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Abstract: An economical, convenient and undisturbed drone detection method using sound and
multiscale group convolution network with attention mechanism in mixed domain of channel space
(ECSANet) is proposed in the context of susceptibility to electronic interference in identification
of drones by radar and radio, and the interference of light and obstruction in identification of
drones by images in public environments such as urban parks, squares and large amusement

parks. Firstly, nine kinds of sound dataset of civil drones are established, and their logarithmic
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Mel spectra and dynamic characteristics are extracted. Secondly, based on packet convolution,
channel shuffling and residual structure, a multi-scale group convolution network with channel
shuffle (MSSGNet) is designed to reduce the network parameters and avoid over fitting. Then,
the efficient channel and spatial attention (ECSA) is designed to extract more and more effective
features of drone sounds. Finally, the ECSA is inserted into the MSSGNet to form an improved
multiscale group convolution network with attention mechanism in mixed domain of channel space
(ECSANet), offering a new method for sound recognition of drones. The designed ECSANet is
used to identify the self-built civil drone sound dataset and environmental sound dataset urban-
sound8k. The results reveal that when compared with benchmark networks such as ResNetl8,
ResNet34, ResNeXt18, and MobileNetV2, the MSSGNet has fewer network parameters but a
higher identification accuracy Cup to 95.1%). The ECSA can be inserted into a variety of net-
works to improve identification accuracy of network models without introducing too many param-
eters, and it works well for sound classification tasks like drones. As compared with the MSSG-
Net, the improved ECSANet has an identification accuracy of 95. 9%, an increase of 0. 8 percent,
demonstrating the superiority and feasibility in identifying a small sample of drones.

Keywords: drone; voice recognition; log Mel-spectrogram; neural network; mixed domain atten-
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Table 1 Detailed description of the self-made drone dataset
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Fig. 1 Spectrogram of various types of audio
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Fig. 2 Schematic diagram of the feature extraction process

mE/ 82 R/
dB . |'dB
5 41:
. £ 1
Ez.o- |‘. "
L A
0 i’%l.O— VN (o
o_slwml I
) II HFI||”|.| =
0.5 1.0 0 0.5 1.0
B[]/ I [A]/'s B[] /s
(a)log-Mel (b)Delta () Delta-Delta

B 3 DJI Mavic 2 i log-Mel K 2% 43 ¢ 1iF 1% [

Fig. 3 Log-Mel and differential feature spectrum of DJI Mavic 2
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Fig. 4 Schematic diagram of structure of the MSSG block

KT T84 4R U AE , MSSGNet W 2% 1 4% 2 1+t
RN R TXT7 KR 1 BRI KN
F2X2 KN 2 MR KA ERAE TR K
filicfE CONV1; 2 Ji Zead iy #E & 1 45 T MSSG-
X Bide, Hop MSSG-X #EH R % X A~ MSSG #i #k
RO B, e gE A i 5 o s e DL R S 29t
L2 (GAP) FILEAT Softmax M2 E#EE (FO) 45
MSSGNet W 2% [y 25 14 &l i 1 6 & , B/ 4 A4 4
fIE R 7 bR i 2 2 R R AiE B ) RSE S Bl E 2% C
X HX i W,

Bl 5 MSSG-X HIH () 45 44 7 35
Fig. 5 Schematic diagram of structure of the MSSG-X

A
: 3
= & : g
g s e
‘?)T e 3 e 2 —»
) g MSSG_1
i S
e 324118

{
g
4 32480%34
Layer4 Layer3 ayer2
le <« <« «—
MSSG_1 MSSG 2

512x6x3

Maxpool2d 2x2

)
8

6 MSSGNet I 4 45 7% &
Fig. 6 Structure diagram of the MSSGNet

http: // zkxb. xjtu. edu. cn

2.2 BEZEESEBEENVGIELR(ECSA)i&it
VAR TR 27 2 T R I HLHITE B AR TE S
A0 3G R RO A A R AT S5 TR B AR AR T
JRZ N B AT L R B, X A B R AT Ok
T 59 A TE AR B B B ROR R 4
AT 75 3 AL TR R 38 hnss 20 %60 Rp AiE £ 42 BUBE )
2.2.1 B EF AR E T
R T AR RS 224 S T I R A B2 UE AL &
15 SRR T8 T, 220 W i RO S5 MR P R ) e, i
I8 R SR (channel attention module, CAM) ,
BSE L N AR E B X 7E 28 R 4 B AT R 4
Hh X € Roomw, Sy 7 F @R, 5T
CBAMY* B T 38 HISF- ¥t Ak ok R 4 i A RRIE IR X
123 A5 B AN L 3438 FH fe R b Ak s 40 2 i) 418 9 25 2R
G J5 AR BB R AE £ 3R A 55 72 00 RO N Rl A 3E 1T d
i, A G B J5 1) 45 38 1 22 )23 B A ok e ) — 4
B B IR A T E R 16 8 5 e ok
D BRY ZJE IS hesigmoid Y BEGHEAT IH — b5 R
o S5 AFRE X 32 0 R AH IR BUMALE 1Y i
FRAEE X7 € Roxw  HZ5H R 2 B an &l 7 fir s, [l
FC Rn 2 EEZ)Z, QRN R IEL . X RE K
X PR IUE B A XO TR IR A
A(X) = fF(M(Avgpool(X) 4+ Maxpool(X)))
(D
X = XAXO) (2)
A fCe )N h-sigmoid B TE B&H; Avgpool ( » ),
Maxpool( = )43 il 2 4 Jay ~F- 34 il 1k pR 28 55 K i b
PRIES s ML+ ) 367 Ze sk v [] Ab FHASE B 4o 315 1 4 B

TR
h-sigmoid
Canps: o Wit l’
1| B C
Cx1x1 w

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

B 7l A CAM e 45 R 2 E
Fig. 7 Schematic diagram of structure of the CAM

2.2.2 wREE NIRRT

W EE 2N T AR R E s mEE S
HRIRAD . A PZE Y R AR SRR AR 1R HKE O
] 2 A WUAF 5 FFAE BF 76 10 4 1 AR R WS 5 A ERTE
117 3 L7 1) 2 B ) T A 4 L 3R BT (R 5 AR B )
WS WiE S Z R AR BT A B AR R
P ARNFR L, 7 A 4R s | i AE B




i 10 1

I A5 < SR R A 380 By AL i JE A ML 7 145

BT T P 4% S0 R 43 ) X e i A s T 7 A 24 R
Ty, LR B 2 O T A S Y B R
] X 48K L Bk HL Ok 25 i) 13 2 ) BB (spatial atten-
tion module,SAM) ,

T ER A 11X 1 25 BULE 8 T8 2 BE T AR AIE &
X € ROV AT RS s 2 J5 20 DI 4 S L 4 llas
FH — 4 - 449 3t A 5 2 R 0 1] 14 7K SF A 207 1)
FE, FE G 7X 1.1 X7 H B B — 4 1 K%
HKEFERE &, I8 A sigmoid FREIESTIH—1k,
Horpak Fl 7 X1 K/ IR R AE T« A6 R ) 26 B
KNHY FEEE v, % B R O R I A% 23 7% A T AT i A
B3 R R T — S R R X Ok e 2
Vi) I EE A DX 5 0 AR AR 1 A — 4 ) S
AR [ 3% 00 A0 3 3K UM ALUS (9 %6 R AE 1B Y €
o HgE MR EERWE 8 s, K 0.6 fl A
IR KN 3 X 3.7 X1 M1 X7 R ER 0 %
7~ sigmoid BE R KL . KB K

R(‘XHXW

An(X) = 6(Avgpool(W,XOW,) (3)
Ay (X) = 6(Avgpool(W,XO)W,) (4)

K oCe) H sigmoid JIE PREL W, W, W, A A
GREAESEGAL (XD N XFRREE X 40— 2 1
HEE W& Ay (XD HXTRHIEE X $EH— 48K F
E= WAL

Bl 8 2% [ A SAM 4 He (1) 25 44 7w 2 R
Fig. 8 Schematic diagram of structure of the SAM

2.2.3 B F R RABEE A A B R
25l CBAM, il 3 25 (8] 0 3% 422 . i A 5 1F
XE RO W SEZ T CAM B 4k B — 4 58 38 1 7
T Fe € RO, 5 X %50 K A TR 45 3] o 8] R74iE &
X' € ROHAW 7 558 3 SAM B He 35 B — 4 e 7
EHHE Fy, € R il — 4k K EE K Fy
eV i E — Y X% onE M. ARG e &

http: // zkxb. xjtu. edu. cn

FRIEIE Y € RO =W ROy 5 18 25 8] R 5 8 2 0 Pl
Hl AL B Cefficient channel and spatial attention, EC-
SA) . HASHIR BN 9 Bros BB T %7
X =F.(X)®X (6)
Y =X @ F;(X)® Fy(X) (7
L QRRIBEITCEMI  Fo Fy F Fom X REE E
& IBCAR P 1 3 ) R

9 ECSA #4544 R &
Fig. 9 Schematic diagram of structure of the ECSA

2.3 BETEBRAEHEERINSNSRESA
HTRRMEKIZIT

R T a2 v 5 AR S TE A HIL A TR o
F L E MSSGNet M4 MSSG Bk i A TR &
B R S ALHI BB ECSA Bk, {7 B 4 T MSSG ##
Perb iy i 38 B 4E 5 3 PR ECSAM B, Ho 454 75
BEEWE 10 Fras, [FEE K X A~ ECSAM # 8 iy
IR 3 B 2 7 i ECSAM X B He , Higb by [/ e 11
Jin . HAREE AR FEAAS B MSSGNet [ 4% 1)
MSSG HiHe B S ECSAM KL H 5 1 I 48 ik o 38 1
23R A B = AL 2 RO o 415 B 45
(Multiscale group convolution network with atten-

tion mechanism in mixed domain of channel space,

ECSANet) , LR 4 25 # 7m B E W& 12 s,

A
EH
BEHL

10 ECSAM L8 25 #y 7 7 1
Fig. 10 Schematic diagram of structure of the ECSAM block




146 i) N R 14 %56 45
% 2 MSSGNet 5 H 4t K s A BEA 69 36 45 R L&
(mmmmmm
| ECSAMEH: } Table 2 Comparison of experimental results between
| < ) TN
| HIAX [ ECSAM ECSAM [ty | MSSGNet and other baseline network models
‘ it - i e ‘ e [ y
g N 02 BE/ 10 MR/
| E“;ﬁ\f—“ } ResNet34 21.3 84. 8
iiiiiiiiiiiiii o
ResNetl8 11. 2 86. 1
- N L Y T—— ResNeXt18 5.1 86.5
X 11 C ﬁ NESR AP SHE
- " MobileNetV?2 2.2 94. 2
Fig. 11 Schematic diagram of structure of the ECSAM_X s ~
MSSGNet 1.4 95. 1
& 3 Layerl
& 9 1
2 g I
c 32x80%34 = 32x41x18 0.6 r
325803 3 G4x41x18 # °%) s L S
e 5 : T &) -4‘@':::--4‘"“‘?-:1: k4] 's'-"!‘
] Layer4 - | Layer3 L Layer2 %0.4 weme MobileNetV2 0842 & o
ECSAM 1 ECSAM 2 ECSAM_2 ~4-- ResNetl4
_— R ] < ResNeXtl8
256x11%5 1282129 o 0.2 b psecie
—> {3 > 3% : 0000 20 30 40 S0 s 70 80 %0
= ks 4 B
512%6x3 512x1x1 251 X .
Ca) TR X L i 46
12 ECSANet P #5 45 # 7R 28 ] 307
Fig. 12 Schematic diagram of structure of the ECSANet 55} : ﬁ:ﬁ:;is
~4- ResNetl4 069 Lo o
20 s MobileNetV2
. A e MSSGNet
3 3k ST
wa 8 B

BT A S5 7E Python 3. 7. 6 37335 . Windows10
B L5, B4 CPU B 5 J i7-9750H, i F
9 GTX1660 Ti, 78 GPU R EE T 5¢ i %t 9 4% 8 1
(24 210 %k .
3.1 BHEANBESE LWL XE

IZEB AT S 9 AE H i JC AN HLS R A kAT,
P 282 R AR (9 LB Ry 321, £ I R R
MR sl &/ SGD b s, 3 & B9 (E Ry 0. 9, B 4 2
2JEH 0. 01, B 25t 30 F8 ) TR ORI 0. 1
i S 2k 90 §& 5 R A2 SO 41 2% pR A it R /Ivik
oM o128,
3.1.1 MSSGNet M % 5 H o 3 e W % 64 34 bk 52

LR T AT B MSSGNet W 2% i 17
AR . BEFEAE B W ML & BUE 4 5 Ho Atk of
W 2% 2 [a) 3#E A7 Lo e, i 3 o ) 2% - ResNet18,
ResNet34 ., ResNeXt18™2 Hl MobileNetV2I%! | iz
FHUERR RAE PP de bn . H Lo g5 Rk 2 mE
13 iR . P45 119 2 808 ] DL IS 78 ) 255 ) &2 24
JE 28 2 B0 R I 2 T 4% B T 5 1) B A
Ko TS EHE AR A B i K/, A58 A 1 I 25 0 45
Gy 5| 3L 04 1)

http: // zkxb. xjtu. edu. cn

R et et ey St e tn et Srretetst
stattTastebestisstyshy i

bbb sl dib oo s A Wit A ¥
20 30 40 50 60 70 80 90
BRI

(b 45 2% bR IO LE il 22

Bl 13 MSSGNet 4555 4 FliRE v 190 45 458 8 11 1 oy = A1
W BRI L 28

Fig. 13 Accuracy and loss function comparison curves be-

tween MSSGNet and other baseline network models

MF 2 W LLAE 1, MSSGNet W 25 (1) 2 5% i %
D, H0 e R R, AT AR #) 95.1% . Mis
FOXFTE LT & B0 B 2R A7 U B S AT DL % fifk ok 40
GWE . HIE 13 AT 5 H A R E R 25 A L . MSS-
GNet W25 VE fig fx 4, MSSGNet W 2% 0] AR 47 b )3
X T AMLEA TR AT 55 HAERRBLAT
3.1.2 @i % R & U B3k ECSA A3 8y

H kg

LK IR A TE R S ECSA BBy 74 Ml 52 56
PERE ResNet34 1F 56 N 45 . 5250 B 43 51 i A 5@
B ) CAM Bik 25 IR J) SAM B L) KR
B EE 1 ECSA B, WF 786 76 A5 21 15 o fffy %2




i 10 1

I A5 < SR R A 380 By AL i JE A ML 7 147

(RS, B BB AR E 2 85003 il A A T 2% 3dE A D)
Y im FMER 2AE A BB A PEAN 8 b , e 28 S e 45 2R
sk 3 MK 14 iR,
# 3 ResNet34 AN 3 #i2 & Bk G W & BLA 64
KRR A
Table 3 Comparison of related experimental results of Res-

Net34 after adding three attention models

o 235 452 71 Z 4 /10° R/ %
ResNet34 (Baseline) 21.29 86. 4
ResNet34+CAM 21. 45 88.9
ResNet34+SAM 21.33 89. 6
ResNet34+ECSA 21.48 91.3
D o

R e it T |

088 5 o g o
s SRR LR e

O
s 83 88
< ResNet34 + ECSA
- ResNet34 + SAM
0.2 ~4- ResNet34 + CAM

-~ ResNet34
0.0 " . . . . . . . .
0 10 20 30 40 50 60 70 80 90
ey € 4
Ca) B X L Hh 26
301
-+ ResNet34
251 -4 ResNet34 + CAM 083 pr e oo ey
+- ResNet34 + SAM
] S5 TSI ST S e S
201 ~-x- ResNet34 + ECSA ™77 i
R 7] T T S
7 83 8

10 20 30 40 50 6 70 80 90
i€ 14

(b) #5325 R KON Lo 2
Pl 14 ResNet34 MIAVER J1 )5 B9 HEHf 25 H
1< BB HE i 2k
Fig. 14 Comparison curve of accuracy and loss function of

ResNet34 after adding three kinds of attention

MFR 3 A 14 AT LLE Y, 5L M 4% ResNet34
TEIMA 3 FhE B LG, LRI B R R 15 T
P 7R H AN AR & B ) ECSA R 5 9 45 5
AR R HER R i =, LT ResNet3d 5 T
4.9% AH L TR Al 038 JE L A A R R e T
2.5%.3. 2%, JF H M 48 B ALIE Jin i S 80 B AR T
DIZBE AT, S g RAUEW] TR A i & J1 ECSA
L HURE LY T 540 % 38 T RN 2 [A] T ), A) DA AR A
)P HER R AR5 0T s JF BRI TR & BT &

http: // zkxb. xjtu. edu. cn

71 ECSA BP0 10, 78 4 A il 28 ) 25 155 1 )5 a7
KBS T LA ATT . SEE A RAEM] T RO IR
AR T ECSA BEb 1A 3k .
3.1.3 ECSA #3 5 Ltz & /7 Aub] 4 3k 69 2F 1k
% I

IZ S 2 X IR A B R ECSA 1Y A] 47
PEEE L M 5 HoAh 3% 1 SE (squeeze &. excitation
block)"")  CBAM ( convolutional block attention
module) &5 H T 2 7 AL A He iy A0 B PE X b . i
## ResNeXtl8, ResNetl8, ResNet34 1 ResNet50
S5 00 28 A DAy i T 0 24 O B2 IR R AR 2 000 il A5 A
H R ST IS . is FHHER R A S B A E A F5
B o B 2 25 AL (8 ME B S0t Lo i e an &1 15 Fs

Lo Lo
0.8 [ FPTNY 08|
LE; R Er— f‘ fc oer—
068 0588 pFe3ILaTe 0.6 038 bavta il
= e eiasaiey
# 04} 0845 8 88 # 04l 034 (3 88
% ResNeXt18+ECSA <% ResNet]8+ECSA
0al ™ ResNeXtIS+CBAM 0al  ResNetlS+CBAM
7| w4 ResNeXt18+SE | w4 ResNetl8+SE
- ResNeXt18 e ResNet]8
00— oob—
0 10 20 30 40 50 60 70 80 90 0 10 20 30 40 50 60 70 80 90
R IERIRE
(a)ResNeXt18 (b)ResNetl8
Lop 1.0
0.8 —;g"f# : Fo
o 0.90 § - b
?‘ et 26 26 X g p XX ) Mg KKK Hong
0.6 .
5 W 0.85 v wy mwFoy.
& g actetystoid
& bl o beeTteeeeed
04F 0.4 7 83 88
o ResNet34+ECSA e ResNet50+ECSA
02l T ResNe34+CBAM 02l ™ ResNetS0+CBAM
| -4 ResNet34+SE | 4 ResNet50+SE
- ResNet34 ~e ResNet50
00— oob——
0 10 20 30 40 50 60 70 80 90 0 10 20 30 40 50 60 70 80 90
AR I
(c)ResNet34 (d)ResNet50
15 AN [R) 33 F 0 AL R e g e e IO 2% A 2 1Y
A FXT H i 2%

Fig. 15 Accuracy comparison curve of baseline network

models with different attention

ML 15 sfal LU S A L T 45 35 o I 2%, Jin
NETE TS5 o F o 0 245 455 700 (10 30 500 ofe 1 3R 25 3R A5 T
P, B A BRI G 1 ) ECSA B 1 gk
T D00 20 A5 TR R S5 o B o i v . SRR A SRR T i
BOTR A 1 B e ECSA KB i w] 47 1 ARG B 1
FHT ECSA BHenl DU A 5 Bh il 28 ) 2% v ok 42
e TR A U M A R R SR SR B, A X R AL




148 [N 7 . i

PN

%556 &

T IR) R, 33 B TR A B0 & ) ECSA B3 n] DL
755 O 245 A5 700 B o iy 3 531 T AL
3.1.4 ECSANet M % o 5 bt 52 36

TS W) ECSANet 28 547 1Y 7] 47 P 36 11E 52
K. e MSSGNet [0 45 Sk B I 2% AR 25053 51
& A MSSGNet, ECSANet 4%, fiz 4 R fil o 1 55 %o
et an Al 16 s, 193 R VE HE FE A 8] 17 .

1.0
08H7Y
s 056 :
g -
¥ 0.6 J 095 5 gt ggttay®y
Mgt S 83 58
gy 0000 iews ECSANet
<4 MSSGNet
0.0

0 16263‘04%)5‘0607‘0869‘0
IR EL
P16 MSSGNet M 455 ECSANet W 45 15 1)
Y 230 Ll 8
Fig. 16 Accuracy comparison curve between MSSG-

Net and ECSANet models

Mavic2 Xl 7 o o o o o o o0
Mavic Air
Mavic Air2

Mavic minil

&

R 2

T

o

Phantom4
spark

Mavic Pro

unknown

non-drone

Mavic 2
Mavic Air
Mavic Air2

Mavic minil

4

7

Phantom4

TF

spark

Mavic Pro

unknown

non-drone

HShREE

(b) ECSANet X %%

B 17 MSSGNet M %% 5 ECSANet M 4% ) 1R 1 48 [ &1
Fig. 17 Confusion matrix diagram of MSSGNet and ECSANet

http: // zkxb. xjtu. edu. cn

M 16 ATLIAE H . 5 MSSGNet MZ A H, EC-
SANet PZE PN HERR K5 14w . 95. 1048
T 95.9%. ME 17 ol LLFE H L M HeF MSSGNet
M 2% ,ECSANet % %t T DJI Mavic mini il DJT g
spark X B2 J6 A LAY T B8 7 A5 ] T K5 Ul B
MSSGNet W4 AR & 80 B J WL BB ECSA
BEH X FA5 5 0 R AR 48 AR ) 15 203 58, AT
T 15 19X 4 55 R0 6] F 52 2% 000 T A X 43 B A 3] 1 0
T ol A5 O 2 AR (%) PR E A R AR B4R . SRR
B T A R 4% ECSANet 4% 594 &% 1k, & Al LA
T b 6 TE AL T TR
3.2 AHIREFFHIEE Urbansound8K L HY

IS FEBR 8 7 3 B £ Urbansound8KP & Hy
8 7324 BRI 5 B AL B 4 L BN R
FBHEARK 4 s Frgimti, 8 732 BE#&kA
10 N7 28 50, BIVR A2l WU A iR L &k 3l L 2 % LKL
Bl s Sk AR LB B BLER R B . L
P54 Urbansound8K A — #4344 5 43 S AL HE 25 1 .
JLEENFAR L R ShHLR G DL S TR 3L 5 28, Ak
5 730 A Br, X 4R 5L B 3 2R X MSSGNet
W 45 LA B ECSANet [ 2% B AL 547 0] 4704 55 4IF .

[FIAE, R log-Mel Bz g 2% 22 4 R A AR ol 3R
TE & AUE 5 B RFAE S0, 5290 I 1125 48 50 TIE 52 1Y
Fe gl Sy 3+ 1, 9 2% Il 2k isf % 4l 2 5 19 SGD ARk
. SR BUE 0. 9, ¥ R4 2] N 0. 01, B 45t 30 4~
epoch %2 F R BE N R 19 0.1 £, 33l 2k 90 4>
epoch; 5 5% BRI FH 1Y J2 58 SUIR 0 2% oR 8805 B I A
48 B0 B HE R K /INBE Ry 128, 32 T E A AR
R RY () PEAN 48 B
3.2.1 MSSGNet M % 43 B iE 5 B

LGRS TR B UE BT R T P 4% MSSGNet Y
AT S50 . R ResNetl8. ResNeXt18 Fl
MobileNet V2 1 2k 5 i (4 4% , 45 URFAE 2 8506 AL
ot 0 6%, W6 2 g 45 2R, SC g A5 R AN &L 18 iR, A
Pl T JHE Ath 5 v 0 46 A5 780, MSSGNet W 2% B 3K 51 1
W Rt . SCHR S AR T 3 11 MSSGNet M 4%
BRI ATPE A R0 HE B — o sk
3.2.2 ECSANet W % ) B iE 5 35

LSRN ECSANet W 2% HEAT 1 0] 47 24 56 31F
SEHG . K MSSGNet W 45 1 Sy i ofE 1 2%, f2 K¢ 1E =
oy B4E N MSSGNet . ECSANet 4% , e 46 7 fy
HERA XS LN 3R 4 iR . A HTAH BT MSSGNet ¥
% ,ECSANet W4 R G MER R A T i — L. 5




i 10 1

I A5 < SR R A 380 By AL i JE A ML 7 149

B UE] T ECSANet W 2% iy a] 47 PEFIA &L

096 =5

05 g g B
+}%~_ 2 II‘+ i N
092
E e MSSGNet ™ 2 *
i <ot ResNeXt18
ween ResNetl®

wotes MobileNetV2

00070 20 30 20 50 60 70 80 90
ERIREL
Ca) HEBf X He il 6
(i3
sk e MobileNetV2
--e- ResNetl8
o 4 +- ResNeXtI8
g i S MSSGNeEJ.33 S——
|4 .
f‘é‘f 023 PE g s
1 013 'gvcgs' s
s & 78 :
b e .
0 1 1 Y Ty Y Y wvihwm‘
0 10 20 30 40 50 60 70 80 90
BRI
(b) 51 2 pR T il 42
[ 18 MSSGNet [ 45 L5 3 vl [0 25 455 700 11 ofE 1 5 Al
12 eR BN L il £k

Fig. 18 Comparison curve of accuracy and loss function between

the MSSGNet and other baseline network models

% 4 MSSGNet ,ECSANet W % &9 52 36 45 F 3t b
Table 4 Comparison of network parameters and recognition

accuracy between MSSGNet and ECSANet

J5 S 4 /10° PRI ER R/ Y
MSSGNet 1.4 95.8
ECSANet 1.5 96. 1

:l: N

4 én e

(DA T 8 R TEAHLR G & U /INEE A TG
B HERRR , $2E T —Fh Al 38 58 25 R R A
1M ECSANet W %%, 3&F 40 4 6 B 3l 3 IR Uk
R 245 M ¥+ T MSSGNet W 4%, ¥ it 7 3 jH 25
E) YR A B 7 R e ECSA BB o ECSA #EHe i
A MSSGNet X 4% ¥4 B 3 3 38 25 [ 1R & 3 &
(R ok ik 9 4% ECSANet M4, &S50 /b, % 6 A ML

http: // zkxb. xjtu. edu. cn

7R S R B ARG () B e

(2) 7E il o N LB 45 T8 855 75 3 0 4R
Urbansound8K [ #E17 SZ 46 40 3iF . 5% 96 &5 S % 3,
55 Al KL o R 4% AH L MSSGNet () 4% 2 508 /b, i1
SERfR R T AT AL DR ARSI 55 B
ANEE I PERE s ECSA B ] DU A 2 5 W 45 , 7 LUAE
ANHEINK 22 2 000G DL T A I 28 50 750 18 0 031 o A 2%
PRAFEETE  FE T AN TS & 3 A5 AR
R ;s 5 MSSGNet 4% 4 b . ECSANet ) 2% Ay i
GRS A= | g S W DR S R AP N = N
AL T A e R R A7

5% 30k

(1] P @i, EZH. JC AN 5 x5 5o H R kg K

Lik [J]. f=H 5P, 2022, 37(3): 530-544.
LUO Junhai, WANG Zhiyan. A review of develop-
ment and application of UAV detection and counter
technology [J]. Control and Decision, 2022, 37(3):
530-544.

(2] PrMES:, BB, HBE. 2R RE M8 AR
Mz AR ZEA [T]. B IL, 2020, 42(6) : 15-29.
CHEN Weishi, HUANG Yifeng. LU Xianfeng. Survey
on application of multi-sensor fusion in UAV detection
technology [J]. Modern Radar, 2020, 42(6): 15-29.

[3] AL-EMADI S, AL-ALI A, AL-ALI A. Audio-based
drone detection and identification using deep learning
techniques with dataset enhancement through genera-
tive adversarial networks [J]. Sensors, 2021, 21(15);
4953.

[4] ISMAIL M A A, BIERIG A. Identifying drone-related
security risks by a laser vibrometer-based payload iden-
tification system [C]J//Proceedings of Laser Radar
Technology and Applications. Bellingham, WA,
USA: SPIE, 2018: 1063603.

[5] SEO Y, JANG B, IM S. Drone detection using convo-
lutional neural networks with acoustic STFT features
[C]//2018 15th IEEE International Conference on Ad-
vanced Video and Signal Based Surveillance. Piscat-
away, NJ, USA: IEEE, 2018. 1-6.

[6] CASABIANCA P, ZHANG Yu. Acoustic-based UAV
detection using late fusion of deep neural networks [J].
Drones, 2021, 5(3): 54.

[7] KRIZHEVSKY A, SUTSKEVER I, HINTON G. Image
net classification with deep convolutional neural net-
works [J]. Communications of the ACM, 2017, 60
(6): 84-90.

(8] ZFxa, RER, WILH, % — K DNN-




150 [T S S R N S SR %56 45
HMM @& R U0 s L], R 2%, 2019, 38(3) - SUN Hongshuai, WANG Xia, LIU Xuan, et al. A
371-377. classification method of epileptic electroencephalograms
LI Yunhong. LIANG Sicheng. JIA Kaili, et al. An underfrequency-domain attention mechanism [J]. Journal
improved speech recognition method based on DNN- of Xi’an Jiaotong University, 2021, 55(2): 129-135.
HMM model [JJ. Applied Acoustics, 2019, 38(3): (187 BCf=MG. KM, ®I/DE. 5. RAFKEMS S5 EM
371-377. T T ML 358 o 0 A% (0 A7 i B Oy ik [T, v

[9] DUMITRESCU C, MINEA M, COSTEA I M, et al. B R A5l 2022, 56(4) : 194-202.
Development of an acoustic system for UAV detection [J]. MO Renpeng, LI Tianmei, SI Xiaosheng, et al. Remai-
Sensors, 2020, 20(17): 4870. ning useful life prediction for equipment using residual net-
[10] JIN Shuaipu, WANG Xiufeng, DU Leilei, et al. Eval- work and convolutional attention mechanism [J]. Jour-
uation and modeling of automotive transmission whine nal of Xi”an Jiaotong University, 2022, 56(4). 194-
noise quality based on MFCC and CNN [J]. Applied 202.
Acoustics, 2021, 172; 107562. [19] kM, Fesmdf, sedlsh, % B 2R R AE M 5
[11] SHUKLA J, BARREDA-ANGELES M, OLIVER J, RSP L], V92 3058 R 224 2020, 54(11)
et al. Feature extraction and selection for emotion rec- 129-138.
ognition from electrodermal activity [J]. TEEE Transac- ZHANG Lianchao, QIAO Ruiping, DANG Qiwei, et
tions on Affective Computing. 2021, 12(4): 857-869. al. Spatial attention mechanism with global characteris-
[12] ZHANG Xiangyu, ZHOU Xinyu, LIN Mengxiao, et al. tics [J]. Journal of Xi’an Jiaotong University, 2020,
ShuffleNet: an extremely efficient convolutional neural 54(11) . 129-138.
network for mobile devices [C]//2018 IEEE/CVF [20] WOO 'S, PARK J, LEE]J Y, et al. CBAM: convolu-
Conference on Computer Vision and Pattern Recognition. tional block attention module [C]//Computer Vision-
Piscataway, NJ, USA: IEEE, 2018. 6848-6856. ECCV 2018. Cham, Germany: Springer International
[13] HE Kaiming, ZHANG Xiangyu, REN Shaoqing. et al. Publishing, 2018: 3-19.
Deep residual learning for image recognition [C]//2016 [21] HOWARD A, SANDLER M., CHEN Bo. et al.
IEEE Conference on Computer Vision and Pattern Recog- Searching for MobileNetV3 [C]//2019 IEEE/CVF In-
nition. Piscataway, NJ, USA: IEEE, 2016. 770-778. ternational Conference on Computer Vision. Piscat-
[14] HOWARD A G, ZHU Menglong, CHEN Bo, et al. away, NJ, USA: IEEE, 2019.: 1314-1324.
MobileNets: efficient convolutional neural networks [22] XIE Saining, GIRSHICK R, DOLLAR P, et al. Ag-
for mobile vision applications [ EB/OL]. [2022-01-02]. gregated residual transformations for deep neural net-
https://arxiv. org/abs/1704. 04861. works [C]//2017 TIEEE Conference on Computer Vi-
[15] ¥, B=EF, i, 5 MMEATRAEAEEN sion and Pattern Recognition. Piscataway, NJ, USA.
Ji 70 00 255 1) KU 145 A8 AR R 2 W O vk [T, b E AL IEEE, 2017: 5987-5995.
T/, 2021, 32(20) . 2475-2481. [23] SANDLER M, HOWARD A, ZHU Menglong. et al.
YU Haoshuai, TANG Baoping, ZHANG Kai, et al. MobileNetV2: inverted residuals and linear bottlenecks
Fault diagnosis method of wind turbine gearboxes [C1//2018 1IEEE/CVF Conference on Computer Vi-
mixed with attention prototype networks under small sion and Pattern Recognition. Piscataway, NJ, USA:
samples [J]. China Mechanical Engineering, 2021, 32 IEEE, 2018 4510-4520.
(20): 2475-2481. [24] HU Jie, SHEN Li, ALBANIE S, et al. Squeeze-and-
[16] FRAER, A S, SRR, % EXTHEEMFEZ excitation networks [J]. IEEE Transactions on Pat-
FIHLEI MG BT [J]. B, 2021, 44 tern Analysis and Machine Intelligence, 2020, 42(8):
(5): 921-936. 2011-2023.
ZHENG Zuowu, SHAO Siqi, GAO Xiaofeng, et al. [25] SALAMON J, JACOBY C, BELLO J P. A dataset
Social circle and attention based information popularity and taxonomy for urban sound research [C]//Proceed-
prediction [J]. Chinese Journal of Computers, 2021, ings of the 22nd ACM International Conference on
44(5): 921-936. Multimedia. New York, NY, USA:. ACM, 2014.
(171 PhECob, Ed, M, 4. Bl I pLE T #mo 1041-1044.
T AR o3 26 [T, 7O 22 508 RAg 2 iR, 2021, 55(2) . (R RKB xH)

129-135.

http: // zkxb. xjtu. edu. cn




