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Rice Processing Accuracy Classification Method Based on
Improved VGG16 Convolution Neural Network
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I Ch ZUO Yi CHEN Zheqi CHEN Kunji
(College of Engineering, Nanjing Agricultural University, Nanjing 210031, China)

Abstract; Classification of rice processing precision is an important link in rice processing. In order to
accurately identify the grade of rice processing precision, by combining the hyper column technology
(HCT) , max-relevance and min-redundancy (MRMR) feature selection algorithm and exireme learning
machine ( ELM) technique, an improved VGG16 convolutional neural network was proposed. First of
all, the OneHot format in machine learning was used for coding and normalization of data; then,
combining HCT, the VGG16 convolutional neural network was used as the feature extractor, which can
extract local differentiating features from deep structure at different levels. Totally 5248 rice features were
extracted, the MRMR feature selection algorithm was employed to eliminate massive redundant rice image
features, and 500 most effective features were selected. Finally, the ELM technique was used to classify
the processing grade of rice. The 5 848 sample images were randomly divided into the training set, test
set and verification set according to the ratio of 6:3: 1 for training and test of model. The results showed
that when the rice processing grade classification model built based on the improved VGG16 convolutional
neural network was used to classify the 1 755 rice samples in the test set, the overall accuracy can reach
97.32% , and the classification prediction speed of rice processing precision can reach approximately
85 t/h, which basically satisfied the requirement of rice production line.

Key words: rice processing; accuracy classification; convolutional neural network; hyper column

technology ; max-relevance and min-redundancy feature selection
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Fig. 1 Images of four grades of rice samples collected
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Tab.1 Number of rice data pictures of four levels and
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el el 15 A/ i %
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Fig.4 Heatmaps of four different grades of rice
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Fig.6 Improved VGG16 network structure
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Tab.2 Classification results of seven different

feature sets

FRERAFAE GPUSP3EAT  RUBCH i IR

B/ A 5[] /s B/ A /%
5248 0.0892 35000 94.31
4000 0.0823 35000 95.01
3000 0.076 1 35000 95. 54
2000 0.0742 35000 95. 61
1000 0.066 2 35000 96. 03
500 0.054 2 35000 97.32
100 0. 050 2 35000 88.23

M2 AT DU AL 5% 500 AN FFAE B9 45 iE 4R
7 IR B L, HEB R O 97.32% o h T 4R
R AR 746, 75 500 AMFRFAET-4E Hh, B 100 >4
fiE T A AT — Y 5, 28 HUfL 7 200,300,400 ,500
600,700 ,800,900 4~ fi: 3t 8 Fli i ik 1~ 5 3 17 1
5, R AR R DI 2005 IR 45 R A 3R 3 i o

M3 Fal LU R AR AR R AR B O 500 i
HERA R IR o IRIR &5 0 n] LA Y, 4 Ak B0 IR A
S X 3 SR AR A BN W, AR B 2 S BRI AR R
MERSE I . 9 1 BRIX — 52, i 2R F AR e 4%
S35 o MRMR 5532 6 2 ) 5 A0 1) 500 SRR
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Tab.3 Classification results of eight feature subsets

FEAIESE GPU FHAT BB A4 T e A
FEAE Eo /A4 I 1] /s o/ A R/ %
900 0.065 1 35000 96. 23
800 0.062 3 35000 96. 36
700 0.058 8 35000 97.01
600 0. 056 2 35000 97.31
500 0.054 2 35000 97.32
400 0.053 4 35000 96. 03
300 0.0522 35000 94.23
200 0.051 1 35000 92.91

M HERR R R 97.32% .

M4 B P FE AR 3£ £ A9 500 A HF AR R e iF
VGG16 KN TR BE 43 G R X M 4L 1 1755 i
AR A Y SE AT P, 25 R 3k 4 iR,
2 4 I, 3 T ek gE VGGL6 (1R KK hn T8 BE 43 4%
FERUNT 3 G RK Y LI 4 [ % 5 vy, 3K 3] 98.63%
L5 R AT e 2 IR AR Tz 2 AR A RO T A 3 A
5, (A5 A 1] R o AR 1 g ROK Y T
MR Z R 96. 82% ;X 2 G KK 1) T I 43 7] 4 e
ik, 96. 15% , shBIAIAY SR PR &, & T

Ut VEGL6 KK TR 70 AR X 1 4R OK 11
SRR RE R (FL I 97.34% ), s AT
AEJE 1 SRR AL SRR AL AR B T oAt 3 A4~ 5 8 )
T TS VEG16 KK i TR JE 73 24 465 7
RO F) SR B 3 D 97, 32% , GPU 151 ) B2 i 51 14
(¥ F- S 5f 5] g 0. 054 2 s, 4 /NI ] RLSE K 85 t ROk
MR
R4 MHEM VGG K REFHLXWBLER
Tab.4 Results of improved VGG16 rice classification

model
. FEAK HMR/ RHE/ FLI B o E R
il
/g % % /% /% TR A/ s

1 %% 443 96. 82 98. 83 97. 34
2 % 420 96. 15 96. 53 96. 36

97.32 0.0542
3 2 452 98. 63 98.21 96. 56
4 440 96. 36 96. 42 96. 82

2.2 i VGG16 iR B F0 42 8 4y Z54R B A Xt b

KT FAY G VGG16 BRI 1 PERE , A S0
ImageNet T Il Zi % VGG16 iRl ALEXNET 45 71
1 BP AE () 48 5 M e DS B S L AT R R
WE  RILES RS PR,

x5 IMBIISERNESH

Tab.5 Super parameters of three pre training models

i i ERT R P A EARUEL PR AE R
VGG16 RMS 0. 000 01 0.2 500 categorical _crossentropy 30
ALEXNET RMS 0.000 1 0.2 500 categorical _crossentropy 30
BP RMS 0.000 1 0.3 500 categorical_crossentropy 30

M keras. optimizers € BUFT 75 (9 0L b i , T AL
i T DUAR G 75 21 10 5 B0 R e £ 5 E i A4 s
1] RMS fLAb g 0u Al , AT Adam 415 Al 45 K 5
TR AT RS B AL A B R TR 2 o) AR AR
TR B 7 ) 8 SR R 5 SR ] T A s AU A
(127~ R RERG L 2 o AGBOR BN BRI T35
TR N {5 S AR A0 AN — SSORR B R s — K
YIZFT VB REAS K, 5 AT A L A R JBE R
VGG16  ALEXNET ,BP 3 Fit /3 24 #5 AU #K 2 7% A
B0y R GURFR B F5 BB, 5 e VGG16 5 R it
AT o0 R RR AL, A R 3R 6 B .
R6 4MBERHRLERILE
Tab.6 Comparison of classification results of models

SFER SRS R FL AR R R

1
/% W/ WE/% /% 53rIEmEE/s
ik VGGl16  96.99  97.50  97.27  97.32 0.054 2
VGG16 93.23 92.12 91.26 91.31 0.088 3
ALEXNET 92.16 90.83 88.76 89.93 0.089 6
BP 89.23 87.62 88.80  88.65 0.063 2

MF 6 AT LI, et VEG16 A58 25 30 1k i
BALT VCGI6 B, SR Efh A 1k VCG16 KLl
76,01 AN 23 s, - 42 BLR ROK [R50 S [R] EE
BP BRI 4545 1 0. 009 s, LWk ik VGG16 5 7 AE %
A BT ROK E R BEAT 732

3 HRiE

P T ROK N RS BE 43 28 1 ik VGGI6 A
IR T IR S0 TE . 25 R R, Mtk VGGI6 i
{4 1A o R K B 97.32% , [ VGGI6 BT 3R B T
6.01 DE I3 ki BAHRAMEE Y TR FORFFIE 235
S50 TP AR B VGG16 BRI 0GR, it
5| A MRMR B33, i 356 H 5 47 30 500 A~ KK RRAE
Mk VGG16 A RIYE GPU b T B Rk K FR 1) 43 2
HFIE] A7 0.054 2 s, e BP LI 4548 T 0.009 s, Xf KK
TR BE 4 T B B 55 T 85 /b, Bt VGG16 BEY
FRT 1 B R AR it J R K T A 7 RS B A SR, Tl K
Je SERF R KRN TR FE AR LR 00 P R G SR (I BE T 8
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