2020 4 3 A Wl KSR AFF 0O Mar. 2020
BETE OH2 Journal of Sichuan University (Natural Science Edition) Vol. 57 No. 2

doi: 10. 3969/j. issn. 0490-6756. 2020. 02. 014

ZRHEEERNEZNMZEIRIEFIERETIE

BEREN, A B, A B, AW
(LIRS IR GH AR TSI . AR 6100655 2. UK HFEHLEEE . 1A 610065)

W OE. ATHRT PGB E AR T 5T REM, LT EMTRIBE T — A8
EE IR k. ﬁ%%/\@ b 22 W 2 (FCN) #9 2 % £ Am N T 3k 1% 4 (Skip Connection) , 3
FINKRBHIERIATIRAF T AT E A8 355 09 3T 40 38 (LPS)E 4 M 4449 £ &9 45
#%aE,%l)\XﬂLé%df@uJ@ 1%%%(1 -MECC) 4 4 W % 45 R T 4R 45 AL, RIRSRAL W & k. &
IhE R, ARAR T A LPS 445 N9 24, 454 LPS #= L-MFCC éﬁy#%fmnéz»é’ﬁ#@,ﬂﬁ E &5y
8935 F BRI AL RN, ﬂ%ﬁ/@z‘#%mﬁl -MFCC &7 A RAERL € A ik, EITIER , Phakit
A N T AARIF 0932 5 FON 89 ) 2P 48, BLARES T A & 09 3F EAY 2 W % (DNN) AR, 37 844
W 25 2E M AR R AR B 090U, B B # AT a9 L.
KW ETRR; BB AEBRAENL; iﬂa; iE; SRS F
hESZES. TNO12. 35; TP183 X HEFRIRED . XEHRS . 0190-6756(2020)02-0289-08

A method of multi-featured full convolutionalneural network
based on speech enhancement in air-ground voice communication
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(1. National Key Laboratory of Air Traffic Control Automation System Technology , Sichuan University, Chengdu 610065, China;
2. College of Computer Science, Sichuan University, Chengdu 610065, China)

Abstract;: In order to study speech enhancement in the air traffic control (ATC) and save storage re-
sources, a new speech enhancement method is proposed. Based on Fully Convolutional Networks
(FCN), Skip connection is added and secondary features are introduced for joint learning. Specifically,
the log-power spectra(LLPS) of speech is used as the main training feature, and the logarithmic Mel-Fre-
quency Cepstrum (L-MFCC) is introduced as the secondary training feature to jointly optimizeparame-
ters of FCN. Experiments have shown that the network architecture combining LLPS and LL-MFCC has
better speech enhancement performances than that with single LPS feature, and the IL-MFCC as a sec-
ondary feature can also be used for other purposes. Experiments also show that the addition of skip con-
nections can improve the FCN network performances, and the new network structure has better per-
formances with the same number of parametersthan the baseline deep neural network (DNN) method.
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Fig. 1 Basic flowchart of speech enhancement
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A P R i B AR TS X B oy R A R E D
BB T £ LB LA SR 5 e s R TR ¢
VRN EERIZE B bR, R ek
BURFAE 2 BCAY S X B 21 8135 R % (Logarithmic
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Fig. 2 LINK-FCN network structure diagram
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AR REFR I, SEB0AHE 9 X 45 1) S 58k it R 4
FRE A R 9, H FCN A U kiR & 4. %
FHIE SRR S LPS Al L-MFCC 1A FRAE.
HAKRZE S8R 1 k.
3.2.2 FCN vs LINK-FCN 323§ 2 J&¥% FCN 5
I T BRERE #E Y LINK-FCN #1471 PEREXT [,
DIAIE B Bk B 3% 422 A s i T A D) SE 4 5 FON iy
HER A PERE R B, LM 4 S5 I SR e M T 2
J& LINK-FCN 78 % I i 9 28 J22 rh s i 1 Bk iR 5%
1R BB SRR oy LPS FIl L-MFCC B4
FRIE. 28 25 F ikl 2 .
3.2.3 LINK-FCN-1f vs LINK-FCN 5§ 3 &
P LPS /E Rk A LINK-FCN-11 5 ffi H
LPS il L-MFCC B & F#1iF () LINK-FCN #47 T
PEREXT L o DAIEBA Z R IR A U 2R i B e v LAAR 4T
) 1 T HE DR I BB S5 i SR FH I P 4% 25 #4 AH
[F] AN ZRARFAEAS [F].

# 1 1, Flatten 48 12 it °FJZ s Dense 45 1Y &
24 Z ; ConvlD 48 12— 45 A2 s BN 5 1 &
HHrUEALZ (Batch Normalization, BN) ; Nodes $§
e R RGN E.
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R T PEAG FUGT LU AS A X 4% 1 o 3 iR 1 1 i
I SLHR T 4 AR A 2 W 1 45 5 A —Fh
FPEM AR bR A TR REPEHI. 43 S P 4 % iR
2Z X (Mean Absolute Deviation, MAD) , il (=
1% ¥, (Frequency Signal-Noise ratio, F-SNR), i&
5 B PEAYL (Perceptual Evaluation of Speech
Quality, PESQ) FI & if % WL #] i Ji (Short-Time
Objective Intelligibility, STOI).

Sy 4 R 2 X (MLAD) 2 FH SR 8080
P A B e 2 — RO BERL T B A T HE S LSS
(B2 ) ) 22 S AL AR B (AR T Ak
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MAD :%(Z\f(Xi)—Yi ) 9

Horpr, £OX0) AR AR AR B A i RRAE; Y
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{5 M b — B A B K BRI R I FE bR
Z— B i T E S T E S IR AR A T LR
I M L (F-SNRO VR Sy FeAsebrfe o535 2 an
K6 PR,

T R AR (PESQ) J2 ITU-T 7£ 2001
AR Y P 862 A i rp L I FH 9 o A PR
Febr. HARSMERITE 0. 5~4. 5 [ , f5 4 25 i 3
7N T B BT A T R

x1 WEERESH

Tab.1 Network config
Networks Layers Nodes Parameters
DNN +(D§:§?§L> s 1150-1150-1150-1150-1150 8 378 085

S I 2 WL AT 186 2 (STOT) J2 75 45 b FAT sl 5
AIPPI R AR 2 — 3l i 55 S 1 T A T I A
Xof Fe T A5 4y HAEAE 0~1. 0 22 [a] 4B s 3
BRI AT T O o BB, SRR T
FFl STOT SR HEAT VT 43, — R A G2 STOT

Bk, —Fh 2 Jesper Jensen #2 H Y ESTOI (Ex-
tended STOD) & 321,

FWEPE A 5 R FH 0 8- 38 35 0L 40 v
(Mean Opinion Score, MOS). & 53FE4r 19 A 3t
A 20 N FEAE AR IR EOLT W U G5
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4.1 BEUNEREIRSWN

TEANR] SNR 2251 T 9 45 R ke 2~3% 5
s FErP AR A BIESE 1 24 il 40 -4
(L » SCTE AR A9 A 224 i 2 P 2 B e DG 1)

R2 FEOIBTHIXEEER
Tab. 2

Comparison results at 0 dB

Networks MAD  STOI ESTOI PESQ F-SNR Parameters

BRI B, A TG A b R B
x4 £S5 IBTHXEEER

Tab. 4 Comparison results at 5 dB

Networks MAD  STOI ESTOI PESQ F-SNR Parameters
Noisy — 0.7796 0.5935 2.0250 3.3937 —
DNN 0.7026 0.8387 0.677 4 2.6809 9.579 3 8 378 085
FCN 0.6552 0.8528 0.7056 2.7583 9.8741 8353933

LH\‘IKi 0.6547 0.8706 0.741 2 2.856 8 10.089 5 8 352 909
FCN
LINK-

FCN-1£ 0.6427 0.843 3 0.6957 2.7399 9.568 6 7 983 424

*x5 710 dB FTHYXTELER

Tab.5 Comparison results at 10 dB

Noisy —— 0.6784 0.4604 1.7703 0.782 8 —
DNN 0.7026 0.794 9 0.604 8 2.476 9 9.3154 8 378 085
FCN 0.6552 0.807 2 0.627 5 2.544 1 9.866 1 8 353 933

ISE 0.6547 0.8212 0.656 4 2.6120 9.9324 8 352 909

LINK- _ .
FONqp 06427 0.7782 0.592 1 2,455 6 0.438 6 7 983 424

x3 2B THXLER

Tab. 3 Comparison results at 2 dB

Networks MAD  STOI ESTOI PESQ F-SNR Parameters
Noisy — 0.716 1 0.506 8 1.852 8 1.596 2 —
DNN 0.7026 0.8157 0.6336 2.5609 9.548 4 8 378 085
FCN 0.6552 0.827 3 0.6601 2.6421 9.957 8 8 353 933

I;Esf 0.6547 0.8444 0.693 4 2.719 3 10. 054 6 8 352 909

LINK- ) ,
FoNyp 06427 0,809 4 0.635 4 2.587 1 0.884 1 7983 424

H1 3¢ 2~3& 5 AT LIE H 7E R TR SNR 5111 1
PR IREE Y AR SCHR S I R REK TR 2T
F| F-SNR>9 dB (2 , Ui B2 H 1 O 75 FE AR AR
LA ARG 18 5 1 i R B FE I 2Rkt 2 v ol B
Mg P R RIS T AR I B PR AR, FLXHF & 44
PGPS R 5T 2% - R 75 (14 DB B 14 B o e B T
A CNN AT DL 75 3 b 1 FH 85 0 SR B30 AF DG 1
5 T 7 4 A I 35 0 A R 1) M s 24 A B
A AP UEBRERE. (FU2 . TR MR Bs 1) SNR ¢
S22 A 7 o F-SNR 27+ 1 PRIE
AFHIE K ARIE B TR 24 ) & — R 9K sl i O
2% FLPTRES 2 A e M RR -5 Ir(l FH 1 B5aR A G

SO TR 2~ 5 IV LI . FEAE T SNR
GBI B T, TGI8 15 IS 0 Bk B 1% £ AH
IS BN 0 SF T, FON W 4% 25 44 34 & B4R F
DNN 42548, X R FCN A] DL 4 F1) 5

Networks MAD  STOI ESTOI PESQ F-SNR Parameters
Noisy —— 0.8517 0.697 2 2.3255 5.6414 —
DNN 0.7026 0.8549 0.7110 2.8225 9.691 1 8378 085
FCN 0.6552 0.8696 0.7379 2.8839 9.7924 8353933

LI‘I‘EE? 0.654 7 0.8904 0.779 6 3.014 5 10.322 8 8 352 909
LINK-

FON-1{ 0.6427 0.8638 0.736 4 2.873 210.077 1 7 983 424

i#af FCN #1 LINK-FCN % [t ] DL & 31,
G IR 2 2 0 R O AT DA A K 1 D 4% (A T R L A
SNR 5 () 39 uE4E T, LINK-FCN #f [t T FCN,
PESQ By TH&B7E 0. 1 LA F . ESTOI it $2 T}t 3%
W ABTE 0. 03 Lh_E S— DA/ HEREFETE. 43 b7 H:
JERPR 2 FON 0 45 H 1 i Ay 25 fige £ I 2 25 2 3 4
At Ak AT 1 L o TR R 22 110 S ) A i
AHPRAE T ER A i A Ak A B AR
R AT

i LINK-FCN F1 LINK-FCN-1f f %} L. o
AT LA B 2R A5 V11 5 110 T 265 1 B 8 Juc it B
FHURAE I 25 10 ) 45 M BE . Horp PESQ 942 Tt ik
F70.15 LA ELESTOI (- 0. 04 LU L. 38
ATLLE H 76 SNR 24 0 dB (936 F 42 24 v, SRR fF
) LINK-FCN-1{ 63 H: 234 22 F Z45-1F 19 DNN
P28, SXATER T, Z2 RN IR X 2% 1 LLAR
R B b B O B A0 P e R L. 53 4h 1
MAD 35 (6 88 I, LINK-FCN-1 {1 2 B0 48 F 1
b2, J R 2 MAD R 47 43 A7 46 FEBsHSCR L T
LPS Rk, 3¢ E B T BUREAE I 25 0 X 28 18 7 2
AR AIE S 400 R A (A5 I 45 1) 5 A
4.2 EHERESR

D] Sy B S o T X 1) M 7 1 O A B B M
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Tab. 6 Subjective performance comparison of networks

Networks MOS F-SNR
Noisy 2.5 1. 3502
DNN 3.3 6. 9601
FCN 3.4 7.0846

FCN-LINK 3.6 7.2291
FCN-LINK-1{ 3.3 7.0731
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Fig. 3 Speech spectrum comparison
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