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Abstract - Non-imagery field spectroscopic data is very high dimensional and thereby provides 
appropriate information about the object. Conversely, the high dimension of field spectroscopic data 
causes a very strong correlation between adjacent wavelengths and heavy redundancy in the information. 
This experimentation was performed to study the spectral behavior of healthy and unhealthy Sesame 
leaves on the electromagnetic spectrum (EMS). Three types of sesame leaves viz. healthy(H), damaged 
level1(LI), and damaged level2(L2) were selected and Non-imagery hyperspectral measurements of 
healthy and infected leaves were collected in the Visible and Near-infrared region (Vis-NIR ), in the 
spectral range of 400nm-1050nm. The VNIR region was divided into three sub-regions i) 
Visible(Vis):400nm-680nm ii) Red Edge(RE):681nm-781nm and iii) Near-Infrared(NIR):782nm-1050nm. 
ReliefF supervised attribute selection with ranker method was used as filters for dimensionality 
reduction, further Random Forest and J48(C 4.5) machine learning classifiers were applied on all the 
wavelengths in the regions as well as the first 20 wavelengths. The maximum classification accuracy was 
obtained in the visible region and it is revealed that distinct wavelengths affecting the health of the crop 
were found in the Visible region than RE and NIR regions. The classification accuracy of the Random 
Forest classifier was found better than the J48 classifier.  
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1. Introduction 

Til is a common name of Sesame seed in India. These nutrient-rich oil seeds are used in various Indian 
cuisines and also used in cosmetics, pharmaceutical products, and lubricants. India shares approximately 22% of 
the world’s sesame production. Not much attention was paid to this crop so far by the researchers. This 
experimentation was aimed to study the spectral behavior of healthy and damaged white sesame leaves. 

Crop and vegetation health monitoring, yield prediction, crop type classification, identification, and crop 
species discrimination are some of the applications of remote Sensing. Crops have different biophysical and 
biochemical characteristics like chlorophyll a and b, total chlorophyll, nitrogen content, a carotenoid pigment, 
anthocyanin, plant stress, plant moisture, etc. [1]. Reflectance at specific wavelengths in Visible, Red Edge, NIR 
and SWIR regions shows the change in the spectral pattern if there is any change in the biophysical or 
biochemical property of the crop[2]. Hyperspectral non-imagery spectroscopic data provides spectral 
measurements over a large number of wavelengths. Analytical Spectral Devices (ASD) spectroradiometer 
records spectral reflectance over the range of 350nm -2500nm. This covers the Visible Region, Near Infrared-
NIR Region and Shortwave Infrared-SWIR Region of the electromagnetic EMS spectrum which helps in the 
study and analysis of the crops. High dimensions of the hyperspectral(HS) datasets are used for detailed study of 
crop characteristics and their spectral behavior but also suffer from multicollinearity and high correlation along 
many adjacent wavelengths. Therefore, the selection of the most significant wavelengths is one of the crucial 
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parts which further helps in finding the impact of the disease on the EMS and improves classification 
tasks.[4][5][6] 

Diago M.P.et.al. experimented to discriminate four grape wine varieties by taking leaf reflectance 
measurements, which were recorded using a camera of 1040 wavelengths from HS images. Partial Least Square 
(PLS) based classifier obtained 92% classification accuracy.  Anhelina Zapolska et.al. carried out  research to 
discriminate between healthy and diseased Olea europaea L.. Linear Discriminant Analysis (LDA), PLS 
Regression and Principal Component Regression (PCR) methods were used to find significant and optimal 
wavelengths [7][8]. Shafri, Helmi Z. M., et al used Analysis of Variance( ANOVA) for finding the set of 
optimal spectral bands from spectral reflectance(SR) and the first derivatives(FD). This subset of wavebands 
was further used for the classification of healthy and unhealthy oil palms, and also for the segregation of 
Papyrus plants from other species[9][10]. Lei Wang et.al. also used ANOVA for selecting 37 most significant 
wavelengths out of 288 wavelengths, from SR of Lycium barbarum medicinal plant to find its origin[11]. 

Kumar et al. collected in-situ tea plantation HS data to analyze the spectral behavior for different treatments 
and its effect on the yield. PCA and SDA methods were used for finding optimum and significant wavelengths 
[12]. SDA was also used by Manjunath et al. for selecting optimum bands from field HS data to discriminate, 
cole crops, ornamental plants and pulses [13].  

This research paper focuses on discriminating between healthy and unhealthy crops using a feature 
selection algorithm. Healthy leaves and leaves infected at two damage levels are used for the experimentation. 
ReliefF supervised attribute selection method along with Ranker algorithm was used for ranking and feature 
wavelength selection. Feature selection was applied for three regions independently and for the complete VNIR 
region as well. After feature selection, two classification techniques J 48 and Random Forest were applied with 
10-fold cross-validation.  

2. Material and Methods 

2.1.  Sample collection and spectral measurements 

Field leaf samples were collected from Krishi Vidnyan Kendra, Aurangabad (19.851128, 75.298525) 
Maharashtra, India on 7th September 2019. Healthy and infected plants of Sesame were identified by visual 
judgment. Leaves were categorized into three-level 1) Healthy(H) 2) Damaged Level1 (L1) and Damaged 
Level2 (L2) clipped and kept in ziplock polythene bags. Leaf spectral reflectance was measured in a lab using 
ASD FieldSpecPro spectroradiometer and RS3 software [14][15].  

Raw .asd spectral measurements taken were converted to data files by ViewSpec Pro 6.2, software. Spectral 
Reflectance (SR) were further divided into three regions, Visible Region ( 350nm-670nm), Red Edge 
Region(671nm-780nm) and Near Infrared(NIR) region(781nm -1000nm) and three separate datasets were 
created. Figure 1 shows Spectral Reflectance-SR cures of Sesame leaves in the range of 350nm-2500nm. 

 
Figure 1: Spectral Reflectance of healthy and damaged Sesame leaves in the range of 350nm-2500nm 
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2.2.  Spectral feature selection and classification 

The spectral reflectance was divided into three regions, Visible Region (350nm -670nm), Red Edge 
Region(671nm-780nm) and Near Infrared(NIR) region(781nm -1000nm) and three separate datasets were 
created. Figure 1 shows Spectral Reflectance-SR cures of Sesame leaves.  

ReliefF is a supervised attribute selection method, which is a sixth variation(A-F) from the family of Relief 
algorithms. ReliefF evaluates significant features by sampling an instance repeatedly. It uses Manhatten’s 
Distance measure for calculating the distance between the neighbors. 

|x-x|+..+|x-x|+|x-x|),( jpipj2i2j1i1jid                      (1) 

Distance d (i,j) satisfies : 

(1) d (i,j)>=0 : distance is Non-negativity  

(2) d (i,i) =0  : the distance of an object to itself is 0 

Weight of attribute A, W[A] is calculated by probabilities: W[A] = P (different value of A| nearest instance 
from different class)- P(different value of A| nearest instance of the same class) 

k nearest from the same class are counted as hits and k nearest from the other classes are counted as misses 
scoring is updated for the target instance. The ranker Algorithm is used for ranking the significant wavelengths.  

J48 is a decision tree classifier. In this method, a binary tree is constructed to model the classification 
process. Following are the steps to construct the tree  

(1) Check whether all instances belong to the same class, then the tree represents a leaf and the leaf is labeled 
with that class. 

(2) For each attribute, information gain is calculated.  

(3) Depending upon the gain, the best splitting attribute is selected [16][17] 

Random Forest classifier creates a set of multiple decision trees. It randomly selects samples and a tree is 
generated for each sample, this avoids overfitting problems. Each tree participates in voting for selecting the 
best classification. Prediction result with the majority of votes is selected [18][19].  

Classification of three types of leaves was performed for all the wavelengths of the sub-regions viz. Vis-
region, Red Edge Region, Near Infrared region for 20 ranked wavelengths and all the wavelengths separately, 
subsequently complete 652 ranked wavelengths and 20 ranked wavelengths were also used for classification 
from Vis-NIR(400nm-1050nm) region. 

3. Results and Analysis 

Feature wavelength selection, ranking and classification were performed in WEKA 3.6.9, an open-source 
and free software for machine learning. The high dimensionality of the dataset, in comparison with the size of 
the dataset sometimes leads to overfitting. For selecting and ranking significant wavelengths ReliefF supervised 
attribute selection filter with ranker algorithm was used.  

The classification was performed using J48(C4.5) and Random Forest tree-based Classifiers. To find a 
minimum number of wavelengths for classification, classification was carried out on 20 ranked wavelengths and 
results were compared with all ranked wavelengths in the range of Vis(400nm-680nm), Red-Edge(681nm-
781nm), NIR(782-1050) and Vis-NIR(400nm-1050nm) separately.  

After the feature wavelength selection by RelifF and rankers method, the accuracy results of the two 
classifiers are shown in the Table1: 1) The maximum accuracy of 93.75 % was attained in the Visible Region 
(400nm-681nm) by all ranked wavelengths using J48 and the same accuracy with 20 ranked wavelengths by 
Random Forest. When the Visible region of the spectrum with 281 wavelengths was used by both classifiers 
results are almost the same. 2) Using the spectrum of total 101 wavelengths from the RE region from 681nm-
781nm, the accuracy of the J48 classifier was 91.67% and 89.58 % by Random Forest classifier for all the 
wavelengths and first 20 wavelengths. 3) Conversely the accuracy of the J48 classifier was 89.58% and 91.67 % 
by RF classifier for all the wavelengths and first 20 wavelengths in the NIR region (781nm-1000nm). 4) For the 
complete Vis-NIR region 88.46% accuracy was obtained by the J48 classifier when reflectance values for all 
651 wavelengths were used, but the accuracy of 90.38% was observed when the first 20 ranked wavelengths 
were used for classification. The same accuracy of 90.38% was calculated by Random Forest classifier for all 
651 wavelengths 82.69% for 20 wavelengths. 
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Table1: Comparison of classification accuracy 

  

  Vis-281 

(400nm-680nm) 

Red Edge-101 
(681nm-781nm) 

Near Infrared-268 
(782nm-1050nm) 

Vis-Near Infrared- 
651 (782nm-1050nm) 

  
  C4.5 Random 

Forest 
C4.5 Random 

Forest 
C4.5 Random 

Forest 
C4.5 Random 

Forest 

Accuracy 
20 91.67 93.75 91.67 89.58 89.58 91.67 90.38 82.69 

All 93.75 89.58 91.67 89.58 89.58 91.67 88.46 90.38 

 

 
Figure2: Classification Accuracy graph 

Table 1 displays classification accuracy obtained using J48 and Random Forest classifiers for the first 20 
ranked wavelengths SR and all 651 wavelengths SR. It is also observed that both J48 and Random Forest 
classifiers demonstrated the same results in the Red Edge region and NIR region for 20 ranked wavelengths and 
all wavelengths. Figure 2  depicts the result of classification accuracy. 

Table 2 shows the classification results with the weighted average of True Positive(TP), False Positive(FP) 
and F-score along with Kappa values. Using ReliefF attribute selection, the highest TP rate of .938 was 
observed in the Vis-region with 20 wavelengths by Random Forest and the same TP rate for all wavelengths 
using all wavelengths by J48. 

Table2: Comparison of Classification measures 

  
  Vis-272 (400nm-

671nm) 
Red Edge-110 

(672nm-781nm) 
Near Infrared-268 
(782nm-1050nm) 

Vis-Near Infrared-651 
(400nm-1050nm) 

  
  C4.5 Random 

Forest 
C4.5 Random 

Forest 
C4.5 Random 

Forest 
C4.5 Random 

Forest 

TP 
Rate 

20 0.917 0.938 0.917 0.896 0.896 0.917 0.904 0.827 

All 0.938 0.896 0.917 0.896 0.896 0.917 0.885 0.904 

FP 
Rate 

20 0.044 0.031 0.046 0.053 0.056 0.044 0.051 0.087 

All 0.035 0.053 0.046 0.053 0.056 0.044 0.061 0.049 

F-score 
20 0.917 0.937 0.917 0.896 0.896 0.917 0.904 0.827 

All 0.938 0.896 0.917 0.896 0.896 0.917 0.885 0.903 

Kappa 
20 0.8742 0.9059 0.8739 0.8431 0.8421 0.8743 0.8551 0.74 

All 0.9055 0.8433 0.8739 0.8431 0.8421 0.8743 0.8261 0.8552 

In all three regions, the Visible region was dominantly affected. It is even observed that classification 
accuracy and other classification measures were almost the same for all wavelengths and 20 wavelengths. 
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4. Conclusions 

Non-imagery spectral measurements obtained by ASD fieldSpec4 provide detailed information about the 
crop characteristics over EMS. The above experimentation was performed to find the affected region and 
minimum subset of wavelengths from Spectral Reflectance, which can be used for discrimination between 
healthy and unhealthy vegetable leaves at two damage levels. To study the impact of the disease, separating the 
SR into different regions EMS was found more functional. After attribute selection and ranking, classification 
results were similar for the first twenty wavelengths and all wavelengths, so it can be concluded that to reduce 
the classification complexity first 20 SR at the first 20 wavelengths can be used. Performance of tree-based 
classifiers J48 and Random Forest were also similar, but Random Forest performed better than J48.   

Further experimentation can be done on more levels of damage and impact on other sub-regions EMS like 
Short-Wave-IR can also be observed. First Derivative Transform and Continuum Removal data may be used for 
more comprehensible results. 
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