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On the use of Textural Features and Neural Networks for

Leaf Recognition
Fateme Mostajer Kheirkhah'!, Habibollah Asghari’® & Darab Yazdani?
ICT Research Institute, ACECR, Tehran, Iran'-
Abstract
for recognizing various types of plants, so automatic image recognition algorithms can extract to classify plant
species and apply these features. Fast and accurate recognition of plants can have a significant impact on
biodiversity management and increasing the effectiveness of the studies in this regard.

These automatic methods have involved the development of recognition techniques and digital image
processing pattern. Most of the previous studics on the classification and identification of plant species from
leaf images are based on the shape, texture and color features. There were also different methods of data
modeling which have been used to leave plant recognition.

In this paper, we investigate a novel approach for the recognition of plant species using texture feature
GIST to extract general features. In the classification step, Patternnet feed forward neural network algorithm
has been applied. Essentially, the GIST feature has been designed to be employed for image classification. In
this study, GIST feature vectors are considered as the basis of the leaves’ classification. The GIST descriptor
of an image is computed by the first filtering of an image by a filter bank of Gabor filters, and then averaging
the responses of filters in each block on a no overlapping grid.

For evaluation of our approach, we have applied the algorithm on scan and pseudo-scan images of two
famous different datasets lmage CLEF2012 and Leaf snap with a high various. The results show that in
comparison to some widely used algorithms, our approach outperforms in the case of time and also the
accuracy of classification. Substantial results can be achieved when the image of the plants are aligned with

' one another and when we deal with pseudo scan images.
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The detection of combinations of leaves that have jagged edges is an important contribution of this study.
In many of the previous algorithms, the computational complexity of this detection is high. While by using the
GIST feature vector, these types of images are processed simply and precisely (above 90%).

preciscly (above 90%).

Keywords: Species recognition, GIST feature vector, Neural networks, Gabor filter
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(Figure-1): A sample of the Gabor filter bank used in this
research
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(Table-1): Results of algorithms on ImageCLEF2012 database

Scan Pseudo Scan Scant Pseudo Scan
test validation test validation test validation
Shape & texture 59.10 59.46 55.82 58.95 57.26 57.36
features(33)
GIST featurcs(486) 69.82 70.96 77.90 78.61 73.01 73.76
GIST [eatures(240) 70.52 71.51 72.73 74.07 70.85 71.04
Leafsnap o310 i3l ys9bai (595 33 ool cawddy gl :(Y= Jgus)
(Table-2): Results of algorithms on Leafsnap database
Lab(Scan) Field(Pseudo Scan) Lab+ Field
test validation test Validation test Validation
Shape & texture | ¢y 4 60.93 32.75 39.81 58.36 58.62
features(33)
GIST features(486) 58.2 57.62 44 44.33 56.10 55.84
GIST features(240) 56.24 57.47 47.19 46.45 54.25 55.54
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The species with the best classification results according to the GIST algorithm

ImageCLEF2012

Robinia
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: 100 ﬁ‘? AceropalusMill  93.5 .
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%
Quercus pubescens 100 Danh L 931
Willd aphne cneorum .
' ImageCLEF2012
3 -
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é (L.) Crantz
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(Table-4): The species with the worst classification results according to the GIST algorithm
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(Table-5): Results of algorithms on ImageCLEF2012 database

o3&l 590 5559 Syddab <8 Yo
Geometrical features, Invariant moments[14] K l'learest 69.85
ncighbor

Zernike moments, Shape features, mean, standard deviation, 0

Texture features and Vein features[37] RBPNN 2918
Gceomctrical featurcs, Vein features [21] SVM 64.98
Geometrical features, Vein features [21] KNN 62.42
Multiscale Distance Matrix[38] SVM 67.30
Zernike moments, HOG [39] SVM 71.56
GIST features (486) Patternnet 73.38
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(Table-6): Computational times for cach images of ImageCLEF2012 database
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GIST features (240)

Shape & texture
features (33)

Scan 0.23s

0.20s 0.63s

Pseudo Scan 0.25s

0.23s 0.68s
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(Table-7): Average training time for the features of ImageCLEF2012 database

Number of images GIST features GIST features Shape & texture
(486) (240) features (33)
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