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Application of a Lightweight Convolutional Neural Network
in Ship Classification
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CSSC (Zhejiang) Ocean Technology Co., Ltd., Zhoushan 316000, Zhejiang, China

Abstract A lightweight convolutional neural network, AGNet-improved GhostNet-50, is proposed for ship classification
using self-made ship datasets while ensuring a desirable classification accuracy with a small model size. First, a Ghost
module that integrates asymmetric convolution is proposed to improve the feature extraction capability of the AGNet
convolution process. Next, combined with the bottleneck structure, an asymmetric Ghost bottleneck module is designed ,
further reducing the computational cost while maintaining the expression ability of the model. Finally, a 1X1 convolution
layer in GhostNet-50 is removed to reduce the parameter redundancy of the overall model. The proposed method was
compared from multiple aspects using evaluation indexes such as classification accuracy, parameters, and computational
and inference speeds. Based on the experimental results, the accuracy of the AGNet model in the test set of 33 categories
reaches 93.87% , and the number of model parameters is only 0.72X10°. Compared with GhostNet-50, the AGNet
model is compressed in terms of size by 46.67%, and the accuracy is improved by 2.93 percentage points. The
experimental results show that AGNet can achieve better classification performance with a smaller model size and can be
better applied to ship classification tasks.
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Fig. 2 Ghost bottleneck module. (a) Bottleneck module with a

step size of 1; (b) bottleneck module with a step size of 2

[ 2(a) H : GhostNet 5% 2= B Heff ResNet 5 22 B
M A% 48 3X 3 Conv 35 4t 2 Ghost B3, M B AKX T
GhostNet Z R 2514 1 2 it fliz B & A K 2(b) e
GhostNet i 25 5 B [7] B 0BF ResNet i 245 B b 19 14 48
ER)Z Bl Ghost L, [] B4 v [a] J2 J5 >k 19 3< 3
Conv B He 0K 0 2 0935 30 18 & B, B A o) 72 b o —
AR SECRE S, 8 T T RRAE B B R R S
2.2 ACNet

ACNet & 11 7 — Fj 4B X FR ) R 1E S BT E . %
J7 1 E il T 5 5 = A IR —RRAE B R 20RO
[] 2 780 7 A BB 3 O [R] 9 45 B 7E 3G 3 Il 4 5
B 1) [R) B 4R B BT SR YRR AR, ACNet A5 B 9 FRAE
PR A E 3 B s .

3x3 Conv

| 1x3 Conv + ReLH

ﬁ 3x1 Conv

_—

B3 ACNetfih
Fig. 3 ACNet module

[ 37 s ACNet B Hetg OC v a5 57 W o] 528 £k 45 1
Iob R 1) AR AE A B, DA S IR AR B AE B R . 7R
& FURRAE 32 B b 3 7 R FH 32X 3 Conv 1 46 B0 3
i 2044, Rl AE , ACNet B bt 2 £ X 32X 3 Conv 47
W, 3% 7 B8 A I 2% v () B — > 3X 3 Conv #5 # il
T —H 3X3 Conv.3X1 Conv #l 1X3 Conv 4 & 1
GRS E I AT RS A, R 2K B

a5 R AT RS 20 U PR ReLU J5 13 8 ACNet
TS 1 i i1
2.3 JEXFFRETRAY GhostNet R R

FF DL B X GhostNet #5He F1 ACNet JE X % 4 R
R Y 43 B, R $2 T Ghost A He 1 R AiF £ BURE 77, $2 H
T —FpAEXT R B Ghost LB, 4[] 4 FIF R o

HxWxN
HxWxC

identify
H'xW'xM

input

El 4 4EXTFR Ghost Bk
Fig. 4 Asymmetric Ghost module

4 v JE R FR 2 R Y Ghost A5 B [6] R X S AERE
B HEAT — W A% 4t 4 Flis 30 1 R 4 iz R i
B R AMSEEEF, (D) R (2) R JEXTFREM
1) Ghost A5 8 2R I E X FR 4 Blis B iy O K e 1 22 i
Y26 PE 45 Flis B, BIAIE X FR 45 AR Ghost B2 ] X
X, Xy Xt Ghost B th @, @, @\, AT T B4, #H 1L T
K(3) . L), ATt E N FRENEEHRE I NEHE &
R MSHEF,, RN
R =1X(1Xd+dXd+dx1)xX(S—1)X
H'X W'X M, (6)
F,=(1Xd+dXd+dX1)X(S—1)XM. (7)
XL () A7) w4 S M6 FRUZ M
B Z RSB Z L E.
F.=F,)/F,=(d"+2d)/d"=1+2/d. (8)
M d=30 ,F.=5/3, Z8 &M T 1.67 4%, [F
OB ERZ G IR BRI T 167 f%.
953 AT AR X FR Ghost #5 He rf X Bk 4 FURINE G2 45 B
S AL, B (2) MR (7)), TR E S e
e Fyh
=T
F1
(IXd+dXd+dxX1)X(S—1)XM
CXKXKXM o
(2d+ d*) < (S—1) (9)
CXKXK °
Md=3,K=1,S=21,F,=15/C, i T i
WA CHH KT 15, A0 [ Fy<< 1, AW S 5050 A 2
LR ERIZ . A S FR)ZE BN, % e iE
BC o O BR , Fy 2 8RB /N, R TR X Bk 4 BRI
I — 38 0 2 Bk T A SR 1 5 Wi B o i B B C
B 1G0T R 55 o A, M A R T C N

0610005-3



80, 5% — Wy Bt 4t 45 L iy o 38 B K M Ry 40, = (2)
A2 (4) I F A5, Ghost BEH i 2 80 & 4 35604, i
K (2) (7)) T A4, JEXT AR Ghost #5235 1 5 50 &=
S 38004, ZHUH I &AL A 2404,

F4 33 4E X AR Ghost B8 2 J5 , i % T GhostNet
4 R ST B S5 4, DL AR X FR Ghost A HR S LRl B8 T
WA R A E 28 59 JE X FR Ghost i 21455 8t (AG-bneck) /£
Shy A T AR ) 2% ) S5 il 45 A R0 T %) R SRS B dn 5] 5

Fr7s
! !

AG module

AG module

BN ReLU ¢ BN ReLU

* DWConv stride=2
AG m ¢ BN ReLU
AG module
v BN l
add

add

y Y

K5 AEXFR Ghost RSP . (a) 25Ky 1R ST 5
(b) 25K h 2 Y T 245 e
Fig.5 Asymmetric Ghost bottleneck module. (a) Bottleneck

module with a step size of 1; (b) bottleneck module with

a step size of 2

E 5(a) A K o 1 S b, 28 i i A s |
H A RRIE R SEANZE 5 5 5(b) 2B Kk 2 i i e
A T 75 ] )2 R SRR 19 35X 3 Cony Bl A K R 2
SR STRIEESY AW BURLY 8-\ TRARE S (1A E N AN BT S
2.4 EEMKIZIT

Shy B R A AR SO R 1 R A B HURE T O R R AR Y
ZROUNA , F B GhostNet-50 W 2% 347 ok itk | oo ik 5 14
4 4844 AGNet, AGNet 1 BAK S50 % 1R .

72 1 Input 51 3R R B — )2 B AR B B A RRAE 1A
Operator 41 F 78 25 Fp 45 AR AL H b, Conv 2d 14 58
B FRBRAE s Conv 2d Ji5 B9 32X 3 11X 1 g 1% 55 345 U i
)3 A% R5F 5 AG-bneck & JE %F FR Ghost i #7452 Bt ;
AvgPool 7X7 R A 7TXT 2R F¥ i . Exp
7R Ghostff ST e P ) i HH G E 20, Out s B —
JEERAE I S N B TE AL, SE R 1 RO %2 B e
fii JH Fire B, Stride #/n X2 BAEN LK, 44
KR 285 8 AT RRAE B R SR FE . A HE GhostNet-
50, AGNet B 56K J5 & 9 Ghost I 258 B 25 ey JF X
PR Ghost i 5452 e F T 3% 5 43 85 AU 0 R AE $2 L B
T o AAEFFBARK 240, ¥ GhostNet-50 H1 i — 2
1X1 Conv 2% B, fif 15 43 2S5 1Y (1) 3% 1K 2 850 8= 15 3]

£ 605 F 6H/2023 F3 H/HMAESBFFHE

#1 AGNetiy HAE %
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14°X 56 AG-bneck 336 80 1 2
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Fig. 6 Comparison of the overall structure of each network
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Table 3 Comparison of each network evaluation indicators

Model Multiply-accumulate operations /10° Parameters /10° Accuracy /% Speed /(frame-s ')
AGNet 49. 35 0.72 93. 87 47.76
AGNet-large 49.97 1. 36 92.50 41.79
GhostNet-50 45. 84 1.35 90. 94 43.61
GhostNet-50-small 45.22 0.71 92.03 50.13
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Fig 8 Comparison curve of test set loss value
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Table 4 Comparison of each network performance

Model Multiply-accumulate operations /10° Parameters /10° Accuracy /% Speed /(frame-s ")
AGNet 49.35 0.73 93.55 46.93
AGNet-large 49.97 1. 39 90. 32 41.24
GhostNet-50 45.84 1. 38 87. 60 42.97
GhostNet-50-small 45.22 0.72 92.94 49. 64
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Table 5 Comparison results of different classification networks

Model Multiply-accumulate operations /10° Parameters /10° Accuracy /%
MobileNetv3-small-100"* 70. 06 2.54 87.81
ResNet18'" 1821. 66 11. 69 89. 84
DPN-68b > 2338. 55 12.61 91.87
RegNetx-002"" 200. 69 2.68 89.53
GhostNet-50 %" 45. 84 1.35 92. 50
AGNet 49.35 0.72 93. 87
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