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Introduction

Pistachio production has been adversely affected by Psylla, which is a devastating insect. The primary goal of this study
was to select sensitive spectral bands to distinguish pistachio leaves infected by Psylla from healthy leaves. Diagnosis of
psylla disease before the onset of visual cues is crucial for making decisions about topical garden management. Since it is not
possible to diagnose psylla disease even after the onset of symptoms with the help of color images by drones, hyperspectral
and multispectral sensors are needed. The main purpose of this study was to extract spectral bands suitable for distinguishing
healthy leaves from psylla leaves. For this purpose, in this paper, a new method for selecting sensitive spectral properties
from hyperspectral data with the high spectral resolution is presented. The intelligent selection of sensitive bands is a
convenient way to build multispectral sensors for a specific application (in this article, the diagnosis of psylla leaves).
Knowledge of disease-sensitive wavelengths can also help researchers analyze multispectral and hyperspectral aerial images
captured by satellites or drones.

Materials and Methods

A total number of 160 healthy and diseased leaves were scanned in 64 spectral bands between 400-1100 nm with 10 nm
spectral resolution. A random forest algorithm was used to identify the importance of features in classifying the dataset into
diseased and healthy leaves. After computing the importance of the features, a clustering algorithm was developed to cluster
the most important features into six clusters such that the center of clusters was 50 nm apart. To transfer the hyperspectral
dataset into a multispectral dataset, the reflectance was averaged in spectral bands within £15 nm of each cluster center and
achieved six broad multispectral bands. Afterwards a support vector machine algorithm was utilized to classify the diseased
and healthy leaves using both hyperspectral and multispectral datasets.

Results and Discussion

The center of clusters were 468 nm, 598 nm, 710 nm, 791 nm, 858 nm, and 1023 nm, which were calculated by taking
the average of all the members assigned to the individual clusters. These are the most informative spectral bands to
distinguish the pistachio leaves infected by Psylla from the healthy leaves. The F1-score was 90.91 when the hyperspectral
dataset (all bands) was used, while the F1-score was 88.69 for the multispectral dataset. The subtle difference between the
F1-scores indicates that the proposed pipeline in this study was able to select appropriately the sensitive bands while retaining
all relevant information.

Conclusion

The importance of spectral bands in the visible and near-infrared region (between 400 and 1100 nm) was obtained to
identify pistachio tree leaves infected with psylla disease. Based on the importance of spectral properties and using a
clustering algorithm, six wavelengths were obtained as the best wavelengths for classifying healthy and diseased pistachio
leaves. Then, by averaging the wavelengths at a distance of 15 nm from these six centers, the hyperspectral data (64 bands)
became multispectral (6 bands). Since the correlation between the wavelengths in the near-infrared region was very high
(more than 95%), out of the three selected wavelengths in the near-infrared region (710, 791, and 1023), only the 710-nm
wavelength, which was closer to the visible region, was selected. The results of classification of infected and diseased leaves
using hyperspectral and multispectral data showed that the degree of classification accuracy decreases by about 2% and if
only 4 bands are used, the degree of accuracy decreases by about 3%.

The results of this study revealed that the proposed framework could be used for selecting the most informative spectral
bands and accordingly develop custom-designed multispectral sensors for disease detection in pistachio. In addition, we
could reduce the dimensionality of the hyperspectral datasets and avoid the issues related to the curse of dimensionalitylity.
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Cluster center

Members of each cluster

Cluster 1
Cluster 2
Cluster 3
Cluster 4
Cluster 5
Cluster 6
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7765
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62316
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101332
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4572
103434

nanometer)
7253 6954
8067 7668

86823 87925
634'% 6031
489%7  468%°

73513
816°
85831
59220
44730

68533
78610 82611 75612

58221 57226 56128

* Superscripts denote the rank of the features, ** Wavelengths are shown without decimal digits
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Fig. 5. Confusion matrix obtained by support vector machine for classification of hyperspectral and multispectral data
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