R R BT A

RNN FI LSTM (A #4576 T b B E R SCOCHRAF B, (B0 T 18 33 1A o e AR 0015 S 1) 19 S 156 2 ) AN
JE o BRI Z M4 (Convolutional neural network, CNN ) J2 FIZ &b BRI 9482 &, CNN ZE L F A HR X
A B WL, Jmy S % AR P A FC A A X 240 5 1) 220 i R ), A(E SR S S R D T I 2K B S 8 . CNINDX
S5 K6 R AF 149 F2 4 B2 7 & RNNLLSTM B9 4 #2 . Kounovsky 25 VR Fl CNN M 1 T — A~ 22 1 [ 4 B 2%
(Denoisisng autoencoders, DAEs) , 5% 56 & B X F 15 2 X E T R 3% (1 38 3 U b, 36 F CNN 1 DAESs |
3 F 4 3% 4% (Full connection, FC)YPEREFRTH T 8% . tAh, Pandey Fil Wang' "3 F 4 fi# 4 ( Encoder-de-
coder) W 25 B0 K4 | 4 fift 15 28 K F CNIN 8544, IF 76 4% 55 2% AN D 7 22 (] 388 T — A i 35 AR e, ) FH 24
R T £ S A B 5RO BT SR AU R T LSTM, H i T2 2 BRI B AL, JIl k250 3
WL A B LSTM BRI T8 915 & B A58 b, 45 S SRTE 5 S, O T e S W
[A] 250, 5% FH T AR 47 5 B4 43 f% (Non-negative matrix factorization, NMF ), #F— & T & Fiig, LSTM
XF TR T T G 0 B AN B RCR L H S B R K, AT R A A A5 B T S S I Y
TR

ARSCHGHET — R 4% 5 5% 22 LSTM A BERL, 76 7R )2 LSTM (i i 51 A5 FR R 2%, DLk 5] fif
FEREAY & FH s OR B H Y o B e iR TS BIA I SRR s R A 4 T R v i) DG R R S T
S FRUCGHEAT T 5256 0 LR S5 R4 BT s R WA SC AR AT TR AS

7
1 BEIEEEERMERIZEH
1.1 B4
Z R E LSTM B BUAF 78 S 80 K, 3T B0 ) & 2% B 40 i, 7R 2 LSTM B4 5 250 SR AN AL 17 o7 I, i

CNN B S H0m /N, X 45 0 R A $2 BURE 7 9 00 00 3, £ B CNIN AT RLAE Bk /N B 2 &2 J g 1 ) st 38 T
JZLSTM Ry . A SCE T —Fhal A FUN 4 558 2 LSTM )i & 34 58 451 7 (Res-convolutional-
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recurrent neural network, RCRNN) I % (148 S5 % B 0% 77 1% .

RCRNN B & 48 1) S AR5 AR A 18] 2 s o v il TR0 O 9 2% i A i 00 L 08 47 36 BRARATE |, 32 UM
Sl 1 % 2 A R I A B s AR A B T B 45 R 2 O, B R CININ R 4 1 BF 52 5 4 AL LSTML, 15 31 384 58 5 14
Wl o [, S T R B RIS SR T sk A AR SR IO R RS2 1 5 O T R i T 2 R LR L A
LSTM gl AT 5k 22 3% £, Bk — A5 /N BB 12 T 2 A0 A K0 ) AT Ay ml BEE o 463 % pR R0 I0E 5 149 O 1R 22
(Mean square error, MSE) , ¥ 54 5 J5 1 315 & A0S 00 8 10 3 BT HEAT X L, AR 9 2 1) MISE A8 A A5 24
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Fig.2 Structure of RCRNN joint model enhancement method

1.2 ML

AR SCR A U5k 22 LSTM 2 3Ly &
FOH O, LM A A AN 3 BTk . CNN AR
R 5% 25 K S B E 42 M 2% (Residual long short
time memory network, RLSTM) ) R %f 4 fiF
P SBUI) £, A J 24 il i 4 IO SRR AE DL &
o AR A 258 (] 1) 235 A8 A DG PR R AE R ] 1 45 AR
1% N 18 T A v A IR AN [ Y v 4R R
fiE B 45 BRI 25 45 3] 1Y Jir A5 38 T8 /Y 5 A 4 A
7 10 PH% G A RLSTM, il i %5 + LSTM
P 2 M2, IR — 12 &% ENE
e R AIE 5 2 e S ) G 4 FRAE 15 20 3 5 A5 Y

IR
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Fig.3 Network structure of RCRNN
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AR T LSTM ARy BRI RN 2 PR RE AL A BLSTM, B8 BLSTM AU H T 33 £ B 21
HAE B WA T ARSI 20 /{5 8, L3R4S B 40 1 R AR (8 A B B 18] 19 15 5 1), BLSTM 2 4803 T
A 2L FSF [) TG 7% T P S B R K
1.3 JIZ&BirEH4L

FEVN RIS K 70000 55 4 5 bR 25 500 19 MISE 1 S 5 2% R, 30 e X B R R AT A4k o B 30 5 R R
X 25 A6 RTINS A5 ) F 1 R 0 R Y, AR 5 e e bR R S T R YRR A W
FRHFFET Y 5 Y [ MSE & SN 9 Uil 2% 22

Tuse (W, b) = %”Y(x, w.o) — Y|’ (1)

A Tse R BB B UI GRAR 22 o A6 TH 5 0 SR AT 55 b B R0 i Hh A0 394 5 3 5 L 2% R T RE %3 IO TR
FLTLLY 5 Y i MSE /N 4528 B 1k H AR AT 3R

W, b< argmin %”);(X, W,b) — Y”2 (2)

A WAL b 43 5 A1 4 T B AUE TR B S50 IR B AR R fe /MU Tyse AR 3 8 2808 00l i
B2 A E R 2 JCAUE W AR B 6, SR I 8 R 0 7 s SRR N Bk
2 EHiERGITREELR
2.1 Ei&%i%it
AL TARBE LR AW 4R . BERBEaERE 3L,
(1) 7504 Wb BB B, 1 0K 5 S 153 o () VS S 1583 y (n) B e Kt /NE — 4681 — 1,17,

T J5 43 ) 30 47 20 wihn 2 . %6 ik i B2 ik 2% 32 ( Short time Fourier transform, STET) , %F 5 35 05 B 1% B 5
5 2 6k B0 B I LA Oy 25 I e AT E Iy 20— 1k .

ALY 25

BmEL B el srwiinis [—~{STFTG) | o] LogX(@)) [ SEAE Le
il JIZRCRNN
%
W RSEEL] e | || ¥(@)| N )
R e D e Log(¥(@)) (= T2
BT
v
FREES | W @ B
S o O e i [—~{STFTG0n) Log(X(@)) (= 12
1 S s
l;/\ ‘g_:: N ;‘ j N 1) " % Z
g |frEEEL B mam [ —isTFTG) Exp(¥(@)) [« 37H7E
R
BTN

4 ARCEEBOH
Fig.4 Design of the proposed algorithm
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(2) FEBERIYNZR MY B, 1 e 00 i AW A R S 800 R 0, 8 1 5 o o I 20 55080 iy A\ 78 45 204k 1A,
W28 I 25 B bR ST 18 5 B 2 TR SRR 22 OF LA AL 28800, , B BRI A R B 2L 5 56
WZEANF R

(3) FEXG TR B B , B 5 0 7 20 2ok B50HE Ak B A U R A A A5 B4 T 0 ek B B L B R S
DG B SR T X IO PR 7 3 A A R e L I R e A IR AR A B G 1R S 09 TR R .

2.2 ¥kERRHEHEITER

P 3k % B (Dilated convolution) "™t Fk by 25 7 46 Bk & 02 K 6 B, 78 6 BURZ K/ R 728 14 185
T, A BT B B R P b R RSO LA ke 3G 0 A BRI B BT L TR U S B RN W] DUAE S B
HAZEOT GBS REZEH R HN . RS 5IAT Y kRS, ol LUILAE TR % i 4 PR
L B BUE Z BHE A T AR5 8 — A H GRS R G s 5 R is )
FKoRH

Fs) = (a*)(s) = (s — i) k(i) (3)
e x AR, RR B TERAE RN BT, m MBS, 9Tk B KR
F(s) =(a% k) (5) = Sx(s—d-i)-k(zt) (4)

= R Y KRN AP KRG R, Y d = LI PR BB AEN T 8 i 5 1

JSAE Y 5K B RE [ I 3 B4 RS2 BF R G IE R AE 145 2 0 B Y (H i TS B AT R R A
T, e Ll A B 383 P RS 2 A RS SRS 5 T B BB e i 410 6 BUZ R AR R B9 sk Rk, fif
23 BRI HS 20 (Gridding effect) o [ 5 7R B Z IR EINY 5K 0 209 3X 3B L LI A A . 1Lt
R kB R TS B, (5 2352 Wi 268 B0 40 15 e AR A S 50, HLA™ sk SO, 4071 25k i ™

5 3WY KK N 2/ 3 X 3E T K4

Fig.5 Results of three times of 3 X 3 convolution with expansion rate of 2

PR, A SCR A TR IR 7R ik 56 78 32 B B % b 97 akoR Sl 8 o (1,2, 5] 4R 4R
Pk AT LLARIE B A A E BN S st o TRV B S 0 o R AR B e e R p, R OG TE IR
A 22 R) A S I b R B A AR A A AT O TR RN B T R SR B T DA R X AT R . S TR
KON B b A8 % SCHRL 15 T AR 8 BULTE S 3 8l 0y o] B AT, n] DLSRAS ALy 0y 3 s 1k g L 465 PR
TE S 18] Bl b ROSF o 1, AR T 4R O B A
2.3 KRELSTMEHZITERK

LSTM J& — Fl FE 5K 19 RNN, RNN 24 §5if i 2] 7 59 S A 53 1) 52 >4 117 I 20 S A8 o, b — I 220 4 s (6
By DR b — I 20 A 2 e RS C, st 23 002 S T 20 4 A A, DA R S A 2 i g oeR 3 G,
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T 3o R ) ST A i A I A SO AE B AR R o e A T R R T] B i T BR A A
MR — 5 R 2R BOR 1T 2 AR B e, MEDRESE R €, B — W 205 B AE R A, S R
ZV 5 A5 B A, BT Z SR iR IK A

fi=o(W,[h,_\,x,]+ b)) (5)
i,=c(W.-[h, .z,]+ b, (6)
C,=tanh (W[ h,_,,x,]+b,) (7)
C,=f*C, ,+i*C,) (8)
o,—c(W,[h,_,x,]+0b,) (9)
h,=— o,*tanh (C,) (10)

A 0, 3 IR RBOSTT AT TR 1T, C 3m A RS .

AR SO TR BEZ 2 (6] 0B 22 3 4 F b — 2= B A Y TZ B S AR T — JE R R AL IR
2R A I 2k E AR SRS e o i AR S bR 22 ] B 5k 22, B 19 2% R B R, X sk 2E
I/ L 2 4 U LA T AR 22 . He %5148 R B A Bk 22 1 S 11 Resnet, KRNV T 4 22 I 45
MR IE AR TE T BRI ARG L o 51 A SR 221 3R, b LUk G ™ A2 A5 J3E 1 2 RIS J3E ABe X 1 [ L, fff ke 17
PO 4% 30 3] — 5 T BE 5 1R BE T ek 14 i AT, % 52 IO 4 3k B — E R LI 190 2% 2 i BB AR Y IR &R 7 i 2 1
W 3R vk s B e AU O I ) ke 2 IR, T R A L R i A A 19 2 OBROR B A AR A 3R 3 RE g Ok
55 , 0 2% P = A0 i A T B TR R I 2% 55 R R I 45 B S RS 28 I 2 B i A AEL S B A R S
TG bR R 5 AR B 22 B I 45 2 RO S0 MR HORT 8 , AR TR THIR)Z R 4% A Y
FRAE T

3 XRIRESERSM

3.1 HIEREMITEMNIER

AR SR BT SCHRL L7 ) e A 5 1 TR PR AR I R B o B I TP A R e i a2 T KUR SR Y
SIS SRR SIS ARSI K N 3~5 s A% 1B 8 32 kHz R FER (16 bit i fk . A S0k
BT HE1 2,41 & 245 200 5508 35 V6 M EIa 4 , %R B35 20 Db AT 52 96 o 76 SE 00 $ vh BE ML
TS VETE A 140 Z5 18 & E R UITZREE 30 518 & ME M IR RS |, 30 JR 8 & VE R4 o A SCEF X B
N8 S8 & AT N S, o 0 0E AAS Y 1 5 D R, e AN RIS Y 3 a4 e 1

T 1 5 A4S (Perceptual evaluation of speech quality, PESQ)™® 4 i) 2 WL 7] 14 J& ( Short-time
objective intelligibility, STOI)" Xf ¥ i 25 (Log spectral distance, LSD)"*" & ¥ i 35 it & &% 5 1
HEAREMEMFE WM 545 . PESQRE TN AF I 15 2 19 W MOS A , PESQ ¥ 4 I 1 5 A 4 15 &
DR VAR L LA RN E B SRR TE B 0 B UREE L 2 — AN FEL — 0.5, 4.5 X [E] i PESQ 343, 1 ¥ R
it 5 PESQA443 BUIE o STOTJR M it 1 75 1 H B4 bR 2 — % T35 8 R 3, FA W fi R 07 S 68 19 o 15
B, P LA A S 6 S N AT R R TE Y, HGE RO, T2 ], BT 1 A . STOTR MK 7 I 15
TR R TG & Gl B BR i X STFT A8 I — 0 5 3153050 i 4% 1) & 9 AH OC R AU 29 . LSD i &
R 8 6 B0 15 R 5 X B0 =2 1) B B L LS Y (B /N 50 BA 1 I 0 3 BT T R AR T S, 0
o dk AR
3.2 BEERZRBHRE

AR SC I B 2 P AS [R] UR B AN [] S 8500 LS TM BB SRy %t L, 43 0002« (1) 4 )2 B2, B )2 256 4~
ARE M LSTML) 5 (2) P12 B2 , 55 )2 256 4> 5 5 (i ie y LSTM2) 3 24 5% HI MSE 1 S 461 2% ok £ 1
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AR

A R A ST 48 1 RCRNN AR A S50 8 DL SR 86 358 o TR IR 1 R AR 38 32 kHz, (H il F
B G E B BN S Bk PP EE L STET 8 1% 75 2.5 kHz DL FJL-F B %A fE &, & Bk 8 S8 0B R
AR 5 8 kHz #: 5 16 kHz, M BEF K, HAE AT 5 W R AN S 80 KR, o 0k 15 35 4 R FE 3
8 kHuz, 1M J #E A7 3 WD % $5 VE , ) FH 5 55 2 RSP P AR 8 0 5 L % (o8 B v 2 e 1) 2% 0, )5 1B A T
256 4L STE T, 159 200 a4 B oy 129 2k (1415 ¥ 1 3% .

TR 8 Mg 5 K L R A RN B A N 3 1T . 129 4k Y R R % St I o o B R 4% A
72 LSTM, 4~ W 45 B — > DF 4 B HE 2 0% 32, 65 BV 46 09 38 18 Bk g (16,32, 64 ], BB K/
SXI, HEEAEN(1,0) , HARMBEAREN (1, 1), 9 35kF 55 R (1,2,5) ;5% 22 LSTM 3L 2 )2, &
JEHBHT 256 A5 T A . AR A 9 4% 86 I 9 7 T, MISE B SR 1 R BORI SR DAL AL S T
B 1k A5 78 e F U1 G A 50 o B0 0L IR0, T I 45 A i B T dropout=0.2, CNN [ 28U\ iT 2 )
MR 3R 7 45 B it 38 3B 20 (Out channels) 45 BU K/ (Kernel size) 3 58 %8 (Padding) 475K % (Di-

lation rate) .

F1 WMEEBSH
Table 1 Parameters of network structure
Fe 2 44 ik iy N Bt R B2 2 5L i o gl R

Dilated CONV1 1XTX129 16,(3X3),(1,0),1 16 X TX 64
Dilated CONV2 16 X TX 64 32,(3X3),(1,1),2 32X TX31
Dilated CONV 3 32X TX31 64,(3X3),(1,1),5 64X TX12

Reshape 64X TX12 768 TX768

LSTMI1 TX768 256 TX768

LSTM2 TX768 256 TX768

FC TX768 129 TX129

3.3 LRERMON

S 45 B PESQ.STOILLLSD {i Un 3 2~4
FiE s, 2 H TR LR R R AR S fr 4R AR B AE 4 4

F2 3MERBEREIZWN K TH PESQE
Table 2 PESQ scores of three models for different

ENGRUALPNG &/ M S S ok = speakers
F ,RCRNN 7£ 34 F5 45 L #ZAR FRIMERA 22 L “1 L2 51 H2 VA
LSTM & 2 1 LSTM2, [d i, £ STOI Fil LSD LSTM1  3.378 3.152 3.219 3.065 3.204
W‘j/l\#ﬁﬁ*/ﬁJ: ,RCRNN%@E%:% 4)% LSTM E%\ﬁ LSTM?2 3.317 3.024 3.179 2.978 3.125
2 LSTM1, PESQ 6 k7 I . T 2 1 22 W 48 /) RCRNN 3.363  3.201  3.225 3.014 3.201

®3 IMERBEAFZBI K TH STOIE F4 3MRBELREZHINR THLSDE
Table 3 STOI scores of three models for differ- Table 4 LSD scores of three models for different
ent speakers speakers

| 41 72 31 B2 CFHE LY 71 2 H1 B2 CE¥ME
LSTM1 0.899 0.851 0.882 0.810 0.861 LSTM1 0.812 0.824 0.953 0.932 0.880
LSTM2 0.894 0.847 0.879 0.797 0.854 LSTM2 0.813 0.831 0.959 0.961 0.891
RCRNN 0.894 0.850 0.889 0.817 0.863 RCRNN 0.801 0.821 0.942 0.940 0.876
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RCRNNZELSTM HR T 22 LSTM Besit )2 19 544, 7T LUK B )2 (4 CNIN G5 48 X 1 7 1 5 Pk R 1Y
PEFHRE . RCRNN7E LSTM2 (37l I, PESQH#EF T 2.5% ,STOI#EFA T 1.1% , LSD K T 1.7%,
HLSTM1A L, B W45 br L LT A .

MR 2 AT DL Y, 3 T LSTM A58 80 Ko FC oy 455 80 1) B 3 5 B 1S 98 7 1 PESQ 784 g ik 31 3
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