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Speech Dereverberation: Review of State-of-the-Arts and Prospects
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(1. Army Engineering University of PLA, Nanjing, 210007, China; 2. College of Information and Communication, National Uni-

versity of Defense Technology, Wuhan, 430010, China)

Abstract: Speech interaction technology is becoming increasingly popular in practical voice-driven applica-
tions. However, due to the inferences caused by reverberation in real-world environments, the perform-
ances of speech interaction in the distant-talking condition are far from being satisfactory. Decades of ef-
forts are devoted to solving the reverberation problem and spawning a vast variety of practical methods.
Recently, the deep learning technique, which is developing rapidly and has greatly reshaped the speech
processing community, also acquires remarkable performance in speech dereverberation. However, a
systematic analysis and summary of the inherent relationship between the recent deep learning based
methods and the previous classical methods is rarely seen. As such, we give a comprehensive overview of
the current and past development of single channel speech dereverberation. Then, the main challenges
are discussed. Finally, we share some views of its future development.
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BN, TEHC L IR AT 5 5 AT LA 4 i 2 A s 1) of i i Y (Room impulse response, RIR) A (2)
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Fig. 1 The composition of a room impulse response
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187 3 BT 73X B85S B e TR L OFAE 5 NI WT OE g B AH G 1 H 0 % (Cochleagram) b #EATRFSE. W5
SEIRRWT IR me Y i e I BT — s Y A X SO AT
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(2) TEAS[FHIAT b o 8 e 1Y B e R 25 LA B8 X il

(3) A [A] A3ty 5 B HE AN [) 198 3 0 2 4%, I LA 288 T A0 R g A3 o 433 43 (200~ 2 000 Hz) (1% %2 I A
XF Hm gz g
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(Gammatone frequency cepstral coefficients, GFCC)M™ | £ 43 ¥ 3 4 B 1 3% ( Multiresolution cochle-
agram, MRCG)™ i 5 38 451 % I8 1 2 5t (Gammatone frequency modulation coefficients, GFMC)M*? 3t
T3P W F4E (Pitch-based feature, PITCH)™ | X} %k iF B 3 4% iF ( Log-magnitude spectral feature,
LOG-MAG) . 850 2k P T 425 4iF ( Perceptual Linear prediction feature, PLP)PY A X} i 45 % PLP 4% 4iF
(Relative spectral transform PLP feature, RASTA-PLP)™* | i B I8 i 3% ( Amplitude modulation spectro-
gram, AMS)™7  Gabor JE % #% 24 %53 4F (Gabor filterbank, GFB)™Y  #f /R $il 2 5] it 2 %t (Mel-frequency
cepstral coefficients, MFCC) , % B /K € I #% 20 45 1L (Log-Mel filterbank feature, LOG-MeD A%} H tH
F ¥ %) MFCC(Relative autocorrelation sequence MFCC, RAS-MFCO) ™" 4 4; A # 5 MFCC(Phase au-
tocorrelation MFCC, PAC-MFCO)™ | H 4] % MFCC(Autocorrelation MFCC, AC-MFCO)™™ | fE & IH —
AL A5 i 22 B (Power-normalized cepstral coefficients, PNCC)™* |
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Tab.1 Speech features and their brief descriptions

BB R fa] Ak
WAV H A HE 5 8E
GF 5 T i SRR AT 1 B A O
GFCC A S ULE A BERI T — R S 4
MRCG A ARLERL SR L W S G = <
GFMC ko G i W 7 RV WK ) ) AR A
PITCH I FH T 58 35 5 43 A B B2 1 B R R AR AE
LOG-MAG X T W O Bos B
PLP 44 358 T A AH 5C 4l 9 1 R AE
RASTA-PLP WS RASTA JE I #5 1) PLP R¢4iE
AMS A il R AR
GFB L — Z 5 Gabor J§ i #5 4115 B (19 FE4E
MFCC W 5 A b B H R AR
LOG-MEL TETE B PR 43 88 v )z Al B R A
RAS-MFCC g 5 5 428 14 P AL
PAC-MFCC FEF A5 5 M A7 B3 A R A
AC-MFCC I MFCC 2b 3 A e i 5 Ve 8 AR 267 51
PNCC S P R o - A 1Y) Bk R MFCC R AIE

L5 EMEEXREBWEENEERR

T 25 TR R 12 1) PR B S AR R BRI R4 P A BE R PEAY - (1) DT & 38 iR 19 1 B2 Ok PP 25 1R ol 1Y e
RE 5 (2) M A B P00 Al BERPEART o X DT A A0 B R Xt 18 5 S I 3 R TR B P A X
] DR — 25 43 o 2 UL PE e A O BE AN L 0 % 0L B A0 48 AR £ 45 181335 BE 2§ (Cepstrum distance,
CD)™" X4 A #8 % (Log likelihood ratio, LLR)™ 45l % AY & 1) 43 Bt 5 M tb (Frequency weighted seg-
mental SNR, FWSegSNR)™ i &% 18 i % i §E 4 Lt (Speech to reverberation modulation energy ratio,
SRMR) Y 18 & i 1 10 B PE My (Perceptual evaluation of speech quality, PESQ)™ , & Wi 415 5 i M B
B & (Short-time objective intelligibility, STOD™", & 2 45 1 T X S M TEM 5 A I T a8l . =0

x2 EBEREFTERWAIENIER

Tab.2 Objective measurements for dereverberated speech
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SRMR it 20 TR AT A AR R AR AR o BRI 3T R BB R R
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HEATEY . N A Sl U B F R PR B 38 5 U 9 45 18] 26 (Word error rate, WER) # & # FAE 1T
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2 HBAWMEFEXRREWAE

AR ) 2P 6 AR N A0 31 Z2 LR o A1 4 43 b R Y LR R ik
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M) 15 5 R AT A B P 33000 O A T A L 1 A TR o 0 A R 2 — 2 AR T 4 B OR
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LP) 5k 22 i U O il 1 1 7 < BE /9 RIR 06 0 i e LA 40 1) 7 SR ey o 4K 17T 398 08 e RZE DA 200~ 400 ms
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» 2 2 61 10
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K= | T O ELAFS |+ | e b R T, G R 0 ms. £, 0 R U D 0390 A

H 175 #: (Short-Time Fourier transformation, STEFT) I 3% Wi #2 #¢ &5 %5 .
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(R, [f]]° 4350, SR T AE & R A A AR ARt

F) 26 PR BF A28 8 % %% (Linear time-invariant filter, LTI filter) BT H R BRI H — DB, b
B AR F MR B T B PR MR AT A AT B T £k 1 1R 25 (Weighted linear prediction error, WPE) 75 557,
WPE £ STET 5/ 1647 41 F 1 K i 26 bt 00000
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K NI Wy, [F ] ARFSER £ E ) STET i R B0 R s, Jo 008 2 6 Bt 46 1% G. Sk
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i, I, H T AR 74 B4 fi# (Non-negative matrix factorization, NMEF) 58 55 75 18 35 4 3 5 10 3k 45
TR R PR A 4 A A T RE 4 AR AT M X OB A S AT A R 3R T NMF B Y
IR ML i Kameoka $2 17, 72 3F 9 29 30 £ 336 8 I 19 97 i 4% 4% o8 %1 (Modulation transfer
function, MTF) , I K fi NMF [] 3 28 Hit 1) 37 125 32 ARk X 25 > S G AT Al 1 R A B Y Oy
y(kst) = D h (kst)s(ket — 1) (12)
ey FUR 43 5 D B AU A TR R 1 A 5 L SR 5 5 M RIR (5 S B RY . & g A [ B33 1 1ol ¢
9 W Y . BRI BEE E E S R4 DOk (kee) =1 LI BRAEA 9 R O (Scale ambigu-
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A cw B SE R BB — A TE & 73k AR, - LR B S . XA ARSE Ny
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b Al th B F AT 2 o 6 RIR BRI A 20 3. (1) b R 19 3k f ROBE B0 1) 29 5, (2) X F
FRA ) o2 b (ko) <<h(k,o— 1) ARG, O T SR 0 o X o 3 15 5 JE AT g B, LA — 8 ) ) i
SRR AR ) 10 B B T X E R A S AT A Be A, ) B R S R R R R R 5 i Y T
fEH ., Mohanan 223 %t RIR 7 4 JINTE 22 1) 20 o AR T 25 BRACR - 40 B8 17 X5 RIR 3 49 45 in i 5t
Y E RIR B 38 7715 R B A 465 R 00 300 S 5 3 0 o F 5 TR W g S i . Liang 36 L3 i B
43 1 (Generalized inverse-Gaussian, GIG) 197650 B , i FH 728 43 ik W7 07 06 4 45 > S HGHEATHEE . AR
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TR W) 7 32 T A e 1 )
2.3 ETREFINBEEEZRMAE
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AWM TRZE FALN LS W44 1 LRk, J 1
o4 35 3L T M 8 5 59 £§ (Denoising auto-encoder, DAE) [y 2 ykM0 181, ;
LT 4 35 PRV B 22 4% (Deep neural networks, DNN) [y 8 k1, %
BIE S E 5 MK E 212 M 4% (Long short-term memory,
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3| S B
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T A Y e S O AR — A B RO A 2 B A (Complex ideal ratio
mask, cIRM)RRE ™. YA DAE sijg DNN Wi & f5 5 i1 5
SIS TS FIE BT IR F WOk, FEAEH MR AT W2 RTHREANTHEMLK

LSTND MSEE ) 45, IR MIE FURHE% 3 10 S0 SR K BB IS a0 s 2 s
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DAE 5# DNN ) 1 ¥ 25 1R Wi 5305 TR 1A 28 38 A0 B, (] 0 4 4k 3 0 o PR REN
HWUF S kI LU b WOE S5 S N PO 2+ 1 AN IR IE 5 iy Fig 2 Diagrams of deep artificial
W1 o 1 5 L T BT 2 3 0 i e neural network based al-

i/b =Y, .Y e Y Y, WYe, ) (16) gorithms for speech dere-
S« p Sy B T 2 1 G 4SS verberation

Wu $8 H 76 A [R] IR Wi 5] 18] 254 F . STET B M A S NAEH O p
A 36 OV F 25 IR W SR A — S, IS T R R AT . LR SR REE. REA T
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HAF RN E SRS T T m Wa 53 F 25 8 T IR i) ], 15 LR m) 848 8 7 0. sesh. &
X 1B B AR 5 B PR 1 o0 — > A R S B R L 48 B P 5 4 il 22 I 2% LSTM 5t 02 bb A A 36 P 1 B )
W25 A5 T M e M2 . KR T R 72904 & (9 DAE 5 DNN, LSTM H 4 J2 [a] £ 3 14 i [i] 33 )5
S5 X B A S RENS AR B P (5 8 . BLAP, LSTM I FE AR T 46 4 4 42 W 4% (Recurrent neural net-
work, RNN) B % 4 B {1486 5 114 2k 7] 35 ( Vanishing gradient problem) H g% 52 315 DNN A {5 £ % 5 47
MIRCRT . B3 Sl TR AT I x= (20 o) BB F S m = Gny oo omy) BB G 3R 19 364
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Fig. 3 Long short-term memory (LSTM) Fig. 4 Feature level speech dereverberation algorithm

based on long short-term memory (LSTM)
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