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Plant identification based on digital leaf image is a hot topic in research of automatic classification of
plants. However, with the increase in the number of plant species, the leaf recognition rate is low due to
the single trait extraction and simple structure classifier in the traditional classification methods. This
study applied the combination of texture features and shape features for identification, using the deep
belief networks ( DBNs) as the classifier. Texture features are derived from local binary patterns, Gabor
filters and gray level co-occurrence matrix while shape feature vector is modeled using Hu Moment
invariants and Fourier descriptors. In order to avoid overfitting, we trained the DBNs with “dropout”
method. The proposed algorithm was tested on the Flavia dataset, and the recognition rate was 99. 37%
for 32 species, while on the ICL dataset the recognition rate was 93.939% for 220 kinds of leaves. The
experimental results illustrated that the proposed method has stronger robustness and higher recognition
rate compared to the traditional methods.
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B FE A E Number of errors

401

20

150

TEFNRE Epochs
K16 DBNs iR 4h
Test errors of different DBNs

Fig. 6
FAECH 16,50 220 Fis, 43 2H Y 2R /M3 1
IREA R AN [F] 20 i, 16 AR 50 g it 7 b
FERHLIEERE IR BIPREE R 3 YO 5 1 F- 1A,
BEHF A% DBNs 2% 3 KA F dropout , IR 5 R B 4 1R
o JEBIECR 220 B, B R BTN BGR B R 260,
TEER PR OB B 600 1] LK B e ss, R 5 H
87.424% , W5 220 ot F sk, FH “ dropout” J7
2 B EACE TR AR 0.2, AR )=,
BEZ M EITECK 100, OATEER 1 300 IIEAR 15 5 i
SRR N 93.939% 5 H AW 1ICL £l e 1
WIS REATXT L, G5 Rt 2 Frs . Hrp a4l ik

PO 16 R i B OSCER[32 ], PR G J7 % H A SCRR
(15 ], fd Pl 4B 0 2 A Ui 220 Fhi J 4 Sk
[13],

FRATHE th B 5L T ZRHE Rl A IR B A A 2% 7Y
R R U 7 5 o T SR A 4R BT I R R A
fiE, BT LARE A8 S & Z2 MR FH I 45 8L 5 OF H3RAT T ]
AR BE AR S M 28 LAR G2 03 2 A RS 1 ST BN &2 2%
(oA b 36 Y TR S80S | 16 aT R
MR E Z W o ROR T Hof Ty 2, Him 7
“dropout” Jr k5, X 220 I A B9 R B B AR S
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F2 ICLEEERGER
Tab.2 ICL dataset results

IR

Features

IERSJRIERFI IR AR LR ABAR

Orthogonal locally discriminant spline embedding techniques

Fourier F#iE + LBP $F{if: + Hu At + Gabor FFE + JKEZHAEFRIERAE
Fourier + LBP + Hu + Gabor + GLCM

Z R

Multiscale distance matrix

Fourier F§{iE + LBP H¥fIF + Hu ANAE & + Gabor $IE + KA AR FERHE
Fourier + LBP + Hu + Gabor + GLCM

Fourier 3#F + Hu A48

Fourier + Hu

Fourier F#F + LBP 4%fiF + Hu ARZE2R + Gabor F#iF + KA R FEEFE
Fourier + LBP + Hu + Gabor + GLCM

Fourier £ + LBP 4 + Hu A5 5 + Gabor 45iF + B BEFAHRERHE
Fourier + LBP + Hu + Gabor + GLCM

FPE =t VIES
Number of classes Classifier Recognition rate

16 FARARs A INN 94.29%

16 REF &% DBNs 97.94%

50 VERE 5% Matching 80. 88%

50 WREE(E M4 DBNs 96. 00%

220 B4R INN 79. 68%

220 TREE(F M2 DBNs 87. 42%

70 UREE(R A& M2 (i« dropout” J71%) 93. 949

DBNs ( with*“dropout” )

3.3 xftbike

R AN [R) T vk AR AN [ B 2 v i s ) AR
FATHAT TXF Lol ge o3t ] S &8 07 2 SRR
AL RS & A “ dropout ™ AR FE 15 2
Z&%F Flavia T 32 A/ F ICL 4 22 1 220 bt
R ARG, 45 S 0L 3, = R e Rl R R ) 1

EEAR TR B B TR] . X Flavia 20345 4, DBN f)
SER MR 2 B 2 BT ik 700, 5 50 1K,
dropout #E%°~ 0. 1, X§ ICL %(#i /% , DBN F) 4544 Ky
M2, B )2 Hoo Bk 100, i 36 1 000 K,
dropout #E% 4 0. 2,

&3 FEBAISER

Tab.3 Comparison table of the time cost s
Flavia ICL
4] Time FAr&hsr Sk WEEE R A R WERES R EEM
P =l Mz (fFH“dropout” J5ik) 258 =L W% (f#H“ dropout” 7i%)
INN SVM DBNs DBNs with*“ dropout” INN SVM DBNs DBNs with*dropout”
Yl Zxhsta) Training time 0.268 8 0.4808 98.7 9.6 27.3311 40.794 3 5045 5012
FUHIETE] Recognition time  1.87 x107° 3.37 x10~* 8.87 x1073 6.18 x107° 1.06x107% 1.38 x1072 8.21 x10~° 7.75 x10 73

Yk Flavia B8 PR FHIOFEAS R 1 440, i)l
25 1CL $4li FE A A AR 12 061, Fir LAY 2R TICL
B BT FH I 1] L Flavia K, R4S R fe 41
ST AR NSRRI AL ol R A A D 4 75 2 iy 1)
SRmf Al oA K, {H 28 B DBNs B 75 2 5 50 i i)
SRR, XTSI 5, VI 2R Rl AN K, 58
Bl FH 2 222 BRI ], RS A 45 I )
i () A S AR %, REAS G 2 — R R I 22, IeAh,
Al LA T AT A B a2 GPU s il 7 e el IR
A M 25 (R R ]

4 kgt
O T B R UM AU R AR SCHR R LBP

FFAE  Gabor FEAE 1 BE 3 A J (445 51 19 S0 FLURRAE 5
Hu [N & 8 B 48 B AR 45 6 4 R RRAE 1)
I LA VR B 15 7 W 28 A Ry 43 2R A7 1 50
FE SR I e RSB P ——Flavia A1 ICL $00405 2
HR G, 45 R AR SCAY Oy 1A H AL 58 0 1 R
BRI, BB AR 2R3 £ (8« dropout” J7
BTR BT  48AH LU AR GE iR 35 7 ik i
P I HALAE R IR TR & M4 LA B4
= AT TR, IR S BRE )2
N SR BT e 4 & L i e S <
PRSI IR AR 2 85015 2 1 45 B 1, Bt 0 TR
JEAR ST TRA KR i i B R S 5 25
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