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Research of leaf recognition algorithm based on complex frequency domain
texture features
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Abstract: In the most time, the traditional spatial domain feature cannot describe a leaf completely and accurately. In
this study, an algorithm of leaf recognition based on complex frequency domain texture features ( CFDTF) was proposed.
Firstly, the image of leaf should be preprocessed. Secondly, the preprocessed image could be divided into many blocks, and
every image block was processed by the dual-tree complex wavelet transform ( DTCWT). Next, the local binary pattern
(LBP) and local phase quantization (LPQ) features of image blocks were calculated respectively, and the features of image
blocks were obtained. Thirdly, all block features were concatenated to obtain the feature of an entire image. Finally, KNN
classifier was used for classification and recongnition in the Flavia dataset. Compared with the traditional color, shape, texture
and other features, the average recognition accuracy of our algorithm was significantly improved, reaching 95.75%.
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Fig.1 Flow chart of complex frequency domain texture features( CFDTF) algorithm

1.1 BE&gwmaE

AR AR AT K BEARAL ] SR I F H
RLUE 2% X5 K BE PR A Ay 2 M b 3 5 5 A k-
means RIS IE X EUR AT 4050 15 3 —(E 1L
1§ ZAEAL EIMR 5 R BG4 T o5 e ik BRAS 31 Fi 5t
K8 F 5 e SO R AR AR I A TR AL B
TARE 2 s,

oL

— KIS ER 3 .

e — ]~ b | SR iR
4y f

E 2 EMr R EiRE

Fig.2 Pretreatment pracess of plant leaves
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Fig.3 Structure diagram of two-dimensional dual-tree complex
wavelet transform( DTCWT)
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Table 1 Recognition rate of CFDTF under different blocks in Fla-

via dataset

AR PUIER (%)
1x1 90.77
2x2 94.44
3x3 95.75
4x4 95.18
5x5 95.60
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Table 2 Recognition rate of different features in the Flavia dataset

FeOAE PHIHE(%)
BRI 81.01
TEREFAE 82.54
TR JEFEIE S R (GLEM) 65.81
LBP 5 86.74
LPQ F#1iE 88.52
SRS (CFDTF) 95.75
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Table 3 Recognition rate of different methods in Flavia dataset

itk PUHE (%)
SCHR[3) ik 93.82
k[ 6] Tk 92.51
SCHR[ 7] 5k 94.77
SR B E 12 (A% 95.75
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Table 4 Recognition result of each leaf in Flavia dataset

TS PO (%) || MR PHH (%)
E=Yi 71.43 EXN 100.00
o AR 80.00 AT 100.00
BRUNEE 100.00 Y 100.00
I EEHAE 100.00 Je ARk 80.00
Wik 100.00 SRR 83.33
H AR 87.50 H A4 75.00
AR 100.00 gl 100.00
eF 85.71 o [E i 100.00
o 100.00 ) 100.00
AR 100.00 AR 100.00
KRS 100.00 =UUER 100.00
HATEEA 100.00 FIR IR/ BE 100.00
MFAE 100.00 MR 100.00
) 100.00 PIEvN 7L 100.00
H A 100.00 MR 100.00
FEAE 100.00 A% 100.00
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Fig.7 Leaf images of three test samples
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