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Abstract

To identify rice-variety indicators with clear appearance interpretations, this study conducted ran-
dom-forest (RF)-based feature selection and comparative classification analysis using a publicly
available rice dataset. An 85%/15% stratified random split was used to construct the training and
test sets, and five-fold cross-validation was performed within the training set. Based on RF feature
importance, subsets of original features with different sizes were constructed, and the classification
performance of a support vector machine with a radial basis function kernel (RBF-SVM), RF, and a
multilayer perceptron (MLP) was compared. The RF-based feature selection approach was also
compared with dimensionality reduction using principal component analysis (PCA) and feature se-
lection using the ANOVA F-test and L1-regularized logistic regression. The results showed that the
13 original features selected by RF comprised five morphological features, two shape features, and
six color features. When combined with MLP, this RF-selected subset achieved a test-set macro-av-
eraged F1 score 0f 0.9981, close to 0.9986 obtained by the full-feature MLP, while reducing the num-
ber of input features by 87.7%. Logistic-regression comparisons among feature groups showed that
the color feature group performed best among the three individual groups, whereas combining all
feature groups yielded the highest classification performance. Eleven candidate features were se-
lected in the Top-13 subset in all five training folds, indicating high selection consistency across
folds. These results demonstrate that RF-based feature selection can reduce the number of input var-
iables while maintaining high classification performance and preserving the names and meanings of
the original appearance indicators.
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1. 5|8

IR B BV, KO B AR UURFAE A KK it B DF AR A S R 50 F) 3 845 BRI . AR G KK
EIFEE R B E A TINE, SAAafHEGORKIES SIESHOT R AR, AT
AR BRI S B T ARAE( 1] A TVPH 5 0 RIS R AT REAAAEFEI B . A 4 /IR, TR
BT SRR 2 21 T3 B TIRIE ORI S . TR LR B AN d A [2]. BRIk, B 7E3E T 0K
SIS B B B3R5, I M BA IR R B SRBEAR bR, 0l B OK s AR By BT

BUA KRG it PP RO 0F 7 E BARE PIR BRI 2R —SRMTORE R P IO TR A TR, 4L
BUMBUENREAE, A LS 2 0 R HEAT IR 55— R IR A e M 26 R b 22 2 HA AR . 2
A TN LR LT KRG f A2, B RLm R RS [ 1]-[4]. Coronel-Reyes “5[STHCEL 1T AKTE
SHRHIEAE PCA FRZERT G 2 LA 2 72 AR Li S50 45 A ik 25 21 5 2 FUZRHER I, FFFIH]
Grad-CAM RS OK BUR Xt PRI EAERHESR U & A R R AL MR AE
HA WA R E S, TR S ROK A L] B3 0 J PRI SR s IR 3] T ik Re s B 352 3]
BIGRTR, (T2 R 038 W M DL BB BN SN bR . AR ERIB T, U ATY T I B (R CR AR A A2
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A REARL T BB R S B 2 SRR 7]

T IR AE T AR SRR PO P B8« AR AIE A R P % BECRAEAS E MR A 9 B PEAN 4E RS (8] o it
(Principal Component Analysis, PCA)If it 2 14 20 & Fe A RRAE 2 1], 1T S5 AR AR ik 077 e O B A48 5 1 44 AR 5E S
AR I LU J5 B R AR RFAE . [AI4ERE PCA RO 5 RHERIN, 8RS AP FR b 5 (1 73 K Mk RE .

TV W TORARFAE 5700 F T /KR8 b 3 28 B SR AIATE 55 Naik S5 [9]15% 2. T 77 2243 M R RRAIE i 7
EIF KRG i AR5 Phan 1 Nguyen [ 10705} 7K A& b1 40 B R B0 FORFIE IR £ 0778 218 LSR5 )
f£55, Bhuiyan 55[11]E4 7 RF HE M, BEHRFHEREME S G0Himk 7k, Hid =8 SR IEFAN R
AAPRJG I 3 R M e AR SR 258K S R 328, EUBRCAN R AE AR 5 7 R LG . iR
R PEAIE SO TN B AN E SN IR G LA VP R [12],  ASCHE LR o PR RE IR [R I Se v B 4 N IR A
2, DL R A B a5 — B g FR br .

BT BRI, AL FEIOK RTINS, K HBEHL AR AR (Random Forest, RF)RFHIE # ZE X 106 4
JRIE SN AEREATHE T, BEISSRHEAS ] o PERe Sk — BT R 7t 158, MEA R RS KRHE
THE, FE[EDE 7 RS LB R 2 R 2501% SRR A) B2 AL (Support Vector Machine with a Radial Basis Func-
tion Kernel, RBF-SVM). RF F1% JZ /& 51HL(Multilayer Perceptron, MLP) A X IGUER I, I iR ES
ORMEREMISC R, Hk, B HUBARE. PCA-13 Al RF Top-13 [17r25K B, 35| X ANOVAF K%
L1 BN Z 8 REE N REIEFEIELE, 78 RBF-SVM Fll MLP R iFIN A FITE AR &5, 45
GRHEHENT LG BEHT N2 S AR AR AN S, F3 B i 48 Am i) 4R 5 1% 43— Btk

2. BURSHE
2.1. BURESHHEMR

AR E Arborio. Basmati Ipsala. Jasmine il Karacadag F.A4™ Wl B KK A WA AE B HEEE[ 2] -
RS E 75,000 MFEEA, AR 15,000 4, SFEREEME . BRSO ERIERICK,
ANFEAE 106 NIMULAFAE B SR S B FR AR 2B, 43 AT 55 AR AR SR WA AE TR A A BT 8 1 b o AR5
DA E SR BUE R E BN, A BN 4G BR AT 3 2K .

106 NPUAHEELHE 12 MERFHE. 4 DNTAIRFHER 90 MEERHE, 73 5l R SR RS 55 ER
JURTERA et oA, BARZH RO 1o 12880305 5 Ol H T K& i b 23 28 AR SR e it 75 (9]

Table 1. Composition of rice grain appearance features

= 1. RARIMAFAELE K

RSN e RFAMEFHE TR A 2

TEAHFFIE 12 MR, K B, WOz, JIE KAR 585 EME

TEARFFAE 4 JBRET 1~4: BIOKER FEIKE S DGR N U IR JORTUTIR

PR RFE 90 TRBE R RE . . B R NES & P53 A1 5 AR ARFAE
it 106

2.2. SEREETT

AHE TR 0 2B 705 K 85%IIFEAAE NIIZRER, 15%IIAEAAE NI EE . FEUIZRENHAT 5 9
RS ISAE, REITEIARAEL . PCA AR H AN SR AL IEFE 7 i AL AT 254 B G, IF BT 3% R 36 E
1, SIS LR Ty 420 AT A S B SRR BB L SRR AR AL BESRAR AN 70 28 8%, TS
BUEESRR .
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SIS IR RFE AL LG . RRAE R LU RRAE R 70t U AR AR A 4 07 V5 LU R DU AN 40 o REAIE AL X LG DA
AR H(Logistic Regression, LR)NZM2K4E, TEMTER . TRAR. Bl R AT AR 7325380, LR KA [
ESHL, ROKIERIRECH 2000, HRSECRHEVAERE : RraEEce EUAHE B € 73 8 28T 1T A [F L
B[] RF Top-K T4 RHERRI LLHEEERIE. PCA-13 5 RF Top-13 fEAF 232588 P 32K3R L 4
AEIRFE 7L LU DL 13 TR IRRFIE N B LU AR, VT4 RF. ANOVA F #5601 L1 1E N0 45 =] )5 i ik
HE, HSELHO1RH ANOVA it 40 BURFEM W E, #— LI RF Top-40. ANOVA Top-40
LI-LR JEEFHEE R KR 2FHIES PCA J7 S YIZRE N MK RIE BB S, & JRMGRHE
i 16 77 SR AE [ — 73 K48 N KA — B 2 240

2.3. FFERIEShmiE

ARFIETT RAREE A8 106 NMRIAEE . PCA 77 R Jext FARRHERAThrdEfl, FHREURSEE 1 13 A
TR, H R IR T 2 6N 94.87% . Fod, BT =N B BIRRRE 77 Z L 23 0N 41.93%116.26%F0 9.17%,
BN 67.36%. FfijEdHT ALALEE, LG — & ERA T ZRE .

RF (i35 R FH 717 sSSP N B4 )RR AE B8 B Mt S s A e [13]. HEP AR AL AL 400 BRUR M
(Decision Tree, DT), KRN 20, W5 B /AEARKCN 1. R IR R4 R A& RFE HE
FERERY, FERIEE Top-10. Top-13+ Top-20. Top-30 Al Top-50 KFET4, LA4HE 106 MEFEME NFELk . H
t1, RF Top-13 HT5 PCA-13 AT F4EE L. fiik)5, %I RBF-SVM #ll MLP 4 AEATArdEAL, RF
I A B FH I SR AR RFAIE .

ANOVA ik & R UG E T AR 27 2007 F Seit i, DU (] 440 22 SRR 0] T i 9 28 SR 1)
FREE VPPN SANRRAE ) HOE T, % FAEREFHED, 4 B ERER AT 13 TURIRT 40 TURFAE

L1 1EEZ 58 B 073 27 S0 i N R AEREAT AR AL, TR A — X FL R SRS ST 7 A, 1y L1-
LR. #EAURH liblinear sRARZS, ENSEL C [FEwh 0.1, WSHEZEN 1074, HAIERIKECH 10,000, LA
& R AR R AL E A AHET 2050 K BOR T 0 AR R4 AL L1-LR JEFFFIESE, JF
FZ o B IR EUAT 13 0, RJAK L1-LR Top-13 FRE4E. FRSHTLME &, AHRPEMRL4EL R,
ARSI SN I e BN SRR BA AT 13 T AEE RECRHIE -

2% Top-13 R4 Bt SE 8N 54 B 1) RF BT, BS4r NIESR TR i .

24. pARERESHIGE

SHSIE S PCA WHIRSCIG K )\ Fh /> 2628, 4% RBF-SVM. MLP. RF. LR. DT. H i& M 2T (Adaptive
Boosting, AdaBoost). K i1 4f(K-Nearest Neighbors, KNN)F1 =i #h 25 71 -1 (Gaussian Naive Bayes, GNB).
¥k GNB KHERIANSHIL, H AR FBEBETNARE A1 5 150228 RAERAT AR %, PL% P33 FL
PIEE S 5. RBF-SVM [H @ RHAE LR, EHS5C 0.1 5 1.0, &S5y B scale 8¢ 0.01.
RF PSR L 200 51 400, o RUREEEL 20 BOARNBRE], 5 sl MEARZO 1 88 3. MLP kR E
SEREN(64,32)55(128, 64,32), IENALZSEEL 0.0001 5% 0.001, #I4A%: 2 2 0.001, HAIERKECH
1000, /845, AdaBoost KM KIKEEA 3 HIRFERAERELE S48, H%RAH SAMME, §5% )4
e E 100 B 200, 2#>JFHL 0.5 57 1.0. KNN 4B/ 3. 5809, AUE RSB E SRR S E.
LR [ IERMb 58 B 5S40 C HL 0.1, 1.0 1 10.0, HKIERREA 2000, HRASHKHBIARE. DT
(B KR FE B 10 SASBR 1, 5 s/ NREAE 1 8 3. S AR AR 5 3100 258 IRIERI 4y, A
FHBEHLAT L o

ANIE] Top-K 45 HEF R ELBCR I 2 0 2588 240, RBF-SVM & C = 1.0, y = scale; RF W& 400
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PR . B RUREE 20 FIH-T fd /MEAR S 1, MLP SR HI(128, 64, 32)HIBEGR 245K . ReLU s B %L
0.001 FAIIE NI S BRI 4G 1 56, e REARIRECH 1000, I8 AT . [J— 0 KRB EAFRF AR N AR
Fr bR SHOLE — 5.

ANOVA. L1-LR 5 RF §fiik J5 ¥ L8 % F RBF-SVM Al MLP /E 5 Fili7r 2588, e85 EiR Top-
K SERORHFE— 2

25, THiERR SR EN S

ASCUMER AR AT 1) P17 6k RE . HER R BOR IER 0 R S SRR A LE B 2512 Fl
AT f A F1AERI AR, A8 RBIE PP o BA AR A o IR AR 4 SR T APAN e A5 1 70 2
BRI

R ES I AR PPN R LR 1 — Bk, THSIRE N R AEAE 5 DRI Top-13 HIREER
LA 5o BRI, FoRIZRHEAEA RS b RN IERAR DM R .. FIN, 288 TRIRAMEE 5] 41t
(RIERFAE AL, 70 HrAs Tl RS AL SR A5 AR 2

3. ZBRE5 0
3.1. FRISMFHEL R 73 2RI

245 T LALLR A7 AT, ANERHELLH) 5 9728 IR S5 R  BUERHIE 1) 7213 F1 3946 0.9889,
BT IESHFFERT 0.9744 FIAREFER 0.9668, 1F =S BURRE 4L o R B BT

BAEHIES . TRARFBERHERT, LR %°F3%) F1 24 0.9988 + 0.0002, T & HMEFEL, 58
BEATINA B T35 LR 251G, KA PCA-13 B, Z2°F3) F1 4 0.9974+0.0004, KB 13 A E RS
FE R4 5 N ZE 2 J5 AT RE SCREBL R IR 73 2R 1 B

Table 2. Five-fold cross-validation performance of LR with different feature groups and PCA-13
% 2. LR ZERRIHHEL K PCA-13 KR TR 5 XX IERIN

FHIEAH FHIE HERROYME £ fRHEE) FF) FL ME + drdEZE)
A HPRFE 106 0.9988 + 0.0002 0.9988 + 0.0002
TEAFFIE 12 0.9744 + 0.0006 0.9744 + 0.0006
TEARFFAE 4 0.9668 + 0.0023 0.9668 + 0.0023
PR 90 0.9889 + 0.0014 0.9889 + 0.0014
PCA ¥k 13 0.9974 £ 0.0004 0.9974 + 0.0004

3.2. PCA M [E] 5225 H0% M0

%3 R, ESASEIEE TR T, FH PCA-13 5, GNB HIMNAEEZ TV F1 B 0.7693 5
0.9751; HAR-LF R M 4 R T 2ARHE T & .

RBE-SVM £ MLP [%°F-%] F1 351 0.9988 F1 0.9986 [#% 4 0.9981 A1 0.9982, {75454 i () 73 2 bk
fE. RF H10.9982 &% 0.9955, DT Hi 0.9965 (4% 0.9912, [#iE# K. 7 PCA-13 J7%EF, MLP I
If, RBF-SVM {RX .

3.3. FEYFHEHE TR A REELE
Z 4P T AEUFERE T =M RS TR X AFEZE P Fl1, ZBihiaanl® 1 frx. FEESFIE
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HESN, =Fhr ARtk R AR m . b, RF 7€ Top-10 544 NHIE-FE F1 &K, 4 0.9947, $8n

K JEIAE] 0.9987, 2 THIE B k.

Table 3. Test macro-F1 of classifiers with all features and PCA-13
2 3. £4HES PCA-13 R T & H LSRN EL T4 Fl

Gy s AL PCA-13 AR 73 1)
RBF-SVM 0.9988 0.9981 —-0.07
MLP 0.9986 0.9982 —0.04
RF 0.9982 0.9955 —-0.27
AdaBoost 0.9987 0.9964 —0.23
LR 0.9982 0.9974 —0.08
KNN 0.9970 0.9956 —0.14
DT 0.9965 0.9912 —0.53
GNB 0.7693 0.9751 +20.58
Table 4. Five-fold cross-validation macro-F1 scores for different numbers of RF-selected features
= 4. IN[E) RF FHEFHERE TR 5 #r32 XIER T Fl
A% RBF-SVM MLP RF
10 0.9960 0.9973 0.9947
13 0.9974 0.9978 0.9966
20 0.9980 0.9980 0.9975
30 0.9984 0.9981 0.9981
50 0.9989 0.9988 0.9986
106 0.9991 0.9988 0.9987

Feature count and classification performance

0.999+

0.998

0.997 1

0.996

Cross-validated macro-F1

0.995 4

—eo— MLP

—o— RBF SVM
—®— Random Forest _

y

20

40

Number of selected features

60

80

100

Figure 1. Cross-validation performance of three classifiers with different numbers of RF-selected features
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7E Top-10 1 Top-13 %A+, MLP 172 F3¥ F1 230518 0.9973 F10.9978, ¥JmT 77 wifh sy 228;
£ Top-50 FIAHFE441F N, RBF-SVM 43 5liA E] 0.9989 A1 0.9991, # T MLP F1 RF. M Top-50 /%
SHFAERT, = Hh o KB MIPERESETHA RN, MLP HIZ2 134 F17E DAL/ NEORS B T AR5 N 0.9988.

3.4. NEFHERIES RRY S KM RELL R

1 5 A 6 73 I ARHIER R SRHIER BT VE AN 2 11 FL By RVERE . 35 5 FUBURFAE . PCA-13 5 RF
Top-13 B4R IM; 4 6 LA 13 TUFEGRHRFE v T LB, [hHE RF. ANOVA Fl L1-LR = Fhiiidk /77,
[F I # 5 RF Top-40. ANOVA Top-40 % L1-LR JEFHHEEMLE K. 2HRHES PCA J7 27 @i Il Zr4E
WIS RIERESHL, & R ARRHIETRE 7 RAEF — 7 2838 TR 8B 4. ik, % 5 RBVEJT
KREFMRHASHNE PRI, &6 HTHRSE KB EE FARRHEERE 5N RI.

Table 5. Independent-test macro-F1 under full features, PCA-13, and random-forest Top-13
2 5. 4. PCA-13 5 RF Top-13 TR MR &£ 5T Fl

Ve ARHE PCA-13 RF Top-13
RBF-SVM 0.9988 0.9981 0.9977
MLP 0.9986 0.9982 0.9981
RF 0.9982 0.9955 0.9969

HE 5 AU, fERAD 13 4Ef A7 E 4, RBF-SVM K H PCA-13 B %°F F1 4 0.9981, & RF
Top-13 1] 0.9977; MLP M PifhJ5 43515 0.9982 F1 0.9981, 4558 4%iT; RF 7028 KM RF Top-13
BHEE] 0.9969, T PCA-13 1) 0.9955. AN[A /3 KB XTRHIER IR BAFIE 2 5, PCA RoR 5 RIGHFHIE
1% %A & S T .

RF Top-13 454 MLP (R4 22714 F1 4 0.9981, #24EFE MLP (£) 0.9986, [F)Is)Ksfay NAFAE %
w106 k> 2 13 11, [N 87.7%. 5 PCA AE I YEAL A AHEL, RF GG R T IR TR 125K,
18T 45 & HA 5058 SCHE KR TR & 1 A GE A AL

Table 6. Test-set Macro-F1 scores of different feature selection methods

6. FRIFEIER 77 AR ER T Fl

FHIEIE 75 R ARFESL RBF-SVM MLP
RF Top-13 13 0.9977 0.9981
ANOVA Top-13 13 0.9925 0.9959
L1-LR Top-13 13 0.9980 0.9977
RF Top-40 40 0.9986 0.9983
ANOVA Top-40 40 0.9983 0.9985
LI-LR JEZHHESE 77 0.9988 0.9987

%6 R, (EMRE 13 TURIGEHER, KH RBF-SVM [ L1-LR. RF #1 ANOVA J5 & KR4 %
%I F1 7399175 0.9980. 0.9977 1 0.9925, L1-LR J7 %45 R ; KH MLP i, RF. L1-LR 1 ANOVA
J7% 509 0.9981. 0.9977 F10.9959, RF 75 RIS Rk Bk, fEAHFERHESE T, Rikirizrttae
HEFF Bl T Ui oy AR AR AL o

T XIAELE R 7R, L1-LR Top-13 54 RBF-SVM (1% F-#] F1 24 0.9983 + 0.0005, /5T RF Top-13
K] 0.9974 £ 0.0006; 454 MLP I, #3#73514 0.9979 + 0.0005 F1 0.9978 + 0.0006. LI1-LR 5 RF #£ MLP
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N XERUEE B O, HAR T SIS RAA PTANE, 35 I BRI B il A i s 22 A
PRI T i R A R ER .

LR 40 TURFAERS, RF 1 ANOVA 77 SRS L IBON L . R RBF-SVM I, RF 77 %1%
4 F1 4 0.9986, =T ANOVA £ 0.9983; SKH MLP K, ANOVA J7%°4 0.9985, =T RF ] 0.9983,
LI1-LR JEEHFEHELE A RBF-SVM Al MLP 43 513k 43 0.9988 1 0.9987, {HIHEAAREE 77 TURFHE, A
B SR T 13 M1 40 T 75 %80 DRLIL,  REAN R T7 SRV 75 22 [F] ) 2% 18 4y SV e S5 RHIE 20 .

SCHR[91R ] ANOVA fiiidk 40 TAHE I 454 SVM, 75 MR AERI 2 99.81%; AL ANOVA Top-40
454 RBF-SVM 7E 451 S286 W B T RIINRERR RN 99.83%. At 13 WRBE &M T A
[F) 05 3% 5 102 40 23R B, LA S RF Fid 8 bR i Bs 4 N ik — 8ot .

2% LFTR, RF Top-13 454 MLP e DUA/D (1 JE UG AR ORFEL R 0 R 1 B, AR S0 2% 1R T S A
NH 1 5 SR AR TR AR RRE I T AT 77 %

3.5. BHEEFREMSIUE X

Table 7. Definitions, appearance interpretations, and cross-fold selection frequencies of RF Top-13 features

2 7. RF Top-13 ¥HERIE X MR E X R ESH NIRSHZR

25 HHE B N EATH AR FAIE L 5 YTAESIE
J%2& ASPECT RATIO L KAt SRR KR 100%
LHRABERSKZ T,

A %
J¥#& COMPACTNESS Ja4/z/L R TR R 100%
J&4 ECCENTRICITY 1-(i/L) SRR RO, BEBOCHAIK 100%
KA MAJOR_AXIS SRR X 3k S SO 15 () K 3K L EIERE T ke R~ 100%
JEA  ROUNDNESS 4 A/ P FEF TR 5 A K 158 50 R B 2 100%

. S At S5 TR A B A

A l 0 A
JEHR SHAPEFACTOR 2 /A4 TR 1 JE [ B 80%

- ) T AR A ST DA Bl > A% 1 [ T A )
JEAR SHAPEFACTOR 3 44/(z0) I 100%
e StdDevB BPi4E Lab-B @il F15 R AEAREZ s5 o} N7 L S T ) S R 100%
Zi StdDevCb YCbCr-Cb JHIEAR R MR HEZ scp W o 22 2 1S BEE 100%
Zi entropyB iy 4 Lab-B 0 S FFE o N B TE 1) 4 T D 2 100%
Bt entropyCr H 4 YCbCr-Cr 18 1E [ R4 POPNVAAREN SR SRR IOES WA B 100%
e entropyRR A RGB 40 (03838 R 1E b I 4T (038 38 (1) Se - ik 100%
ai ALLdaub4b Sk Lab-B %@2 dbd /B HRE %ﬁ@ﬁj‘%%g%ﬁ@}a Hy 40%

A& A&

TE: A PRRDKRIAR, POARAC,  LANT 23 305 SO IR A S R i 5, S BB R R L. s, il ¢

Hofg F ka2, AR s, = \/ﬁz;(% “X) L HoR N OKRIRIR KR, x, W MR R ¢ 1

W, x NZIEERGRERSE. JUARE RO bR HEZ RT3 S BUERRE 44 FR 5 038 1B 275 SCHR (3], HRRAE
FERATIE AR EE AR C . B RREIEEIRICH Lab-B 181, Cb Al Cr 43578 YCbCr Ut th 22 540 0 2%
iHIE, RR 7R RGB ZL (Wil ; ALLdaub4b JySCHRPTIRH) dbd /NEM TR B . B4 NIEF ZRHEREA 5 ANl
Y547 RF Top-13 THERIIRHFRLL 5.
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T T SRR b RF SRR ) 13 TURHE, B35 5 BURSRHE. 2 DURRFFEF 6 15T
R E . Hod 11 TAE 5 ANZRIT P3N Top-13; SHAPEFACTOR 2 A1 ALLdaub4b 437l A ik 4 VKA1 2
R, NIESZER 80%FH 40%. X% IH 2 £k 28 NIEFFIE B A B s 3 e £ — 8k, (R RHE R NIk
TS ZRFEAK 53224k

4. &g

B ROR AR AN AR PRI 2 BRAE R AR 5 SCAS B LA S RS IR 7R 15 70 SR EBE L R R A
TEAF L, AR HI LA SSRGS U8 AR 04T B R HE PP TR0k, JFRETR 45 RS PCA [FR4ER
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