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A method of screening phenotypic features of rapeseeds
based on SC-StackingPSO-MI
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Agricultural Sciences, Chongqging 401329, China)

Abstract ; [ Objectives ] To extract effectively the key phenologic traits of rapeseeds and serve the rapid screening of excellent
rapeseed germplasm resources, based on spectral clustering ( SC) , stacking particle swarm optimization ( StackingPSO ) and mutual
information (MI) ,a method of rapeseeds key phenotypic trait character screening SC-StackingPSO-MI was proposed. [ Methods ] After
the determination of the optimal spectral clustering of rapeseed grains, this paper designed the Stacking ensemble learning model
based on the logistic regression( LR ) algorithm combining with k-nearest neighbor (KNN) , random forest (RF) , and support vector
machine(SVM) to evaluate the fitness function in the particle swarm optimization ( PSO) for the screening of key apparent trait
features of rapeseed grains by combining the MI between the features and their clustering results. Furthermore, clustering analysis of
rapeseed grains,the comparison of the classification accuracies of rapeseed grains under different classifiers and different feature
selection algorithms based on the selected key features were carried out. [ Results] Under the binary clustering condition, the SC-
StackingPSO-MI feature selection algorithm could effectively extract the feature indicators with high statistical variance from the

apparent features of rapeseeds. The Calinski-Harabasz( CH) indices with the optimized features increased from 42.89 to 83.90, which
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resulted in a significant improvement in the clustering performance. The overall classification test performance of rapeseeds screening
features from SC-StackingPSO-MI under different classifiers was compared based on binary clustering labels. Compared with the full
feature combination ,three classification models such as KNN,SVM and LR all showed varying degrees of improvement in testing
accuracy apart from RF model. That proved the feature selection results had good robustness. Compared to the feature selection
methods of LASSO,SVM-RFE and XGBoost under binary clustering labels,the SVM model’s test accuracy( ACC) and Kappa values
were 97.22% and 93.88% , respectively, indicating the higher reliability. [ Conclusions ] The feature screening method proposed in
this paper had demonstrated good superiority in the selection of key apparent trait features of rapeseed grains, and could provide
relevant technical references for the selection of key apparent trait characteristics in the screening of excellent germplasm resources of
rapeseed grains and other crops.
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Fig. 2 Multispectral imaging system and sample RGB image
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Table 1 Statistics of apparent characteristic indicators of ‘ Qingyou 8’ (QY-8) rapeseed seed samples

FeAl Bzt BAME BoR(E i FeAl et fe/ME RKRE i %
Type Index Min Max Variance Type Index Min Max Variance

B/ mm? Area 1.815 4284  0.214 CIE[ 0] 16.897 47.565 20.104

KB /mm  Length 1.543 2414 0.027 CIE[ 1] 1.530 8.746 2.364

FelE/mm  Width 1.425 2.256 0.027 CIE[2] 2.803 22.980 24.610

AR 0.837 1.024 0.001 CIE[ 3] 1.157 5.659 0.917

A CC 0.835 0.995 0.001 RER CIE[ 4] 5.984 33.993 40.729

Morphology CE 0.989 0.999 0.001 Color CIE[5] 1.780 8.701 2.491

JEtkZ % a Shape_a 1.366 1.884  0.007 CIE[ 6] 6.772 38.357 58.800

JEIRZSH b Shape_b 1.279 1.659  0.006 CIE[7] 1.661 9.993 3.015

VS -0.111 -0.001 0.001 CIE[ 8] 43.984 78.146 46.586

VO -0.368 0.336 0.011 CIE[9] 2.573 16.396 9.530

H AR KT Aspect ratio; CC; [5] 55 2 Compactness circle; CE 6 (53] 155 5 Compactness ellipse;VS;ﬁEﬁﬁfﬁﬂr Vertical skewness; VO ; 3
B J5 [ Vertical orientation. I [i] The same as follows.
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Fig. 3 Cluster distribution of QY-8 rapeseed seeds under different cluster numbers
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Fig. 4 Influence of different A values on hyper volume( HV) Fig. 5 Convergence curve of loop searches
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Table 2 Feature selection based on cyclic particle swarm optimization search

{EEZRVN 38 /N o LA XN AFAE I RFAE
Number of cycles Minimum fitness value Corresponding features Joint features
1 0.010 Area,CIE[ 0] ,CIE[ 6]
2 0.010 CIE[4],CIE[8
4], CIEL8] Area,CIE[0],CIE[ 2],
3 0.015 CIE[2],CIE[4],CIE[7] .
CIE[4],CIE[6],CIE[ 8]
4 0.010 CIE[2],CIE[6],CIE[ 8]
5 0.010 Area,CIE[4],CIE[ 6]
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S RS AT A B SEATA FE ULAE ABRAR OF , e 25p D T st
ESIETE S ST s e 4 2 0 2 4 6
34 BTARESEBOHEHEERIN tSNE_I

SAIE b R A 45 A A, 3T SRR =0 6 RERUEBFIFRRIESN
TR FRA , FIFH KNN _RF.SVM Fl LR 4 Fh4> 228 7EREHL Fig. 6 Cluster distribution of rapeseeds
YIZREA L O 1 T HE 41 45 AU 2 FF A SR 4145 T 8 after feature optimization

R SRR 5 UM, FE P ) S EAL R TR DR R SR 5 4732 U UETE | IR I U AR
FTUTE, &7 FTRUAR %) 20 SRR R E BEF T 18 /5, BR T RF RO B R 3 (ACC) I Kappa
(EA FTREARAE , ol 3 AREEY AR BE SR PR AR T IR R SR 2 A AN TR R EE £ e | R W BE T O R ik 1y 7326
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Fig.7 Comparison of classification accuracy of different classifiers before and after feature screening
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LASSO 575 A1 SVM-RFE 595 J2& 2 Al I FR A 28 58 7 1. XGBoost J& — Bl & T 4 i 2 T HE 42
(gradient hoosting ) AP 5B 5 B4 21 J5 vk, G P9 B B RRAE B B MR TR ik L AR S04 BIR T LASSO
SVM-RFE . XGBoost Fll StackingPSO-MI iX 4 FlAFAEBERE ik 7E LN e A L JE T % N R L4k SVM 43
FAFATUNGR , FEAEDRREA I TAE B Fext . Hop, XGBoost FRAFLERER FHBRIAIY gain J7 753K BURFIE 1Y
FENEAY R B AR IR N B AE R . AFE 3 TR, StackingPSO-MI S BEFRE T4 315 F
() SVM AR LR ARG ACC Fl Kappa {H0 %14 97.22% F11 93.88% , W& T LASSO .SVM-RFE il XGBoost,
UL StackingPSO-MI F14 BEMS 1S RN AP FUAFIEFEELLA , FFTESEULLRY SVM 20288 T BUSH I 1 43 2
KT, LU e 25 AT B0 i T b
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Table 3 Classification accuracy of different feature selection methods based on SVM

FFMF Features
8 RIAHHESET RF HEMHEEZMHEF (7110 i)
Fig. 8 Ranking of feature importance of the RF model

under the original feature set( top10)

Jrik S8 FHIE Bk ACC/% Kappa {H/%
Method Parameters Features Number ¢ Kappa value
Alpha=0.000 7 .
. ; Width, AR, CC,CE, Shape_a, VS, VO,CIE[ 1],CIE[ 5]
LASSO max_iter=10 000, e ) o ’ ’ 12 94.44 88.03
=1, gamma=0.001 CIE[7],CIE[8],CIE[9]
Step=1,CV=10, Width,AR,CC, VO,
SVM-RFE C=1,gamma=0.001 CIE[0]— CIE[7],CIE[9] 13 o7.18 93.60
XGBoost CV=10,C=10,gamma=0.001 AR,CC,CE,VO,CIE[4],CIE[5],CIE[ 6] 7 97.05 92.30
. cv=10, .
StackingPSO-MI Area,CIE[0],CIE[2],CIE[4],CIE[6],CIE[ 8] 6 97.22 93.88

C=1,gamma=0.001
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RS BRSO TN, 4 BB A VR IR R BE AR B0 50l 8 0 MR ) G A
A FET HSV BAZS (B DL S+V-H VE RPN I ST RLEI (0 VR 1 18 ol T Sk br itk A7 17 5 9kl 41,
RS S BEAR TR T SR B A G, TR I RN ST A RRE . AR SCEE T QY-8 T S RL 1L
Bt T B 23 B R I T 2 I SRR R U AR O e O i e i T B A B R 5 A
CIE B 431t FREAE RAEATARL I/ N TR, 0T FH 00 B I SRR 25 2 1) P Rl 43, A 2B 5 T SR p TR
SR, TIA R O ARV RHIE B RIL R S LE LA 2% 20 FRAE 158 Ty 1HT 2R 30 4y i o RV O (R
R ST Y RTRE P ERAE B A RAFAER R 22 5+ HIELTF LASSO . SVM-RFE il XGBoost
FEIEBERRR AR SCHRE S T SRR T OC S 8 LRI 07 356 7 9% , B8 0 KG i b 4l B2 L OGS RRAE | S T BT ik
SEHER AR E D A RS B W T H bR, T, PSO FRHIE 28 45 v ] SR FH 22 b s M BE O BL 2 2 ) B 7Y
(4N XGBoost , LightGBM ) F F I A RIFFIELL A 248 2 A 152 38, U1 52 M) e ¢ (R R IR SR R 45 1, AR Sk
XFEHEAT XS E A R St — 2 T

AR 5T FF I SATRAEAS Y TN JEAR B SR MAERE , 24T LR LS KNN RF A1 SVM 3 ik
fihi2# > 28T Stacking 5 A 2F 2T AL HEH T SC-StackingPSO-MI F4 7 SR F k7 S 4 8 UL RRAIE 0 08 i, &
BLERUTR 1) 78 2R A E T, 3 T AR 5 1 7 15 114 9k S A4 3 AR AE A 35 T 25 R AE v O 22 A K i
AR Area FIJT ZE8 KRB EE CIE[0] (CIE[ 2] \CIE[4] .CIE[ 6 ] #l CIE[ 8]6 ™ WARE 401, Hijth 58
0 CH RAFEE 42.89 #1551 83.90, F-AiF R 2 M EAS 1) Il 3 2l 38 | UF B 7R 3C SC-StackingPSO-MI FEAE
16 7 0 A 380 5 2) BT SRR R — 4 RIS 4 IR IR IR 41 & 5 2 FRE 2 41 G A ) KNN RF SVM
LR S BRI 0 B2 AH L, B RF BSRUAE  HoAh 3 AR [R5 48 A A X R Uh R AiF 4R 3545 AN ) B JE 42
15, W B FH A RAE G5 18 J7 1 AR RO R E 4 6 205 SR LA A I R {1 5 3) 7 StackingPSO-MI fE R 1E 74
T B TIEORRL S R AR A 1Y SVM ARSI AR AR i ACC 1 Kappa (53111 97.22% #1 93.88% , {1t
T LASSO .SVM-RFE 1 XGBoost 533 , F WA SCRFIE i 35 77 v HA B AT Sk
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