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Abstract: In this paper, a method based on a multi-scale convolu-
tional neural network for detecting defects in jujube is proposed.
Parallel multi-scale convolution modules were added to the Alex-
Net convolutional neural network to increase the depth and width
of the network and reduce the parameters in the network; Added
batch normalization processing to the convolutional layer to
reduce changes in data distribution during training and improve
the generalization ability of the network. Taking the yellow-
skinned jujube, moldy jujube, broken-head jujube and normal ju-
jube in Xinjiang dried jujube as the research objects, these dried
jujubes were trained and verified. The results showed that the
recognition rates of this model for yellow-skinned jujubes, moldy
jujubes, broken-head jujubes and normal jujubes were 96.67 % ,
96.25%, 98.57%, and 97.14 % respectively, and the comprehen-
sive recognition rate could reach 97.14%. Compared with other

algorithms., this algorithm was more robust and had higher accu-
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racy in identifying defective red jujubes.
Keywords: red jujubes; defect detection; multi-scale convolution;

batch normalization; AlexNet model
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Part of the image of jujube detection in a
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Figure 2 Examples of jujube images in the training set

(d) E#HA

1.2 HEWLE

TESEAT YNGR Z HT 5 % AR 7 17 0 22 00 T 40 31 7T LA 3
SRR AR BN DA TIT R 55 B Y 0 PR B . SC P AT 1Y T AL T
BAE AT

(D e — & )7 RNy 227X 227 A BRI A

(2) FEARRE H — Ak o B R #6 OB 5% 4 RGB
= TE A [ T RS R R (N[0, 255 T 5t )
[0. 17, LA 3 G0 B3 0 25 W00% bR B AL 1A B 25 7T 3 A 3E
RN € 2P SN VB | Bt o R N T RN 5
W,

(3) REABAR AR AEAL - X B AT 2 (8 R0 7 22 1 24
Ak PR A5 PR B0 SN A B A AR L 4R e I 2K
BEAY B Z AL ROR
2 ZRIEERBIE MBI

2 RUBE A M 25 0 238 2 R 2 — Rk T AlexNet i
PG i 225 T 2% A R0 A% 5 AllexNet #5518 op 6 355 3 45 L2
Biffe oy 2 ROE B BB S, DT A7 5 b 48 IR 208 1y 2 R
FRAE s 51 At o U3 — b J2 020 U1 2 5 A o B30 0 A 1 A2
b 38 g M 2 iz AL RE D .

2.1 &% 8y AlexNet BRI #

R GE1 AlexNet BRI AN A 3 FroR , EZALHE 5 4
GREZE 2 MW EM 2 M2 EREZUL - Ml )ZE. &
FRUZ T 523 H AR A ) J2 000 e AF 5 1 AR 2 X e AiF 305 AT
FE 457 R AR 43 3% 256, 9 T 0 A0 TUAR P AL 5 42 3R B X IR S
— 2 A5 B B I 1 R AE AT A G A 2P S
i 25 6] W 5% 3 A A bR 9 45 18] 5 OF 7 e JF 09 4 ih 2
softmax Xt H AR 17432 .

2.2 ETF AlexNet & REZRME N KEHE

AlexNet #BER FIE GG BIR S . SRR L HE
U SRR AR O AN F TR B 58 43 2~ B ORI, R T £
RO BB A AL AT AR IR U 20 46 78 v 1) 23 48, 5 T LA
TE B S R R B R S B 10 ) B A 432 2T R0 R) P AT Ry
AEAR B, o DT 4 i A 78 1y R0 o 1 5 B AL Rl 72 op 2
B BN Wb T 23 51 2% I 4% )2 i B3R 1 o0 A R
2R R R TR A R 0 Al M DATIT 5 I A TR X
LRI ROR . B B R 5] 2 RO BB B
At )3 — 402X AlexNet #5147 B
2.2.1 ZREHEPRE Bl REEPERINE 4 B
TN o BT 4 A SR A SO B REIE P AT 5
TRERAE SR BURME Z )5 P HEAT RRAE Bl & R AF A N T — 4

159



160

35 5 R 8 STORAGE TRANSPORTATION &. PRESERVATION

BE 2328 | 2021 £2 B | RaSUH

M >

A 3

% s [w| (=] (& (8] [Z] (] |
i 1& ﬂ 1t iﬁ ﬁ H = = !
4 = = |4 |4 4 2 Pz if

2 2 3 4 5 }Tf' }?‘ 2

% 69 AlexNet 42 A 45

Figure 3 Schematic diagram of classifical AlexNet model structure
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Table 1 Parameters of the four multi-scale convolution modules in the model
(£ nl n2 a b1 b2 cl c2 d
Z R E TR 1 96 256 128 16 64 16 32 32
Z R TR R 2 256 384 128 32 128 16 64 64
Z R TR 3 384 384 128 32 128 16 64 64
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T nl A IE ;02 Sk il GE s a A2 RGBS 1 A4S0 1X1 BB @ E 4 b1, b2
IYAIAER 2 AR 1X T B3 X3 BRI IR el c2 2F BN EE 3 AT 1X 1 B RL5 X5
A BUR A s d W3 4 2K SCBR 1< B AR i B 4.
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Table 2 Network parameters of classifical AlexNet model and multi-scale convolutional neural network model

AlexNet FH [ 2% 14 [ 2 2 5

Z R TR 21 M 4 2 5
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k2 1 3X3 2 27X 27X96 kR 3X3 2 27X 27X 96
BRR 2 256 X5X%5 1 27X 27X 256  ZRELHBBE 1 256 1 27X 27X 256
A=) 3X3 2 13X13X256 k)2 2 3X3 2 13X 13X 256
BRZ 3 384X 3X3 1 13X13X384 LR EFHFEH 2 256 1 13X 13X 384
BE A 384X 3X3 1 13X 13X384  jfk)2 3X3 2 66X 384
HHES 384X 3X3 2 13X13X384  ZREHBRRY 3 384 1 66X 384
SRR 4096 L RELBFE Y 4 384 1 66X 384
SRR 2 1024 EEE)Z 4096
i 2 4 EEHERE 2 1024

iy s 2 4
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Table 3 Comparison of parameters and calculation amount of traditional convolution layer and
multi-scale convolution module
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HBRE 3 884 736 149 520 384  ZRAFHFBEELL 2 123 904 20 939 776 7.14 7.14
BRZE A4 1327104 47775744 ZREHBELR 3 154 624 4 706 304 8.58 10.15
LHMZES5 1327 104 47 775 744 BRI 4 154 624 4 706 304 8.58 10.15

Cover 55 LA A BRUR B9 A G BORT i

EHG
Heo W, —5 0 A% U2 M A RHE 19 & 2 A
S .

Mt R AL, BRZ 2 S8 B0
S REARAS 19 15.19 f5H1 16.00 5, HHZE 3 1Y
SRR AR EZ RIEG B 2 19 7.14 5. B M
JZ AR 5 192 B0 A3 i3 5 20 RO A5 AR B
3V RE BG4 1 8.58 I 10.15 f%. KT H Pz
SNk B B ARk 18 B RO RUAR S L TR A B Ak

{5 e BB St IR AT L O 5 B
i B P Nk A8 R N ofe 15 58 B AR i Y L (T BUAE SR . B
3 WAL BT 2 ROBE A FR AL B AT DL K K el 20 451 Y e
H) S BT 5 PR T f I 2
3 RS S abr

R T RIE 2 ROE G RN 4 W 45 FE BB 408 A 8 B
AR R SR E M4 LeNet (IR 2 M 4
VGG16M T fizg it AlexNet [ 2% 9E 47 %F oo B 28 14 1 2
A P58 /& Anaconda 4.8.5 V- & 21T N R 64 GB,

161



162

35 5 R 8 STORAGE TRANSPORTATION &. PRESERVATION

NVIDIA GeForce RTX 2080 Ti & £ GPU. 3 47
CUDAM I 45 12 & . keras T B 2% 3] HE 48 1 python3.7.7
MG S . ER RN AR DI ZR A R E 4 oy h 2
AR - 254 25 BB B AL B {4 3R 8%, 7E 50 i 72 b A
keras HEZE o Y A B 2% 0K BT, B B batch_size O 64, 18
BRI T 2, N A h R I 64 M HEAR S 5
Y2k R Adam fi AL . 375 B 901G 5 > %28 0,001, 9I
ZRBE N 500 K.,
3.1 #AI% 50

ST B AIE A () P 265 444 5% fle 563 21 748 43 2 1) 5 ) A1 S
R O A AR R A RS AR g — K R
32X32.227X227,224 X 224 W R ~F, 3543 31 4% LeNet 1
T AlexNet BT FI VGG16 #5575 54l 4 b i A7 U1 45
4 A BEALTE YNGR A AN R A b A o W 3 R SR oR Bk &
6.7 iR,

& 6 T, 2 M 4% LeNet 557 [ 2% 3] &5 2218 , 4
I 500 Bk A s BB, HAE 2 T B s Bk
M IZ M2 VGG16 KB | AlexNet B Fl £ R E 45 FH
25 I 45 A5 R 1 )11 5 o R S RE 4% DR S AE I 4R
R R4, o AlexNet £ 5 F1 2 KB 45 B4 45 ) 45 A

100

90
80
R 70
s S 60
& £ 50
= g 40
<
30
20
10
0 Il Il Il Il Il Il Il Il Il J
0 50 100 150 200 250 300 350 400 450 500
AUEL
[teration
(a) HEWHH
K6

BE 2328 | 2021 £2 B | RaSUH

R Gk R AE X AR

By & 7 AT, U 2 M 4% LeNet 557 75 36 3F 45 I (1 32
IR A 35 AU B30 1 o AR R R 3 S A
3R, T LB sh B K. VGGL6 BB Ay 56 IF vfE i
58 UE 45 2K oA RCZE T 80 #6532 A v 43 39 AV R 1 FH AT R
8 J2: Bt 25 35 A A 308 A7 5 360 IF 7 i SR AT A1 1 8 O i 8
B 9L8Y%, WIF MR WA B LI, X EE N
VGGI6 WM T HERUEE L AT W& L.
AlexNet #L R 2 R 45 T 25 0 46 78 46 E 45 18 R
RAF ZERT100 %6 3 X . AlexNet 85U (1% 56 1E E 8 3 &
FEREGRME MR BRERmKERT. 2R
JE 2 B 45 A5 R Y B IE o B R S F 97.4% .
AlexNet 15 R {1 465 UE 1 RIS H] 95.4% . H 2 RE B
1 22 ) 2 455 0 1 0 UE 458 2% eR B0 /N T AlexNet #2709 35
HEH 2K .

25 AT, LeNet #6812 5 2248 H i 8 R 28R H N
HZEH b T 1R B 2 X ORI B B 2 Ok R4
S EMG R AFAE s VGGL6 B 7 B AR 2% S AR P, {H & s Bt
THME X EEERNVCGICH B HAL . LEE

1.6
1.4

1.2

3 1.0
S 0.8
0.6
0.4
0.2
0.0

0 50 100 150 200 250 300 350 400 450 500
AU
Iteration

(b) K%L

P

o

i

ARG D SR R Aol R A B BT

Figure 6 Comparison of models” training accuracy and training loss function
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Table 5 Recognition results of the multi-scale convolu-
tional neural network model in the test set
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