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A lightweight speech enhancenment method based on dual branch
complex spectrum with multiple feature aggregation

Zhang Tiangi,Shen Xiwen, Tang Juan,Tan Shuang

(School of Communication and Information Engineering, Chongqing University of Posts and

Telecommunications, Chongqing 400065, China)

Abstract : To address the issues with current variations of Convolution Recurrent Networks ( CRN) , which often extract limited features,
capture global characteristics poorly, and have large parameter sizes under single masking or mapping encoder-decoder structures, this
paper proposes an efficient single-channel speech enhancement network. This network combines a multi-feature aggregation convolution
module, leveraging complex spectrum joint masking and mapping, with an efficient Transformer-based attention mechanism. In the
encoder-decoder layer, a Dual-branch Gated Cooperative Unit (DGCU) is designed to interact and aggregate multi-level complex spectral
features, addressing the problem of singular feature extraction. The intermediate layer incorporates a Channel-Time-Frequency Attention
Fusion Module, focusing on spatial and time-frequency local detail features of speech. Ablation and comparative experiments on the
THCHS30 dataset demonstrate that this network achieves lightweight efficiency with the lowest parameter count and relatively low
computational cost. It improves PESQ by 10.5% ~ 50.6% and 16.3% ~ 94.5% under matched and mismatched noise conditions,
respectively. Both objective and subjective metrics outperform other comparative network models, exhibiting superior noise reduction
performance and network generalization capability.
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Fig. 1 Flowchart of speech enhancement
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Fig.2 Dual-branch gated collaboration in encoder and decoder
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Fig. 3 Improved time/frequency attention fusion Transformer
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J AT, ITAT ¥ SMOS #9437 1~5 SN,
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Table 3 Comparison of different network configuration on

speech enhancement effect under unmatched noise

i/ fAnEEC PR PESQ STOL/%  BHUE/M
3 4 2.51 87.5 0.32
3 5 2.48 87.7 0.36
4 3 2.50 88.3 0.33
4 4 2.62 88.9 0.37
4 5 2.53 90. 0 0. 41

4 g A L8 AR v A [ AR R 2H G 1Y) T i S X
E, Ho GConv 7Rl GCRN' H iy ] 45 45 UL T
ITransformer %78 IT/FAT G T/F £ & 5 , IT/FAT v
DGCU 43 il J2& A< SC 2 04 oi 2 i B 000 3 2 ) il &
transformer A3 3 T BB IT, idl RS2
AT BB I (GConv ) M E]JZ i F Ttransformer;
id2 J& id1 #4l FFE Transformer FIMA T/F 12 J7;id3
J2 id1 ZEffi EA GConv Fi ey DGCU;id4 2 id3 &4l |
TE Transformer HIIA T/F 1# & 1 ;id5 8 DGCU . IT/
FAT FUEE I, INSEIZs n] LUE A SCe
Y DGCU T/F 11 IT/FAT S5 RUER SR T T 45 11
PERE, AL, 0 A 3H 1 {3 22 77 #4558 ( Propose ) RE 8 i —
HARTHM 45 (P E LR, PESQ . STOI( % ) 4351148 7t 0. 06
F10.5%

F4 FAEERETAREREEEE STt
Table 4 Comparison of ablation experiments using

different network models under unmatched noise

s id PESQ STOI(%) CSIG CBAK COVL

GConv+ITransformer 1 2.39 87.4 3.61  2.77 2.94
GConv+IT/FAT 2 2.43 87.7 3.66 2.83 3.00
DGCU+ITransformer 3 2.48 88.2 3.75 2,99 311
DGCU+IT/FAT 4 255 88.4 3.84 3.05 3.20

Propose 5 2.62 88.9 3.8 3.09 3.25
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Table 5 Performance comparison of different speech

enhancement output methods under unmatched noise

sl PESQ STOI(%) CSIG CBAK  COVL
AR 2.54 88. 1 3.83 2,98  3.09
st 2.52 88.2 3.86 296 3.11
PR 2.59 88.6 3.91 3.06  3.22
SRR N 2.54 88.5 3.76 3.02  3.15
BRE AL (ASL) 2,62 88.9 3.88 309 3.25

3.4 P
SR B EAR SCI 45 1 1 14 0 A Az Ak AR D, FEEAT

Ao 1) Xof U S8, 0T L B 0 £ AR AU Sy 6 Rl s ARl A 2R Y
Sk 1 5 B G A R, 4> 51 5 DCUNET'™ | RCED™ |
CCRN,GCRN, DCCRN, CAUNET'®' | H 1 Propose-L J&
RIS ZECN 3, P EZECy 4 (B
DCUNET J&{fi F &2 4 F32 550 1) 2 £ 5 245 14 I % , RCED
JE— 2 LA B I Ak B A G A R ) 2%, CAUNET J2 3
T A B H A XU 42 Transformer B4 2 6 5 45 4 )
% A XTI (1 S R 25 0 5 TR S0k B — 5, 7E
YIZRIT 127 2 238 Pk R B BER S50 5 A SOy TR R
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6.7 535 R A W 245 AE DT BE I 75 RN DE BC RS T
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HARTE T W45 fE; GCRN 7E CCRN LAl F 4l 45 %
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A, SRR AT REAE T TR G RUS B W T 0 S0
W2 B 32, CAUNET ff F S 4% Transfomer, 75
Wi KT 9 A 0 J R (A B 1R B R A, PESQ
1 STOL 85 B A S (R bR 4, X e R iy
ST AT TR RS B P45, AR S 46 16 T A {5 e L R Y
PESQ STOI ¥JHUR T 55 i B 4088, “F- 39745 43 43 g2 7t T
0.09~0.39 1. 2% ~4. 9% , Ui BH 74 [0 28 Xef W& 7 (14 417 o 20 S
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Table 6 Comparison of generalization performance of under different signal-to-noise ratios under matched noise

AR PESQ STOI(% ) S /M

SN - -5 0 5 10 ¥ -5 0 5 10 ¥E -

B - 1.23 1.41 1.66  1.99 1.57 69.5 76.7 835  89.1 79.7 -
RCED g J85 3% ( Map ) 1.82  2.13 2,51 2.8 234 76.6 848 90.2 932  86.2 4.13
DCUNET I3 (Mask ) .89  2.21 255 2,92 239 780 8.4  90.5 939  87.0 3.60
CCRN SN (Map) .89  2.22  2.59 2.97 2,42 71.2 86.0 91.2  94.3 87.2 9.06
GCRN SR (Map) .98 2.31 2,70 3.03 251 789 8.7 91.7 944  88.2 9.77
DCCRN ST (Map) 2.01 239 278 3.08 2.5 796 8.9 920 946  88.5 3.70
CAUNET i 0I5 ( Map) 2,00 242 2.8 311 262 80.4 8.1 923 949 889 1. 04
Propose-L S HFiil(Map+Mask)  2.13  2.46  2.87  3.18 2.66 80.3 87.9 92.2 949  88.8 0.32
Propose ST (Map+Mask) 2,17 2,53 2.92 3.29 273 8.7 8.2 931 955 90.1 0.37

SR IEAR S5 B LS FH 5 1 X 2532 A 3
ey, AE MR AE (i FHAS DE BE e s - AT 6 E . sk 7 B
ARVLE A DCUNET B945 36 45 b CCRN 45 8 KT,

{EXEVL e R A9 DCUNET 5 CCRN A AL A PEgE, 5
IR AT B 2 s RS B 4724 ) RN M 4R AE . 53
A ASDCEC R (K B R 2P RE A — & I R & HAR
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Table 7 Comparison of generalization performance of under different signal-to-noise ratios under unmatched noise
FRAE 2SR PESQ STOI(% ) S /M
N — -5 0 5 10 ¥iE -5 0 5 10 ¥a -
- -5 0 5 10 HfE -5 0 5 10 HfH -

RS - .30 1.4 1.6 1.8 1.55 66.8 749 8.3 883  78.1 -
RCED I £ 13 (Map) 1.68 1.8  2.20 264 2,10 7.2 80.2 8.1 927  83.1 4.13
DCUNET ST (Mask ) 1.78  2.08 245 2.8 229 744 838 8.8 935 854 3.60
CCRN S (Map) .77 2.02 235 276 222 71.7 8.3 8.6  93.2  83.7 9.06
GCRN S (Map) 1.81  2.14 2,46 2.85 232 729 8.1 8.4 935 847 9.77
DCCRN S (Map) 1.84 2,17 251 292 236 737 8.7 90.2  93.8 854 3.70
CAUNET 3838 ( Map ) 1.92 2.28 2.67 3.02 2.47 78. 4 87.0 91.5 94. 4 87.8 1.04
Propose-L. S HFiil(Map+Mask)  1.95  2.34  2.70  3.06 2.51 78.1 8.6 9.1 943 875 0.32
Propose ST (Map+Mask) — 2.04 2,42 2.81 3.19 262 8.1 880 925 951  88.9 0.37

M EEFRRR T B e > BT A {5 e LR 19 PESQ , STOIT $5
bR o 38 fe s, S 305 40 43 B T T 0015 ~ 0.52 Al
1. 1% ~6. 9% , UL BHAS SCELAT 55 i (165 B 1 B0 11 ) 4%
ZALRE T R

% 8 M5 A RIAE AR DT FC MR R A 3 Fl U4

$8H5 (CSIG .CBAK ,COVL) 1357, LY 45 R R A SC M 2%
(9 3 F LR R A0 2 o T AR I 265, T RIS [ 46 X 75
SRR AR RE ) B0 , REAT AW B, T SRR
IR AR BT i B

*8 AEEREETEMLER TR CSIG,.CBAK,COVL {45
Table 8 CSIG, CBAK, COVL average scores of each network under unmatched noise

X SRR RCED DCUNET CCRN GCRN DCCRN CAUNET Popose-L Popose
CSIG 2.43 3.31 3.37 3.33 3.42 3.51 3.72 3.79 3.88
CBAK 1.77 2.68 2.77 2.69 2.71 2.78 2.92 3.01 3.09
COVL 1.92 2.71 2. 80 2.77 2.89 2.96 3.07 3.13 3.25

P17 S 45 6 20 AP0 ) S5 VA B R 2t sop 0
XTHE . RCED i FHERZHH L SR MERZ | 25k o
RSk B e 2 DA 5 B A D Lo aNNg
K;DCUNET th FHE K SRS RB R B | % % %§ §§ % % % lo 2
R % BURMOR, BOR A9 S 4% 42 B CCRN GCRN, 313 % %§ §§ % % g | =
DCCRN BT KB BRSO M2 )2 1STM G5k % %\\ % %§ %§ % % % !
SN T ZHRRIFE R, Horh DOCRN 9% 6 BLis s 1Rl in
RIS LSTM G2 FEUCHI T 5% i i h T S48 F Rl I"
PN T (75 2 BRI s CAUNET (1) 22 2 3 4 \ S )

AR (Dense-Block ) , HH:H 1% 45 BRUAZ 14 e AR 2
R AR i M S RO P R AR SCAE 4 it A Ak
A 5 AR O BCRE S RS S9AR DN | HLO 36 B i B i
AT T, SRR AR, (i T i b B 2
Bz, e 7,

MIEL 7 327 AT LR A AR SCHR R AR ) {1
Propose-L [ i1 5.1 5 & 7 ¥ CCRN i 5 & A1 4, {2
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7 ANVEFECHERR 2% 2% i S E0E A H R R XL
Fig.7 Comparison in terms of parameters and computations

of each network under unmatched noise

PESQ STOT 43 B TH 43. 3% 67. 9% ; A SC 42 A #55 A4



288 % & L F ¥ ¥ 45%

Propose ZHE 5 GCRN S 5= 4%, H PESQ . STOI 4y 14 =
ST 39.0% (63, 6% , JlL i X HL AP T BB 195 ¥ b oaa e s Ba
7 JEEMIERE RPN LIS Propose M A5 & ' Ao 7
BRI B 5 T S 4 BE R (H 2 8 e B IS LM R R 1, N i AL | ]
Propose-L T4t 5 A SE REIOBIRA Y (RS HCRAL qos | : il
PERBILOL TAZ B, s, AT DL A SC i i, ~ (|| : A -
A, VR RO A B | S MR AR | 3

K 8 % 7€ Babble. White. M109 . Factory2 . Pink . 04T :
Hfchannel ,Car Station 258 75 F S [A] 0] 25 455 A4 1% 1L.SD 15 02 W shel=l A B INTRE
Sy (4 FMEWE T LSD 154: (O RIME ) | i 18 oh % Ho 45 L T o LA E 1 N a

AR SC A 4% 7 Hifchannel M 75 F BU/S T 5
CAUNET MZ&AHIT Y LSD 1553, {H H A M s 4 A T
/N LSD 45343, B BH A SC 5 1 0 22 50088 75 R AIE 19 2 2 i
IRAE T ek, Hif g R B /D

ST BRI EL LR A5 I 2% 1 e MR B ), N B M i
Y BERRCR AT AL, A 9 10 /R, LAY Station MR H.

0 e W Woml o k\ﬁmme‘ CF o®

ZZRCED NNDCUNETEZACCRN EAGCRNRIDCCRN JCAUNETES Propose

K8 AN % 45 HF 2 1SD #350
Fig. 8 Average LSD scores of each network under

different noises
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Fig. 10  Enhanced speech Spectrogram using different methods
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