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Abstract

image classification. Aiming at the problems of complex structure and a parameters that require a lot of manual

The structure and parameters of convolutional neural network (CNN) determines the performance of

settings in deep network, a CNN image classification algorithm based on the evolution of densely connected
networks(D-ECNN) is proposed in this work. The algorithm can effectively search the network structure space,
and realizes the adaptive optimization of deep network structure and parameters based on limited computing
resources. The classification experiment results on the vehicle data set show that the accuracy of this algorithm can

reach more than 95%, which is about 1% higher than that of the visual geometry group (VGG16) algorithm. The
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model file of this algorithm is smaller and the test speed is faster.

Key words image processing; convolutional neural network; evolutionary algorithms; image classification

OCIS codes 100.2000; 100.4996; 150.1135

1 51 7

R TR AR 0 B B T SRR T 8 AN DT R
Th TR 7 ) BT R T P K, IR
V0 o A ) B DI P e 2 0 4% 2 > g R SRR
(ASTEONSE V=3r Y727 N KBS R JIVE i S EPSIPN
1T B A T, 2 s AR R P AR R AR . A P RE AR S
Rk S B 73 e A 10 A% G PR R R0k IR I 2 )
PORTEEUR S AT 5 L PERE AR TR
AL TS B B M 2 W 45 CCNND | T 26 #2825

(RNN) K8 i 3042 (LSTM) B 2% 45, Horb , CNN
B R4 BURAAE , KO B el /D T BT 2850, Hox [E
158 FLA B R AE 22 38 B8 7, Al L AE B 9y R AT 55
FREREMLTES . 8 BN AlexNet I i 5 M 4
16 2012 4EHY ImageNet 432 4F 45 38 & 2 5 4
& Inception 4544 22 J2 1% GoogleNet™ 5 16 E 1Y
AE JLAT 20 (VGG) [ 465 43 5 HUAG T 2014 4
ImageNet 432 HL 38 (1) 56 W22 L 3 3 B 5 o) 4% HE 42
AR TR Z R ) &R TR
(AN T & J s A I 25 AR A% B TR )2 1 CNIN A B 1l Ry

WFE HER: 2020-03-30; 1EE HEA: 2020-04-30; T A BH. 2020-05-08

HEEWMB.: HEARP 4L (62066041,41861047)

" E-mail: myjmyj@163. com

241001-1



Wt 5ot R 7o R

A fi L E— A0 B T ORERL o KM BENY . R B
P22 M 2% (DCNND HAT 52 2% (9 40 b 45 48 A g LT 3
(28, R L BB ) 2l R 8 S 4005 2500 1 45 TR 245 5%
TR TR T 2 o 45 5 A T A g i L At
OB (EA) 5 i 25 [0 2% 25 4 1 bl 25 190 2% 465 980 L B
JE WU T — 2 5 BF 5% AR, Stanleyt™ 7 2017
AR N T e R 25 v 3R W] A Bl 428 000 24 0 TR B 2 2] 43
HWAERW KRR .

HEAC A R B 2 P 2 2 —Fh ] EA 2% 2] 5 B 2%
SEAE IV FEAUA B 2 FLN Y D7 2 . e I 2% T 47
R B AREE Y Xie ZF06E CNN 4 ik — 0k il
FAF R PR T — g 6 B [ B Ak R O
P KT [ 58 B9 T 80 CNN, Real 25500 48 MY 3 1 25
SEEZ A I B 4 CNN 8 R 25 6] /9 7 ik R
1000 & EHLHEAT AL BAE R EA R 220 1
5 R TR B 0y B 5 43 2K ] B, Desell
SN A AT R A5 5 AT R R D AR T 9 CNINL
B3+ 3 &8 ok, 1 4500 B3 EHLUI % T 8 i
120000 4~ CNN,

IR TR AR TR BN TR A R B A 5 I 4
SRS A5 AR TR RO R R R .
X ) A, A SCHR T — R TR % 4 M &%
(DenseNet) fi He i £k (1) 5 B4 28 W 45 (D-ECNN) 5.
2. A THE A DONN, %5 vE 0] 78 A 5 0 1

input convolution pooling

BRI B0 R B Kk A B IR A T ke . a5
A CNN () DenseNet & e 1 EA B4, 45 &
DenseNet BEHFI — 4k (2D) 35 FH ) ) 25 83 7Y, X6 )
2% 22 55 OO pR R 0B A B H SR A5 2 e A
795 (AR B AN 8 8 ), bt A 1 [ 8 g i K B =
PER BRI . SRy 7 W B IR 0 R R T R, TR AR ALY
R BZECR 20, 0 254578 30 2o % 2 s B i) [ 3l
AR Bl g LA R ) 2 i M Y BE LR R R E A
T VA AR 28 25 0 4 e 2% s Tl R Be 1 B Y
HETT F 2l A RO TG 2 R R R AR 2
5 PRGBS0 H B A A 00 235 SR SR WY L LM RE T A B
At N T3 4,

2 MRTAE

2.1 HRHEMLE

CNN H & FUZ |l b J2 Fn 4 i 35 )2 41 6 Al
HEEME 1 Frs . B FZE 58 R a5 it
A2 308 2oL B AR AR MR 4 B /D 2 B8 R R R LR
FRERT A B 2R PR AR SR g R
6] FR) 152 22 38 2 B ) A5 4% (BP) B33k X W 2% 0 47 1 Ak
FAHE ML S5 . DCNN 18 BIE 5 1T 55
M ROR BT AR BE A P 45 2 $0ny imig , BP o #2 vp i1
T BE 25 5 TH R 3 0090 45k AT S50 AT 751 2 W) 4%
AEE

convolution pooling

full

connection output

K1 CNN #Zs#
Fig. 1 Structure diagram of CNN
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Fig. 2 Structure diagram of DenseNet
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Fig. 4 Flow chart of D-ECNN algorithm
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Parameter setting of experiment

Term

Parameter setting

Learning rate

Dropout rate

Number of filters in 2D convolution

Filter size for 2D convolution

Number of units

Layer or block

Activation function of 2D convolutional layer

Activation function of the fully connected layer

Activation function of the last fully connected layer

[0.001,0.1]
[0,0.1]
[4.,6,18]
[2.3]
(64,128,256 ]

[2D convolution, fully connected layers, DenseNet ]
[ Leaky RelLU, RelU, PRel.U., Rel.U]
[Sigmoid, Softmax, ReLLU]

Sigmoid
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Fig. 5 Partial images of the data set. (a) Positive sample; (b) negative sample
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Table 2 Structure of D-ECNN model

Layer D-ECNN Output channel

2D convolutional layer Conv(3X3) 64

2D convolutional layer Conv(2X2) 16
Conv(1X1)

Conv(3X3) ’

Dense block Convl D) 8
Conv(3X3)
Conv(1X1)

Conv(3X3) ’
Conv(1X1)

Transition layer
average pool(2X2)

Fully connected layer Sigmoid 64

Fully connected layer Sigmoid 2

# 3 D-ECNN BB AN [R] 435 52T A9 i3 1 g
Table 3 Test performances of D-ECNN model under

different segmentation rates unit: %

Rate Accuracy Recall Precision  Fl-score
9:1 95.78 95.50 71.73 81.92
8+ 2 95.15 94.50 84.94 89. 48
73 95. 36 94. 31 90. 62 92.43
64 95. 39 94.75 93.78 94. 26
Average 95.42 94.77 85. 28 89.52

R T B E AR B AE B R 3 R AT 55 AR
PELIEAR RN 25 46 B0 U4 AR T AR L S
VGG16 Bk AT X I8, AR LS VGG16
SR AT A R0 43 28 I 2545 31 05 PR A AL, A% )5 i
DRSS TR T A ) £ 000 4 A B0 AT 22k SE 5, 15 B Y
TEFRAR AN 4 B, W LUK B AR AL A PR RE 4R
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Table 4 Performance indicators of D-ECNN and VGG16

algorithms unit: %

Algorithm  Accuracy Recall Precision  Fl-score
D-ECNN 95. 34 94. 88 95.77 95.32
VGG16 94. 56 92.63 96. 36 94. 46

5 NARFEES VGG16 5k I 4 5 55 8 1 )
L ZH S B SRR I 2R S B0 BRSO R
I A5 Al A A I A5 A D B L AT AR B, AR B
Mg B SRR 54 SHETE/NT VGGl6 H
2 AR R SO K /IMR 1. 04 M X 3K K 4R
rh i AR Y 23 R FE I AL Ry 0.0345 s, 2 VGG16
TVE AT RURE T (4 1/11 5 3 2% B A 35 3 7F S R TR Sy
B — @

5 PIRPE RN YN Rl b i 4 2 5

Table 5 Train parameters of the two algorithms in the same train set

Number of Number of Number of Model Time-consuming
Algorithm
network layers network parameters training parameters file size /M of the test data set /s
D-ECNN 11 70939 69703 1.04 0. 0345
VGG16 16 27844930 27834434 212 0.3967

6 N EA XA T LB AT A LB AL S Y
10 ANSREBIRL, Hovp, 2 o] R R 28 25 Ky B aa i EA
DAL REPL A B TORE A T8 8 W 2% 450 5 TR S 8L
10 ANFE AR 1A A [ (9 0 265 25 K Fil 2 o) =%, R B

EA 7] DL 74048 28 W 4 45 44 25 1] . D-ECNN #3578
W26 2 H0R 3~20 i P A & N4 R R 45 i, mT
LR B A SR 1 A At 23R 0 T At Do 25 85 78 , ] 3k 3]
95 %4, X L BGE T AR Bk 1 AT R

F6 10 FEEEMNS

Table 6 Parameters of 10 algorithm models

Algorithm model Number of layers

Accuracy /%

Learning rate

D-ECNN 11
Model-1 18
Model-2 19
Model-3 13
Model-4 19
Model-5 11
Model-6 19
Model-7 5
Model-8 18
Model-9 6

0. 0050 95. 34
0. 0035 94.53
0.0037 93.42
0.0059 94. 22
0. 0047 90.73
0. 0045 68.76
0.0055 94. 82
0.0058 94. 38
0. 0055 94. 83
0.0045 95.23

epoch 24 10 B, AR B A VGG16 512 1 e AR
R TE I Zhoaod A2 o A% 56 0F o i R an & 6 I , AT LA
BRI AEIETE epoch g 10 2245 5t B 4535 B S0
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R Rl A S0 YR O R A Y R RS L O R A A
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g 4% Y 0 AR 1) 0 8, o i 6 5 e o (AR AR 0 5, v

04| —+—VGG16 —e—D-ECNN

0.3
2 3 4 5 6 7 8 9 10

Epoch

SRR R U E AT R ES

Fig. 6 Verification accuracies of the two algorithms
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Fig. 7 Test accuracies of D-ECNN algorithm after 20
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