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A speech emotion recognition algorithm
based on DN-ResNetll
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Abstract: To address the high complexity of network training and improve speech emotion feature extraction, a dual-
branch feature extraction model based on DN-ResNetl1 and a channel attention residual network (CRNet) was pro-
posed. Firstly, the low-complexity DN-ResNetll was designed to efficiently extract fused emotional features from
spectrograms, enhancing emotion recognition accuracy. Secondly, multiscale guided filtering and the local binary pat-
tern (LBP) algorithm were incorporated to enhance spectrogram details. Finally, the two sets of features were fused
for emotion classification, forming a dual-branch weighted fusion model (weighted fusion model based on dual nested
residual and channel residual network, WFDN CRNet), further enhancing emotional representation ability. Experi-
ments on the CASIA, EMO-DB, and IEMOCAP speech emotion datasets show emotion recognition rates of 94.58%,
85.59%, and 65.72%, respectively. The proposed method not only achieves superior emotion recognition rates com-

pared to baseline models such as ResNetl8, but also significantly reduces computational cost, demonstrating the
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model’s effectiveness.

Key words: emotion recognition, dual nested residual network, detail enhancement, weighted fusion
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fiEs (3) BINJEHE —MEAZL (local binary pattern,
LBP) 5334 B3 s in A 1% B SCEE Dy 1) A 15 JeK
FRAE, FF 8T T CRNet B 84 £ HU A% 18 15 4 1
LBPFHiE: (4) K3 5niE ERHIE 5 LBP RHAE AL
RE AR BRI RHE B, BT 02K, SR
WoR, ARSCHEIEAE RS 28 IR FE R RN, 17 /K
ARG R ERT

1 WBEHRORAIEE

1.1 T DN-ResNet11 §915 BA4FE IR ENAR R

kst U 1 B, R IR X 5
PERURHIE F(x) I RINZs A, (B1540 HARFE Y(x) BE
B8 TS BYE B X RE 7RG BER: [
i, TR TR T R R, R
FfERRIE AR, A LLARTRZE I I 2 454, Bk
25 GE RN X 48 2 BV T R S IR, A R T 4%
S CE TiA- 5 & AR

3x3 Conv
3x3 Conv

1x1 Conv

3x3 Conv
1x1 Conv

N G,(n)
X . . __aé

x,64

3x3 Conv,64

3x3 Conv,64

A

jj
ReLU

Y(x)=x+F(x)
1 BRELH

S BN AR R AL S U IR R e, N 7e
3 M P Bk 2 S F 0 R AL B A R, 5 PR
VRGO — b ik, ESe, RIEREER
Y 25 4 A R I 5 1 R I P R B, R RO
LR /D RIER R B, JFE 85 M Ak b
RE— R RREREER, REPURERE
SR 2 prr .

FEAZET, BB ARIE e, 2 WZ
3x3 BRI AT BIRHE pi= Gi(x), K py R
BN 2 3x3 B BT JE BRI AN R = 451
H5—RE 1M, 2545 2L Go(x) 5 HFE S,
), - RINAF RS RAE yo=$100) + Ga(0)s
e, IR 33 F RS 2R AE Ga(p)s

3x3 Conv

»2 Gy(»)
3—. —>@—> y

Si0m)

K2 RURERZEL



m MREF X

- 142+

R, 40 NFE x 26 400 KR AR 25 7 3x3 B
1x1 B 33 B = E BRI G R3] S)(x),
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AR, BAE7REEG: T (neutraD . AR
(angry) « ZY1E (fear) . & 2% (happy) « 15 0
(sadness) « JR & (disgust) . JCHIl (boredom) o
2R R IE S A H 16 kKHz K AF, 16 bit &
th, SLEE 535 %5

(3) IEMOCAP ifs ¥ %415 £ 2 #H 10 £7 38 7
(55540 FliREE S 15 BREEE, FiEA
[FE M EAR 5, B8 435 £ (angry).
2% Chappy). H% (neutral). 7.0 (sadness).
ZAIEAEE S AR F 16 kHz K AFF, 16 bit w4k,
HALE 5 531 4540

SIS BRI % N 0.001, HLALHE N 16,
IEAR R EL S 400 T, 1 B B0 B 1) 80% S I 4k
£, 20% MMRAE, BRGNS, WER
NYEFER (3x224%224)
2.2 SEIE1

NG AIE DN-ResNet 11 FE & 44 & 1 XUk B 5%
FEGE RIS R AERUR 5 ResNet18 il ResNeXt
BEATXFELSESG, FNR—IE A, MmN e,
DN-ResNetl1. ResNetl8 5 ResNeXt & 244 F&f %} Lt
UL 5 1, DN-ResNetll ] FLOPs >~ ResNet18 Al
ResNeXt [ 0.36 5 F10.17 %, S40E N 0.12 51
0.06 {5, MemR+W } 0.47 f5F10.12 1% . Z5 3R %
A, DN-ResNetl1 7 I [A] F1 7 [B] 52 % FE | 15 3% %
i, Wk T UIRIS [R) R4 T R0%.

%1 DN-ResNet11.ResNet18 5 ResNeXt & ZLE ¥ttt

o} B I FLOPS JEE S5y MemR+W
ResNet18 1.82x10° 11 179 590 95.09 MB
ResNeXt 3.81x10° 22996 038 383.84 MB

DN-ResNetll  0.66x10° 1286 692 44.53 MB

LA CASIA HE S0, 3 7l o4 45 )1 ks o4
A EAR AR Z & 7 B, o DN-
ResNet11 AR 50 IS, BRI I K
G, FEIRARECN 100 ] e AR RIS T

FaxE, E/NEREIANESD, B ASCRE,
SR AR P AL AL A DL A 2 gk 1) 77 23 k) 2
21, fENGR)E I, BIBYRRAEAE O 2% B I RHAIE Jk
fih bBEAT O, AT AR W SRR B M. X B
ResNet18 Fll ResNeXt, DN-ResNetl1 1% 4 g S i
JE e B EL VR AR B o

ki —-ResNet18
o ---ResNeXt
0 g — DN-ResNetl 1

0 50 100 150 200 250 300 350 400
IERREL
P73 7 o 2 )1 IS s 3 i S AR B A i 2

CASIA 45 T FH B R L& 2, EMO-
DB £ #5 4 T 1 BRI 2 LK 3, IEMOCAP #§
PR T A5 EGR R L2 4,

=2 CASIAHFEETHIBERIRAIZ

15 B ResNet18 ResNeXt DN-ResNet11
Gt 90.00% 92.50% 87.50%
R 92.50% 72.50% 87.50%
(RS 77.50% 87.50% 87.50%
ok 85.00% 85.00% 92.50%
ity 80.00% 77.50% 82.50%
g 100% 100% 100%

TR 87.50% 85.83% 89.58%

%3 EMO-DB#IE&E TRYVIFRINAIZE

eSS ResNet18 ResNeXt DN-ResNet11

o 92.31% 80.77% 88.46%
TR 70.59% 88.24% 76.47%
% 70.00% 50.00% 80.00%
i 92.86% 78.57% 92.86%
FoH 66.67% 80.00% 60.00%
T 75.00% 81.25% 87.50%
it 76.92% 84.61% 84.15%
PN 79.28% 79.28% 81.98%
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15 & ResNet18 ResNeXt  DN-ResNetll
R 74.31% 66.06% 70.64%
% 55.06% 44.55% 55.06%
rp 63.30% 43.10% 56.03%
[N 57.80% 64.22% 69.75%

ST 2R 62.62% 54.48% 62.87%
ZE5R 1 BRATEY, DN-ResNetl1 7E FFK

2% 52 A FE IR R ST TR AR TERE, TR & —
SEMZAE. BRI, . e, e
SRS, BOWIRE ChHRTEI R 1 5
VA ERERRAC, ASMPORHA mRsEAPUEED .
BhAh, TR SR I R 22 S 3R B R R . 3R
M PSSR R sz T AL RE, W IEMOCAP %
PR LR A R PE . B AKE, ResNetl8
(11 555 4% £ Lk DN-ResNet11 #£12.76 1%, HJ5
B BAR RE , AE T SRR R

23 ZEE2

ZZ KSR, EBOEHKSECN: (rmin=
1, &min=0.005).(Fmax =3 €max =0.015)), 13 R 1=
3o ANTRIAR 5 0 A v 1R B O 1 0 T 8 BT
F o IR R R SR G P 8 5 AN TR R g
BHEAT FRAE RS 55 AL, 19 B8R 5 1IN RUE
Bl o /N ROBE JE 8 5 (V0 3 PR R B N, R
TIEIEEE BB 2 AT, A B 2.2 Bk
ﬁ%*ﬁﬂﬁﬁ%%&ﬁ%kﬁ%%&ﬁ%%

W R IR s G R AR 5 S AR
WL, PR A R T I e B L, AR T
JERFAE IR

W A% G B 5 I BUTE S B R A AL RN
IF¥ BF BEAE X LSV, AR 04 % T DN-
ResNet11+BF 5 DN-ResNet11+GF ] I8 ¥ 45 B G
K9 P, CASIA $d 8 N AN [F) A5 AL ) 15 12 1R )
W35, EMO-DB 4 4 N AN [F ALY 1) 475 % 17

3 &
@) FRERE () AREERE () K
BSOS b i
#5 CASIAIBETARIRERIFRIZAER
g R 2L % it o WA TR

ResNetl8 90.00% 92.50% 77.50% 85.00% 80.00% 100% 87.50%
ResNetl1 8+BF 85.00% 85.00% 92.50% 92.50% 82.50% 100% 89.58%
ResNetl18+GF 87.50% 82.50% 95.00% 92.50% 82.50% 100% 90.00%
ResNeXt 92.50% 72.50% 87.50% 87.50% 77.50% 100% 85.83%
ResNeXt+BF 72.50% 87.50% 97.00% 95.00% 75.00% 100% 87.83%
ResNeXt+GF 90.00% 82.50% 90.00% 85.00% 82.50% 100% 88.33%
DN-ResNetl1 87.50% 87.50% 87.50% 92.50% 82.50% 100% 89.58%
DN-ResNetl11+BF 90.00% 88.00% 92.00% 92.00% 80.00% 100% 90.40%
DN-ResNetl1+GF 90.00% 90.00% 97.00% 95.00% 85.00% 100% 92.92%
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70%
1
60%
50%
it
40%
o 30%
-20%
s -10%

B (22 i Pt

(¢) IEMOCAP¥(#4: F iyDN-ResNetl1+BF

AR LR 6, IEMOCAP i 4 T A [ Y [ 15 J%
BN 7.
*F bt CASIA 14 2 1 EMO-DB %45 45 T 19

100%
R
80%
oA 60%
L1VaN
rpk L 40%
TN e
:I\fi,:ﬁ- 100.00%
-0
AR B R b B B
(b) CASIA%(##4E T ByDN-ResNetl 1+GF
100%
%
TE 80%
R
60%
-40%
P
ik -20%
s 0 0 100.00%
s -0
AR B PR RBME w2 i i
(d) EMO-DB%#E4E F iJDN-ResNet11+GF
70%
AR
60%
50%
(a3
40%
" -30%
-20%
T - 10%
-0

R HX Hhk Ui
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ResNet18 92.31% 66.67% 75.00% 70.59% 70.00% 92.86% 75.92% 79.28%
ResNet18+BF 88.46% 76.47% 80.00% 92.68% 60.00% 87.50% 84.62% 80.68%
ResNet18+GF 84.62% 82.35% 80.00% 92.68% 60.00% 87.50% 100% 83.78%
ResNeXt 80.77% 80.00% 81.25% 88.24% 50.00% 78.57% 84.61% 79.28%
ResNeXt+BF 84.62% 47.06% 80.00% 71.43% 66.67% 87.50% 84.62% 74.78%
ResNeXt+GF 84.62% 71.43% 60.00% 85.71% 60.00% 93.75% 100% 80.18%
DN-ResNetl1 88.64% 60.00% 87.50% 76.47% 80.00% 92.86% 84.15% 81.98%
DN-ResNetl1+BF 84.62% 82.35% 90.00% 92.86% 66.67% 81.25% 84.62% 82.88%
DN-ResNet11+GF 84.62% 82.35% 90.00% 100% 60.00% 81.25% 100% 84.68%

B 2% 5 ResNet18+GF ZEAAH Y, Hm TH  EEESHENMRSEH a=1-p 5, RFEM

fl A7 . 27 F iR, DN-ResNetl1+GF 7EiE 3% 1
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() 155 R 1 i B 3k A 08 B e R AR 1 K I R AE
fit

%= 7 |EMOCAP HRE T ARMER A IBERGR A ZE

pam S T T j;j;
ResNet18 74.31% 55.06% 63.30% 57.80% 62.62%
ResNetl18+BF 71.43% 55.05% 55.45% 58.82% 60.19%
ResNetl18+GF 71.43% 57.79% 62.73% 62.75% 63.68%
ResNeXt 66.06% 44.55% 43.10% 64.22% 54.48%
ResNeXt+BF 72.45% 45.87% 47.27% 52.94% 54.18%
ResNeXt+GF 66.33% 49.54% 48.18% 62.75% 56.33%

DN-ResNetl1 70.64% 55.06% 56.03% 69.75% 62.87%
DN-ResNetl1+BF  72.73% 55.06% 46.50% 67.27% 60.39%

DN-ResNet11+GF  73.47% 58.72% 53.64% 67.65% 63.37%
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=8 A [ENEBIMLE S ZE AT
Y FLOPS IEE 6 MemR+W
ResNet18 1.82x10° 11 179 590 95.09 MB
ResNeXt 3.81x10° 22 996 038 383.84 MB
CRNet 0.25%10° 439 081 34.41 MB
DN-ResNetl1 0.66x10° 1286 692 44.53 MB
WFEDN_CRNet  0.91x10° 1724231 78.94 MB

(") WFDN_CRNet #47 XJ b . 223 Il 255 3100,
AN A B4 4 T DN-ResNet11+GF 5 WFDN_CRNet
HVRIEFERE N 11, CASIA Bi4E N H1 R
FE MWK, EMO-DBEHESE FHIHEIAIZ N 10,
IEMOCAP #4548 T (15 BH M W& 11,

7E CASIA ¥(¥5 %5, WFDN_CRNet f{]°F- 3
TR R B, IEF 94.58%; AR EL At 4 Rl
TP 35970 2 35 Bt . 7E EMO-DB %4 4

N, WFDN_CRNet i 7 {5 8O ) K e iy, 1A
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TR AR I TF . 7 IEMOCAP £ 5 45 F
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£ CASIA % 48 4 f1 IEMOCAP %[ 4% 4 T ,
WFDN_CRNet /1 WFDN_CRNet0 15 &R 51 215
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i I 1) ResNet18+GF ResNeXt+GF DN-ResNet11+GF WEDN_CRNet0 WEFDN_CRNet
AR 87.50% 90.00% 90.00% 90.00% 97.50%
R 82.50% 82.50% 90.00% 90.00% 90.00%
[P 95.00% 90.00% 97.50% 97.00% 95.00%
Rk 92.50% 85.00% 95.00% 100% 95.00%
0 82.50% 82.50% 85.00% 85.00% 90.00%
e 100% 100% 100% 100.00% 100%

PR 90.00% 88.33% 92.92% 93.75% 94.58%
%10 EMO-DB#EE THIERIRAIZE
{5 I ResNet18+GF ResNeXt+GF DN-ResNetl1+GF WEDN_CRNet0 WFDN_CRNet
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ok 87.50% 93.75% 81.25% 87.50% 87.50%
30 100% 100% 100% 76.92% 76.92%
PR 2 83.72% 80.18% 84.68% 83.97% 85.59%
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fes TR ) ResNet18+GF ResNeXt+GF DN-ResNet11+GF WFDN_CRNet0 WFDN_CRNet
A 71.43% 66.33% 73.47% 65.15% 71.43%
Y 57.79% 49.54% 58.72% 59.69% 61.47%
i 62.73% 48.18% 53.64% 65.11% 60.35%
i 62.75% 62.75% 67.65% 68.77% 69.61%
PR A 63.68% 56.33% 63.37% 64.68% 65.72%
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