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Abstract

In order to realize the efficient classification of two kinds of raisins, R language was used as a tool,
and the image data of 900 raisins (450 raisins each) of two kinds of Turkish raisins (Besni and Ke-
cimen) were used as a dataset, and seven morphological features were extracted by image extrac-
tion technique: Area, Perimeter, MajorAxisLength, MinorAxisLength, Eccentricity, ConvexArea,
and Extent, the dataset was normalized and noise removal, and the Random Forest algorithm was
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selected to build the classification model, which was compared with the SVM model, and the re-
sults showed that: the Random Forest model using the confusion matrix for the comprehensive
evaluation of the results showed that it was indistinguishable from the SVM model, but for the rai-
sin data, the interpretation of the importance of the variables using the random forest model is
more appropriate, and the study indicated that the two morphological features of Perimeter and
MajorAxisLength are important for the classification model of the random forest.
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1. 518

HIE TR E SR EAE RV gs 8, SADUE. 8. fF4EREL[L] [2]. BEEHLA
IRV H 28 e LA 45 A HLES 2% 21 1 R AL EE J5 3%, & T 10 807 kB N TR RE T R R & -
lkay CINAR [L1]55 AR U508 9 o -t B3 28 1 PR K 28 0 EHBAR B, U3 — A R0 25 BRI i AT S BB 7
FiSAE, 181 Logistic Regression (LR). Multilayer Perceptron (MLP)H1SZ £ [ B HL(SVM)HLES 2 ST H A 1
AL, AT TIEREIIE, LR ) RAERI %N 85.22%, MLP )4y RUERIF A 86.33%, SVM K4
HUETA 2Ny 86.44%, HERGEERLE 80% LA 1. Navab Karimi [3]2 A1 1 1400 g4 & T &M%, FIHE%
FREUEAR LIRS 146 ANSUHRHIE, 835 I H 32 15370 B (PCA) SR I RFAE Hh $ B e FERRAE, {8 A N L
22 2% (ANN) A S RE [ EEHL(SVM) IR G047 0 95 . 5N T A& ML AH L, i H #T 50 NMRFE, SVM 4y
KA RA R EHR . TR,

K AR FEAE 1kay CINAR [1]55 A\ WSO 8 &) T804 IO 2 Atk b, 7 R _EAER SVYM. BENLERRSE 5325
Jii, BRSLE MR, R A RO 77, W AT SR AN A A R R, A
R RITVE TR AS B B, DT SO3E 6 40 TR, 448t 13 ik .

2. Ik

AHF SO FRE 8 & TREASE I, R llkay CINAR [1125 NS EERRT 4 TREA B G 3 UE, —ILEmA
A, 73 )& Besni Ml Kecimen, W1l 1 frzs, &R0 &4 450 FikeAs, FLit 900 Fiti %+ . llkay CINAR
(115 NAERT AN RIFEAL b, 7ER A T A2 ARHE SR B, ARIEE S S RHEIHT TRHERBOI AR, & —Fh
BT 7 MESFRHE, XA ERRE 1) B AR R W R

Area: 5 H A %) T RURLZ 5 IR = HL .

Perimeter: & 38 TH 578 4 T HURL IR 12 R0 ) B 2% 22 10 14D B 8 Rl e B 5% o

MajorAxisLength: £5H T EHIAEE, /& T ATER 4 T L s 2k

MinorAxisLength: %5t /NI RE, 302 w] DAE S 2 b it 1 5 ) 2

Eccentricity: ‘& %5t 7 AR ) woCo B 65 6 2 TG AH B RN 2]

ConvexArea: # T HH ] 4 T 0BT BRI DX I8 fe /it S R R 4K

Extent: 45 Hi % &) T R0RLE B X385 0 FHAE SR R I T = .
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Figure 1. Sample images of the raisin varieties used in the
study (Besni (left), Kecimen (right))

E 1. iR ERANEETRMEHEARERBesni (X),
Kecimen (£))

3. ARG =E

llkay CINAR [118: N\ KA 71559 94 Logistic Regression (LR), Multilayer Perceptron (MLP)A
Support Vector Machine (SVM) LAY, HE 45 % &) T BURL IR IE X K AT 702K, H LR AT MLR & T2
A, SVM BIfERE TAESH AL, R ASHI 58 R4 44 225 FH At [F] 2 84 (1) T VA s A A

3.1 BEEZNE

3.1.1. B¥IER

SRR, 44 RSB A TR S R AR B 40 AT IR I — N FRATT BT RITE () 73 AT, DR R AT T DA
BB Z AR — S5, WES S A IER T 2 . KRR SEIE R T

1) Ida: Z&E305 4B (Linear Discriminant Analysis)id & 5 & Il A 2 6 IEZS A5, A8 DU (1 ok
J& 98 70 AT 4% 11 (maximum a posteriori estimation, MAP)SKH 51, - SRAFAE 2t 4 & [4]

2) mda: VR &L H 55> B (Mixed linear Discriminant Analysis) &3 T w5 4 i & 15 %4 (Gaussian mixture
model, GMM) I AEFI 1) 7347, BE X T2 k SR04 IR & I IERS (5 /0, B/ EM Bkt %
{8, SRJE K5 5643 A (MAP)YE SR ASCH 51 43 M [5]

3) Logit: logistic [a]JF(Logistic Regression) {5 ik I AE %5 Fl (Bernoulli) 734, 8 37 RIS AR [ B 7 DRI
FABEZ KR, FURIEBURFIE .

3.12. EBHER

ESHHER, BT B AEAMR 5, RIS 55 AR AW 22 ), I — A A
AR AR AL AESHOE AT

1) SVM: SCHFf[AEAL(Support Vector Machine) e it i 73 B ALK Eeds 7 oy — 47 18] i e = )
I+ =2 2 ) B S T K5 R 22 44 2 ) FR R ST T 500 « SVML R 3190 35 H50d08 10 B R38R P 1, FE AT 0 2Rl A,
BRI SVM ) e o P THI A2 7E 79 /N 2K 22 [R]320 Z5  K (1)E ~F- T [6]

2) bagging: bootstrap aggregating f4i 5, & H BhiZ(bootstrap) AL I A 77k, H BIEFE & FE
A B S AT IRH0AE, J2 F Bhik(bootstrap) 5 Y S I ZH A VA7)

3) RF: PBfHLARM(Random Forest)F& T bagging 5k, A& Ut Ay S A sEal, H Hae st 17BNl
LR — G T7, DRI D SR A2 LR 00 1) K045 Bk, Eeand A 8]
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4) knn: Kk il &8 7512 (K-Nearest Neighbor) R4t i 4 5 22 80 IIE -5 I 258 B A2 500 AR i 2R 29 B
TR KA RO AR 1 D532 B AR 34 [9] -

5) adaboost: 4%y adaptive boosting 757%, & MBI — AN 52K A, 55 bagging AN A2 4k
#£T adaboost 4k H B VAR A 3 AT, # 2 AR AT — BRARE 1 285 SRR R A R IR D, Ik 8 0
R R G IR EE, AR A e m I A AR, (R T — B R SR AI R MIER E 2
RN, I 45 Rl BT MR IR S22 [10]

3.1.3. 3ZXEIE

A8 X BSHIE(Cross Validation) & — MR 4 8 22 4 1 M A B 22 T 75 4%, ] DAZEATArT A5 0 2 [A] 4
BMHIVEN L] A FEAT A k 738 B UE: BENLR B/ Bk 4, BENLE S — A AR, 5
bk -1 & IF AN S, FIZIIGEEE, REHINRE, WK, FH-FERAE error, AR

1 k
error ==Y err,
i=1

Forberr, Fo AR SR i ZH DN AR E LN 1 70 SRA UR 1140 error BT O, U5 AR 2 73 SRR
D] AT FE 0 R A 0 X R A 0 22 K/ N AR R R ) P BRI E A TR RO S I, LA [RI A R %
HZ. lkay CINAR [1]48 AR IAE SIGUE A4, 9 TR %, AU T A A8 3 258 BRI

3.2. FHEEVEE

3.2.1. RiBE%EME

By 0] BT 75 (PR A B B A S, AR 1A Y A R D2 IR R Al T B R
(o N T AT AR IE R M, AT VR ¥ 46 5 (Confusion matrix) R iPfl PEREFa b, FIWTELTY . 7ER
AR DU S5, X aE Bk i 42 4 tp (true positives): ELFAE; fp (false positives): fEBE; fn (false
negatives): fEFHYE; tn (true negatives): EFAYE. IERHHLIS A FHIS MG FFONEBHME, 1EMHL A NBH R
BlFRR A EYINE, BEETRIEZEN B PE R BRI 2R B 7 R AR YT, 1Bk 15 U 28 B A P B 25 ) ) 5
FRONRBAYE, JRIEHERE IS 1.

Table 1. Confusion matrix
%=1 REEE

Predicted
Kecimen Besni
Kecimen tp fp
Actual
Besni fn tn

TRIEFE BRI 1 AR AR I BB AT Al TR R SR B B, U DU R iR bRER G
FIWT R RE I N fEbs R HAE

HERA 2 (Accuracy):
tp+tn

Accuracy = ————X
tp+fp+tn+fn

KT 2 (Precision B ILH %2 True Positive):

Precision = P x100
fp+tp
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U (Sensitivity):

Recall = —® %100
tp+fn

1BFH 1 22 (Flase Positive):

Flase Positive Value = fp x100
tn+fp

3.2.2. OOB iRE

OOB (Out Of Bag): fEBENLARM T, &8 13 LA RIEEAA S I bootstrap IR EMIFEAE ST,
WA Z IR SR @S, TR 7 AR R R A 2 M s O0B, 484Nk it T LA
KA Z A RE T7, T A SURTR S 6 M I 2 R A AL, RIS R REAN S 5 SRR ARSI L.

3.2.3. RERFXRAVFESTEHFE

ARRE AT R MR, TR A R AR XA AR B A A W IIME < (R ERAR AL, AR A
B R T A U 0 P gt v o AL B AN ) AR &, A T SbrdfE: Gini A2 2 (Gini index B Gini
impurity) f115 2/ (information entropy).

WA EA kI, Al p A | RE DRI EE], WAE AN S RS E SO

k
Gini Impurity =1-" p? :1_(p12 +pEaet pf)
i=1

k
entropy =—Y_ p, log, p,
i=1

A B Al R AR HE 122D B AR YE AR SR IR o B A T SN A, B E A B I AT YE SR 1 2 .
4, BERE D
4.1. BMGFEREESE

RNTHER FIREBNRZE RN HIWALE, ARBEF o B T Ida (RN Hr ). mda (A
2R 43 HT)~ Logit (logistic [F1)H). SVM (GCFERIE ML) bagging. RF (BEHLARA). knn (k 5l 48757%)
F0 adaboost ALY, TFEH T IX LR S FI R A2, TLIE 2,

1] 2 AT DL HY SVM G ASE (1)~ 35158 41 258 2 /N ) (AR A FH A% R SO R 27 H ksvm( ) R 8 E BliE
PERIAR ) FEAZAZ B AT AN 2 T AZ BR [ 1]), R A FAE BN TR IL Iy RE(FEBLAR#R) 525, bagging
5 RF FMEAHZEEDN, RF 2 LE R FM EEA E 4G T715[10] [11].

5 RF 0P8 FHMEAR Z BN BEA 1da (B0 2 A AR L), 1A I VEABR B AR AR IR e AR IR A TE
A434i, H llkay CINAR 2 AR 730 5, XSS TS HRAE B 0 AR [ UE S 0 A5, BT AE A I1da 72
A mda 5 th AT g A5, logit (logistic [3] 1) 53X P2 7 M Z 8 th 1A 0.01 2245, SHLE% 2 >) M HLRS 4
%o RUILIESE RFIERN T —SVEA 5.

4.2. FEHLARMGERVSFED 4R

AU T FHBEALARAREAE ] RS, 2RO random Forest( )BR %, BRIME A 500 A4, 1H515
Hi ) OOB % %N 13.78%, 7E R F2/7 it H A3 B IRE PR ILER, haRnl %, RF EMHENZ AN 86.22%,
Kty 80.6%, HI[HIZN 84.79%, X =/MAERETRIRRIMHEBLE 80% LA I, VLHH RF V21970 FSBE Y 7E 3 &)
FREAKE FRAF AT, HARBATEZ N 10.44%, EL#E llkay CINAR [1]485 A f 2 57 1) = Rl 2 i 48 1
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B, I M BRBAYE 2 B BEA LR B3 & 0 7 I ARIX 7 iR S SRR R 70 2R R A [12] [13].

Error rates for 8 Methods

svm - 0.1322
mda - 0.1522
_ logit - 0.1444
3
O
=
Ida - 0.1433]
knn- 0.1544
bagging - 0.1422
adaboost - 0.15
S & S o
S} o o o
error
Figure 2. Bar graph comparing the false positive rate of the eight methods
E 2. \#7EERIRFI RS £ E
Table 2. Confusion matrix for two raisin data
2. AMEETEIEAEEER
Predicted
Algorithms
Kecimen Besni
Kecimen 403 47
Actual
Besni 77 373

BEHLAR AR AL AL 52— R AZAR AR AT e (R 15+ MME AR AR BN A4 2R E R, IR R AL
I 7T H BI[14] . BENLARMAT PN B ZE S5, — > SR AR 5 e i) A2 N8 53— A s AR,
AL REALARM A % H [15]0 BEUEEAR — A BENLAR AR BB R M U R RN TR : 1) B K
MR () SR RE J ko), AL RCARAR B 2 SRASCR BB GT s 2) ERR Z IR AR SR PR 22, S B R S 2
AR RS oA, WIBEALARMR 0 20 RVEREBR LT . A R Y treesize( )BR&L, IEFEERIEIA AT LA 2
PA 25 AN terminal = T 75 2SR (K B 1 sl 10N 85 (58 1 1 o £ hist( )73 2 BEHLAR
REEAS B IR B 7 R8O 28775 R BUm B 18, LA 3,

HH 1 3wy, e B ORHR A3 (R Y AR 20 Ay, 50 BRAEAS RSP BRI 204 60 T AL A
P PR O 24T KA BOR IR X B L 20 A, 2875 OB 50 SRR LI 40 KR, 1K 6 R BIBEHLARMAL
[ 500 FRA A DUBCUF T HLBL 27, 1 70 SR RE J1 B0 -

Jn N EESHHRM IR, IRERARM RS A 27 (0 X)W s B AR B e, B
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ZEAH HH e /N FE (min-depth) X AN 8 S, B/ NRFE AR Y s BBl 7 s i AR, (EIEFRRHIEAR B,
BEVER/INREE, DUONBEN LR e — RO SZ (R e SR 2B, DRI HEAT 4 RIS, RRIEAR B R AL S A E N
SHMHE, UOIHZRHEAR B T R SR B B, A/ NIR FERR O U B X MR IE S S ER LR AL TR E
AL B, 7 R H{f ] plot_min_depth_distribution ()e&i%, Pl A3 AMREAE AR & 1) /N FE 23 AT B T ] 4 Ffrs o

Size of Trees (all nodes) Size of Trees (terminals only)
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Figure 3. Histograms of the number of all nodes (left) and the number of end nodes (right) for
the random forest fit to the raisin data

3. FEH AR AE T HEUSHAET RB(E) AT R BB NESE

Distribution of minimal depth and its mean

MajorAxisLength

Perimeter 4
Minimal depth
Mo
ConvexArea - . 1
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8 Area - . 4
S K
s
Eccentricity 4 . 7
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Extent 4
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Figure 4. Minimum depth plot for each feature variable
4. BMFEZENR/NREE
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B 4 A, BRI IR, AR REANRHIEAS B s NAR AR 40 A, A 1 BB 2 4%
HR SR /ANRBE FH/N BRI HEY B Robs th BB A B MR FER P 3ME, 7R B BRI ERRHIEAS 8 H i
INEREERR/)N, FTE B MajorAxisLength S& 7 15 3R 2 10, Ui B 43 BI# &R I MajorAxisLength 1
RZTRER 7y, Wkl X MR R B H B, Perimeter &/ MRS AR A HLE 0 L
MajorAxisLength 1)/, 588 1. 2 F1 3 fybbEc 2, ULEHTE G 820017 sl 23k #% Perimeter, 1M Extent
KL 400 B (B NRBEME /R AE 2 3 3 /N1, W2 1t JL-F 80% M 2x ik 4% Extent BRI 45
R X E AR AR & O B B A

B 5 afan,  EIPIEZ S TR SN EENEEN, FHMNEERLE 0K E 2R,
NPR A6 25 ot o PR RS AGE B 2 P AT DU L BB R P R ] AR AE R 22 5, (H I DA 5 B 0P IR
DU i FAREME R AR E & — B0 (HJ2 NEEG 23 T 4~ 8 _E AT &1, MeanDecreaseAccuracy &
I HE I RHEAL B2 Perimeter, 6P ZARFAERE AT ALAFIE (A HONUY 22 52 ma A B RS A B2, DRt ] |
Perimeter J& 5 B i K1), {H MeanDereaseGini & I #% # Z [ /& MajorAxisLength, F/RiZFFHE(E 3L JE
FRECFME TR m R, Gini Impurity 10 BRI, SEEHLARMR BN T A K.

Besni

0

- —

o

o

~ -

o

0

o

o

g | —

o

Area MajorAxisLength Eccentricity =~ ConvexArea Extent Perimeter

@)
Kecimen

0

— -

o

o

~

o

0

o

o

o

o

o

Area MajorAxisLength Eccentricity =~ ConvexArea Extent Perimeter

(b)
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Figure 5. Variable significance plots (Besi’s significance plots for each variable (a), Kecimen’s significance plots for each
variable (b), MeanDecreaseAccuracy significance plots for each variable (c), MeanDereaseGini significance plots for each
variable (d))

[E 5. ZTEEEME (Besi HENMNTENEEME(2); Kecimen FIEMNIEEREEME(b); MeanDecreaseAccuracy 25
BEZME(c); MeanDereaseGini TEEEHE(d))

s 6 Fron, [ 6 AEBAMKHIIEL, & RENS EORRHIE AR BN AR A (T 45 ) A R A G R R, BB
IVREANRFAE AR S AR FAOT, VA AFAEAR DG, [RIR I 28 T R AR B bR, 76 R Hr 4 partialPlot()
BRECERAT 158 T AT H R AMRRAE AR B 1 i Bl . LIS 6 RTRN, REfIEAREE Area A1 MinorAxisLength il 2k i
B I B NMRFIEAS B8 A R 2 R A AL AR — e YO BBl N I PSS 3, A T — e B 2 S5 i A AL B 25
M, Perimeter. MajorAxisLength 1 ConvexArea ix —/MRFEAR & (1) i 28 772 7E AR B (0 AR b 2060 3 2 T 45
AR, 1fi Eccentricity. A1 Extent 3X AR 2 28 KA Jom SCIIRFBIR AR 3 8 T 25 SR (1 52 0
BARERE .

EIRBENL ARSI R 2K, AFRIRATIE TR ZEAWT %, DLA 30 TE IG5 4 26 [R] I 2 i A 284
R, 78R P A FEH plot( e, WK 7.

il
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Partial Dependence on Area Partial Dependence on MajorAxisLenc Partial Dependence on MinorAxisLenc Partial Dependence on Eccentricity
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Figure 6. Partial dependency diagram

6. BPOMKHIE

Error vs number of trees Error vs number of variables

Error
0.12 0.14 0.16 0.18 0.20
) ! ) | "

error.cv
0.14 0.15 0.16 0.17 0.18 0.19 0.20
1

T T T T T T T T T
0 50 100 150 200 0 20 40 60 80 100
trees number of variables

Figure 7. Plot of number of decision trees (left) and number of variables (right) against error
7. RENHE (E)REENM(H)SRENXRE

K7 BT I AR BRER iR 22 38, e IR AR AR O ST BB, el /e B RT L AR B 720, 20)
M A, SRS RRIA B 25 R4, IRZER A BEE H SN, HhZe AT CLE AR A L R 50
FRB AT CLIA B ER s A7 B OpilId 10 3758 I AN W AL Pkt VI ZRAE A i A A 28 45 1 A B B (B
AAFR) R ZER G R, B PR AR B B R E B P AR R RCR AR BT, T RLE H AR IE AR R
28 8 AT, BRABLRZEB R E/DN, X WAFE llkay CINAR [1]58 AHF T HT A SCF TS BURFIE 1) 25
R

5. &g

25 ERTR, llkay CINAR [1]155 A\ KU 8 1 9 A = B3 2 T G B s FL B 7 Fh R 28 2245 A0 10 B8
ff A RIA(LR) . £ 2 BAZE(MLP) M Fr A EAL(SVM) B T, SVM AR A 0 830 i e fd . T A
AFEF T BEHLARAR(RF) AR AL, 224 ELie SVM WAL, BENLAR AR & A8 4 T S AR AE 20 A i) B, @i
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158 F il WL AR AR 92500 0 2 T B AT HRRAE 0 AT, XX 7 ANEAS SERRIE AR B M I A 4 IR R . X
Iy 255 B i AR B2 Perimeter A1 MajorAxisLength, JL4 TLAMFEAS BT /0 2845 B IR 22, M
WORVX 7 MFIER REE M E A T R RN EET &, I AR R, Nk
FHIEAE R AT
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