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Abstract

With the increasing number of rice varieties, how to identify rice seeds has become a difficult
point in the industry. Machine vision technology has become a trend as it has more advantages
over manual identification of rice seeds in terms of accuracy and time. To address the problems of
limited capability, low recognition accuracy and slow speed of traditional image feature recogni-

CEF|I M WS, ok, BT EGHRERHERRE AR LT 0] P TR SR, 2022, 11(6): 1272-1281.
DOI: 10.12677/sea.2022.116130


http://www.hanspub.org/journal/sea
https://doi.org/10.12677/sea.2022.116130
https://doi.org/10.12677/sea.2022.116130
http://www.hanspub.org

3

N f siy AN
9
fﬁ +Z§1VA

A

tion methods, in this paper, we propose a convolutional neural network (CNN) using L2 regulari-
zation and dropout to change the originally obtained linear non-separable image depth feature
data into linear separable data by support vector machine (SVM) instead of traditional. Finally, the
rice recognition results were obtained by evaluating the model effects in terms of accuracy, sensi-
tivity, specificity, false positive rate, F1 Score and testing time using 10 commonly used CNN mod-
els + SVM. Experiments show that the method achieves 99.8% accuracy in rice seed recognition,
and the recognition speed is as low as 0.07 s per image, which can be used for the recognition and
classification of mixed rice seeds.
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1. 5l

EART, FKRMF R NOWELEZEY), £ —ME SHoKkEYAEh sy . wampksE
PN AR EAE, KFEEER AT R RATFI[L]. AP & IR B2 N ) B R (e,
WPR [ —HR R R 2l B 2 LB . T3 LB T S AR 2 (R, 2l R &k A
IRAMEFG: ah, NTHNEERZ RN, Wafe e Kr R I HA S B Y. T
W EDGIERAR A TR A TS ISR A H BT 2 ST ARAEY N . ds -SSR R
A ERE AR AT DI AEFAME . Bt SO R AR T R S I 2

] A AMEAE AR 77 T FE IR .- Zhengjun Qi 21 FHT W At AN [ D't 1 9 Fl 4 v ot i AR B 7K
TERh T A AT 5, BT RIA ] 87%; Fabiyi [3]326HL 90 A A H & 20 9 B (0 23 [ 4 AE, Ky
H 5 R R BE R R A, 7 RUERf 2L B 78%; Castillo [4]5 T W AR & T —AMEHE R AR
SRS, K FEET W2 5] AR 4 N 48 SR S RO AE A, HERf 268 B 90%; Jin [5]3EIT 21 7R i 5 R
FES 3454, A ResNet R FEFPEEAT 7028, #EMA=2IA 3] 86.08%: Huang [61AR#E =FhFsfh ¥ L &%F
fiE, AR L P45 (BPNN), 43 2K 1ERI 45 95.56%: Kuo [7]F G SR 30 Mfgfl, K
PR AL PEANEE T 522 7s (1 7> F(SRC)BEAT IR, #EMf =14 21 89.1%:; Sethy & Chatterjee [8]K#5 /K45 ) L
TSCRRAE, R 2R CRFR BT /038, HEMIFRIAH] 92%: Kantip [9]73 51K H SCHE R & HL(SVM)F
InceptionResNetV2 [{IiA F 24 SRR, X 14 Fh 5000 MFEA KK REREAT 7025, HERRRIAF] 95.14%.

AR — P A CNIN SR I BRI FERHIE FEH JER 2R VAN v 43 I B AR AR 2t W] 43 I, FRASE PR 2k
PR 7 R BCRIR TS 1) SVM BEAT 40 28I 715, e S ARG AR R0 7 15K L A2 36 [ (Gray - Level
Concurrence Matrix, GLCM). J&#B X (Local Binary Patterns, LBP). 7 [ /% B J7 I (Histogram of
Oriented Gradients, HOG)i#47 %} kb, 45 3% W EfficientNet_b0 + SVM AR Sk A5 it ) 3 A 5 B ANk 5 |
HA ELE T RO

2. B
2.1. HEFRMEZLE
CNN FBEBEILZE R KK T CNN REFIE M, Wb THRETREASHE. SN BUGHET

ik
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LEHA, P

o B R MR AR [10], A A SR AT LUHE
y) = f(ZXJ‘l*ki‘j +b}j @

f (x) =max(0,x) (2

XRI-LZ T NMRANRRE, Y R VRS AL, m -1 R RHMESRE S, K =R TERA
RAET 251 -1 Z R ASAE 58 B2 MR, bl 2R ARE R BRI | (X) 0SB

CNN EZASERE WA ZMEERZ[11]. EEREHMARGESEH  WED . %EW,
LN BRR A T EN:

B (W -F+2 p)
W, = S+1 @)
H F RGBT RN, p AREANENHE, s Pk, A EREEEEA:
Hl:(H—F+2p) @)
S+1

D, A K HIEIE R H7 i B KN AW, x Hy x D, o 8 SRR BT E RIS,
WAL Z I 24N T — R R RS, Wi i e, AR, S8 G L2 A RoRibie
AP BB A7 50, ABEFER A 1Bt 75 0. A Z AR H L IRED « W ,
FEZ AL 2 5 8D

W-F
W, = 5
27 541 ®)
=R
H-F
H, = 6
2 541 ©)

RIE D REFAZL. f)E gl e 2 B G BB IRAE, R softmax #E4T702K.

NG DN REERM M, IIREHEAGE 2 5 K AEE MGG FreAAT S B AL
JrH EGIN L2 IENAE b R, BRIz AR 22, SR AL RE AT . FERBIE TR, AU
ZH 0 s R08:

0, =0, ‘“%Z:,(ha (Xm)_ y® )Xgi) %

Ht o 2221, ERXRRAERM L2 IENEIHEEAA . ERAN MECz /mamm L2 04, NS
AW

0,:=0, [1—05%)—05%2(% (x(i))— y(i))x?) (8)

Horh 2 RIEMAESH . WA MEIGENR 6, iR b —ANNT LHRT, 15 0, A/ . BRI A
WL R S B, T8 I VRN T B0 2 R B G s, B R AR UL ) T e A

MAE A28 0 25 25 7 51N dropout $2 T+ 48 iz AL e 7. IRt R b & dropout_rate = 0.2, E%E
— M T R DL 2000 Z A TAE . K24 dropout [BEALYE, &K dropout 5, ISR HR AT U e — A
ANFI SR IS, BT LR 22N AS [ 4 40 I 5% () P &5 ST 3 M B 45 5 . Bl T BE AL LE — 28y
RRTAE, DRI T DU G ot R AE AR e A R A AL, P DA R iRk Do 4% 2 2 ) — e i [ e A
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SEIG R VGG. GooglLeNet. ResNet. EfficientNet. DenseNet. MobileNet. ShuffleNet ¥x2%i3t 17l
o VGG MZIEITHES 2 3 x 3 MBI E BRI EBIRE, EIAA A RS2 B 15 50T BE% b
&2 4012]. GoogLeNet 5| A Inception &5k fliG A [F R SF HRFESS 2. [13]. ResNet %M 254 th 8 %
FIR M, I NFRZEMH, {§i ] Batch Normalization (BN)IE Il Z:[14]. EfficientNet_b0 2% 42 i [F] i
ST 28 PR B EE LR EE DA AR N 8 1R 23 SR AR T I 2% (1 1P E[15] . DenseNet121 it jg — M % &
ML, 1A —ZHE2 eampra 20l . BA SRR N R, InsRF L%, SO L
SR, TR R A[16]

TR MRS NAETR KRR BRERSFBOEERI) RS U LKA E Ligtr. BER
CNN #1171 MobileNet_v2 F1 ShuffleNet_v2 # . H T # 3%t . MobileNet_v2 #2 i Depthwise Convolution X
KR IZ SRR S HOR[17]. ShuffleNet_v2 42 HH B MBRIVE BE R OUZ FLOPS, A7 RO R AN g 2
W o A S50 /NAT DU MU AR DT i, S A GRS BN N A RE, R 2 BRI
1TRE, ABEZMS TR SR, 296 RIS ResNet fh% 2 Bt i) ReLU A shortcut BR[04,
A 20%[¥1 52 FH[18].

2.2. XFEEH

SCRE ML AE 5285 [ UE 23 A o 20 5 00 M B =0 I Y . 25 08 — NGRS, AN IR g
Pbrie NIE T ARG — A S —AS, SVM IR B —ANKE 37 A 5249 4 e 25 W A28 51 22— F A
B, EHSCHIERE R n R et . M T DUERARONTE 2 iR, R LUERE R EA R K.
18 p 4E73 (8], AT DUE I —A p-1 4B T k4025, SVM &EnT s s 2 B 1 B

Figure 1. Linear separable diagram of SVM
1. SVM &M A R EE

SVM KRR S 7= 9 23 18] Fp ) A, SRR RS A 45 SRS SR 1) S L TT R B 147 D S P T o 2
Tro SRJE S KRB S WS B[R] — 2 8], Ik AT T A TR Rl AR08 — I A 00 T s 28]

2.3. SVM &% Softmax 4> 2538

iRy softmax A28 9 2% PR 85 e — I B0 A, LUK 0 2% 10 HE Ao A0 D Tt SRR 7 A7
Softmax & CNN J7ikH I 70 KRR RIHZ, BT RIAREN, LR Mkt EmE T—4
R T AR AR B R AT AR R BR R EON:
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LEHA, P

a, =—%g[xi log(z)+(1-x)log(1-z)] ©)

m OAHEICRAN, g ERER SR | IR TRINARRE 2, U AERE IR 3 | IR SERRPRAE o
SVM [ 73 K FEHR 32 EARM T Hedla b AL T 0 B I ) — B0 SCFF . SCRF IR R BUR B BON -

b, = min B"WH2 +C§max(0,l— yi'(wai + b))z} (10)

IW[® MR LEASER, CRENSH, v RERIR%, WX +b Ui

AR RS540 SVM 5 LR 1R KI— X HiIAE: SVM MEfE T2 R BRI, 1 LR 4R
O (1 RIS 2 P R 252 B — FEAR DT . BT BART DLUCH S50 R A T — N R AT 2 1
AR, SVM 5 LR /& IPRASASE] 1) M 2 it o 18— A3 2K 0]

CNN FriZE#: LR S84 LR X BIZET CNN ZEIZR 0 [F I g2t T IR BURE A th feature )
signature RFAE, A2 56 CNN 136 AR FRAE Y 2R IR Ik R Hh gl A2 06— N 2R MR AS AT 23 R 50 386 in L 28 v mT )
FEPE IS A2 [19]. 24 CNN [f feature $&HUA 302 Ji5 , JRARR LA AT 73 (1) 73 AR A T 1 1T 43 (1B 4%, SVM
SR FH 0 43 SCRE 1) SRR AR 1) 2 2R 5 U0 0 £ 35 gkt e 68459 1 3E — B AR B K CNIN ) softmax 43 28 284 i SVM
RN E B E 2 foR:

g
| BN || ] BN |
[ TR | FHE
St | B | K B |
2 45
[ mmwiz )| | TEmekE ]
N N
| SEER [ ] SERE |
—
Pt {|| Sof tmax | | || SVM | |

Figure 2. Schematic diagram of replacing the softmax clas-
sifier of CNN with SVM classifier

[ 2. CNN #9 softmax 57288 SVM LRI REE

3. HHRE SRR
3.1 BER

FEABEEA 6 NIHI: R 10 5. FFERE 53, 52 1 5. 445, Pt 698, 7L 918. 6
AN KRR TARRUE ARG RUAL AR AR B % A8 A5 55 R R R AL

K —FEGE R Canny AT EIEL[20], A B RSP 8 AR S imied, 75 P BUE 0 R
Bifh 7% . RSP E L 45°F0 135° DY T b FERAR T B BUE R B, B3 1 4% 4t Canny BETETHA
o0 FEE B o Wi 7 PR U M . RTRE MR BE SR IEAT I A I, BBy, AN RE R O — MR . 2l IR
IyE| 5195 6307 MEREEA .

MRPEH R G S I R B, PR AR AT e e . MR RN AE . i B, HokE
BEREARIEIN T — At X TR RN GRABIEE R AR AR TR ORIE R BN . AEASEE LB 80%1E il 254k
FILGAEEE, 20% AR EE .
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Table 1. Name and quantity of experimental rice varieties

* 1 REEMHBRESHE

FaFp R JE 46 BER A% P53 5 2 WIRABAIE 9 B Z AN 3 I MG A H
FI 545 53 1035 1035 1656 379
FE15 1079 1079 1727 387
SR 698 1093 1093 1677 378
Bkt 918 1056 1056 1675 375
SR 1020 1020 1632 368
105 1024 1024 1639 366
SR 6307 6307 10006 2253

3.2. FEMIRRIRE

HeFE SVM M REFBEAT 7398, SVM H 52 B/ MU 206 XU AL (5 XS, PASRAS R A7 FIREAR Gt R,
SErbL a2 S Rz AL RE AT s CNN ) GPU L& K/INA 32, H GPU A 2 i 3 A7 42 [ R 4 B 5 B dfs
4. SVM f# 1] one-vs-all i it - N CNN 423 22 sl P 2k JZ R BUR FE AR LA A 2] SVM HEAT I 25,
FAEIIE 3 R

~Nps VAN e NNy
SNV E RO G
N

v - -\ -
~

~ ~ =N i

Lesr eV
NisLaN e

sV s

{8 F Canny 51 1k
TR AN I 52 Bl

kS RPN

Bl # %5224 X224
A 4
A R A R TREH AN | BHEFE (e 2 R 22 2%

Figure 3. Flow chart of rice seed identification
B 3. FEMIRAIRIZEE

4. SEHOEER
41 SKWRESSHEE

WF 2SR50 3R 55 9 Window10 64 i 248, K Pytorch IR 2% SHFYRAELE, % Python 1 A 4w FEiE
& o CPU A Intel@Core-i7-9750H, K H Jeffiik RTX2060 &R ik G Ab# .

K F 10 Fh A A2 I 4 X FEFPARFE A TR I o HR A I 4505 MG R IR B hy 224 x 224 18 3%, N4 4R
125K FHBEALER FE T % SGD, 221 E N 0.9, 2221 %54 0.001, AUE /9 0.0001, Y%k 50 /> epoch.
XA epoch HHAREANEIGBENLETHEET . 4000 BERe . VA— 03, SXFRE 2R 4 T DLTE AERA 2 H
AR 21 AR BBURRHE « S L B 3 (FPR) . F1 Score A1 4t ] 4657 T B8 4% 40 2 e O ML RE

DOI: 10.12677/sea.2022.116130 1277 B TR S N


https://doi.org/10.12677/sea.2022.116130

WEm, o

A5G R One-Vs-all Jiik AN MEA% et HifF 9 SVM 733845 255, RIS A8 R AN A8 SCIGUE R 7 VA
24 Co IREHIEZHERIRN:

Accuracy = TP+TN (11)
TP+FP+TN +FN
Precision = (12)
TP+FP
Recall = Ll (13)
TP+FN
FPR—_T (14)
TN +FP
F - 2x Pre:c!smn x Recall (15)
Precision + Recall
Specificity = 16
P Y TN + FP (16)
TP ONEBAYE, FPONMRFAYE, TN NEFATE, FN AEHITE, (TP+FP+TN +FN) AL A A

.
4.2. (ERFINLZA CNN BB FEFpiE TR A

MERTT AR LR B 27 2] 1 2% 75 SR B HOE AR 0 AR — MBI RO AR . FEASIRBIE S ] 1 i %
FOIROR, I A B R B TR ZRIAR, 288 L8 7E % 44 1 ImageNet Bidlde BllZad. HIACH)
I b Bt 55 SR N 2R PI SR AR, ARG 27 SR SR R B AL A, (RIS i 8 2 ST S DU A 7 H I
P YR ]

i Vggl6. Vggl9. GooglLeNet. Resnetl8. Resnet50. Resnetl01. Densenetl21. EfficientNet bO.
Mobilenet_v2. Shufflenet v2 10 F F i) AR ,

FUE TR CNN XRERTEEAT IR, IR HER A 03 2 s.

Table 2. Identifying rice seeds by the pre-trained CNN model
= 2. (EATRINZ CNN BT FEfhiEE i TIR B

Pa bt Accuracy
VGG16 0.900143
VGG19 0.915241

GoogLeNet 0.954113

ResNet18 0.956231

ResNet50 0.961324

ResNet101 0.963241

DenseNet121 0.964231
EfficientNet_b0 0.969121
MobileNet_v2 0.848231
ShuffleNet_v2 0.917468
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4.3. {ERAMINIZE CNN #ER 5 Fafhi TR

CNN + SVM 7EYIZREE ErIMER NS 3 Fion . JEId XL 2 fide 3 Mgs IR, mT LTSN H CNN $2HY
FHIEJE H SVM ZEAT 73 28 0] DAS T R iR ol i el 22

1 3 FH T %A CNN + SVM B il e . A 3 W 75950 EfficientNet_bO A1 Densenet121 %
B MRS AT - Resnet A1 GoogLeNet 25 M BE LT, Vg 2% Al 5 2 X 4% Mobilenet_v2 Al Shufflenet_v2
PERE L — M. EfficientNet_b0 £t Densenet121 £ 35 5 A0 DR (8], VE NASHE 7o B &A% FAR A, %
LT LE AR AR S 45 SR e 4 Fos o

Table 3. Depth features of various CNN models were used for system analysis based on SVM

3. FAEM CNN REFSREFEET SVM #HITRG S

Iy HAERY Accuracy Recall Specificity FPR F1 Score Testing Time
VGG16 0.921851 0.921852 0.961459 0.014216 0.921852 482.572134
VGG19 0.934197 0.934196 0.972811 0.013236 0.934196 579.018826

GoogLeNet 0.984818 0.984818 0.996965 0.003034 0.984796 116.845401

ResNet18 0.987614 0.987615 0.997521 0.002478 0.987614 89.087674

ResNet50 0.988413 0.988414 0.997682 0.002317 0.988418 252.264768

ResNet101 0.990411 0.990412 0.998085 0.001914 0.990410 406.727547

DenseNet121 0.998401 0.998402 0.999680 0.000319 0.998401 239.412328
EfficientNet_b0 0.998401 0.998402 0.999681 0.000318 0.998402 154.782743
MobileNet_v2 0.920894 0.920895 0.984175 0.015824 0.920979 116.050966
ShuffleNet_v2 0.935277 0.935278 0.987059 0.012940 0.935206 60.194926

Table 4. Identification results based on EfficientNet_b0+SVM model on the test set
52 4. £T EfficientNet_b0+SVM 1R B ZEMK & AR RIZE R

FE AR F}5AAE 53 ZmE15 R 698 e 918 ZRAR HWE105
Accuracy 0.984168 0.992248 0.989417 0.992000 1.000000 1.000000
Recall 0.984169 0.992248 0.989418 0.992000 1.000000 1.000000
Specificity 0.998399 0.998392 1.000000 1.000000 0.997347 0.997880
FPR 0.001600 0.001607 0.000000 0.000000 0.002652 0.002119
F1Score 0.988079 0.990968 0.994681 0.995984 0.993252 0.994565

ARG UG AL BRI 28 22 ST B 546, % GLCM + SVM. LBP + SVM. HOG + SVM #H17 &%
2. XLV FL Score W 5 fiR.
Table 5. F1 Score for traditional image recognition method

= 5. 5 EFKIRA75 A F1 Score

ik GLCM + SVM LBP + SVM HOG + SVM
F1 Score 0.425894 0.875781 0.671626

MIE 4 EfficientNet_b0 + SVM 7EMRAE L AITRIE R RE ] U B, AU 58 53 Aok peft 698 11
MRCRE N — 8, G5 1SR 918 1R AUR BT, 488 FAS 10 SR A RURIR iA 3 100%.
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Figure 4. EfficientNet_BO + SVM Confusion matrix on test set
[# 4. EfficientNet_b0 + SVM 7EMiX & ERYR B 56
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Figure 5. F1 score for all test models
5. FREMIRIRELH F1 score

5. &ig

AR T — e A R 0 ) 28 i B PR R PR AR ALE 8% SR 2 1 AN 1T 43 (R i AR A3 R vl 43 )
TS 0 2 M B 40 RO F5 (R SRR I EHLIEEAT 70 S8 U7 v . @it seae #4515 40 EfficientNet_b0o +
SVM S FE AR A R B i, IR HER R IA B 99.8%, BRIk K HIRAIEE N 0.07 s, ATTECRER iR B
R FAF N ORFFER MR BT . #RHEE 5 nTLURI, 76 CNN P3EAL Fin 1 SVM A DUAS [R5 b b i
PRSI ERE, CNN+SVM A1 A% 45 B R B HE R 3R 25 W B A3
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