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 Chlorophyll content can be indicative of plant physiological activity and then changes in 
chlorophyll content have been used as a good indicator of disease as well as nutritional and 
environmental stresses on plants. Chlorophyll content estimation is one of the most 
applications of hyperspectral remote sensing data. Also, Random Forest (RF) has been applied 
to assess biochemical properties from remote sensing data; however, an approach integrating 
with  dimensionality reduction techniques has not been fully evaluated. A total of 200 leaves 
were measured for reflectance and chlorophyll content and then the regression models were 
generated based on RF with three dimensionality reduction methods including principal 
component analysis, kernel principal component analysis and independent component 
analysis. This research clarified that PCA is the best method for dimensionality reduction for 

estimating chlorophyll content in Zizania Latifolia with a RMSE value of 5.65 ± 0.58 μg cm-2.  
 

 
 
 

1. INTRODUCTION  
 

Chlorophyll pigments absorb sunlight and then their 
contents relate closely to primary production (Gitelson et 
al. 2006). Also, chlorophyll offers the information for 
assessing leaf nitrogen, an essential plant nutrient, due to 
the close relationship between them (Ramoelo et al. 
2015; Kokali and Skidmore. 2015; Bungard et al. 2000) 
In addition, changes in the chlorophyll content of leaves 
are related to the effects of disease and nutritional and 
environmental stresses (Datt. 1999). Therefore, 
chlorophyll content is one of the most important 
indicators of photosynthetic activity among all 
biochemical variables. 

To accurately measure chlorophyll content, 
spectrophotometric measurements using ultraviolet and 
visible spectroscopy or high-performance liquid 
chromatography measurements have been adopted 
widely, however, these techniques are expensive, labor-
intensive and require bulky equipment. Although 
portable equipment such as the SPAD-502 Leaf 
Chlorophyll Meter (Konica Minolta Inc.) provides a 
simpler method of quantifying chlorophyll, leaf 
structure, water content and leaf pigment distribution 
make their output obscure (Peng et al. 1993). Thus, they 

are not suitable for quantifying chlorophyll content in 
Manchurian wild rice (Zizania latifolia), since this plant 
is one of silicicolous plants and leaf structure would be 
changed by the silica concentration of irrigated water. 

On the other hand, remote sensing is one of the most 
attractive alternative options for this purpose and it has 
been revealed that hyperspectral data are useful for 
evaluating chlorophyll contents. Furthermore, it has 
been applied and evaluated for monitoring of 
biochemical properties based on hyperspectral indices 
and radiative transfer models (Lazaro. 2014; Wang. 
2018). Accordingly, appraising hyperspectral reflectance 
to consider analyze chlorophyll contents with a variety a 
total slag fertilizer is required for restraint quality. 

However, a dimension reduction is required to 
improve the usability of hyperspectral data, due to the 
high number of spectral bands (and some of them are 
highly correlated). 

Besides dimension reduction, machine learning has 
been applied to evaluate vegetation properties (Chen. 
2017; Doktor. 2014). Especially, Random Forest (RF), 
which is a regression technique that combines numerous 
decision trees to classify or predict the value of variable, 
has been used and reported its high performances for 
regression (Biau. 2016). 
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The objective main study is (1) to evaluate the 
potential hyperspectral data for estimation the 
chlorophyll of Zizania Latifolia and (2) to investigate the 
best dimensionality reduction method among Principal 
Component Analysis (PCA), Kernel Principal Component 
Analysis (KPC) and Independent Component Analysis 
(ICA). 
 

2. METHOD 
 

2.1. Study area and measurements 
 

Manchurian wild rice (Zizania latifolia) plants were 
cultivated at within-row distances and inter-row spacing 
of 100 cm on a paddy field at Shizuoka University 
(Shizuoka, Japan, Figure 1) and grown in flooded 
conditions. As a basal fertilization, 18 kg of NH4Cl, 12 kg 
of P2O5 and 12 kg of K2O were supplied per 1000 m2. Two 
further supplementary fertilizations were administered, 
consisting of 12 kg of NH4Cl, 12 kg of P2O5 and 12 kg of 
K2O, and 6 kg of NH4Cl, respectively (per 1000 m2). The 
soluble silicic acid content of the provided molten slag 
was 32% and the standard amount of slag fertilizer was 
120 kg per 1000 m2. The experiment included a control 
without slag and four slag fertilizer treatments: a 
standard amount of slag (1×Slag), and double (2×Slag), 4 
times (4×Slag) and 8 times (8×Slag) the standard 
concentration. A total of 200 leaves (40 leaves from each 
treatment) were measured for reflectance and 
chlorophyll content on 2 and 5 October, 2020. 

Hyperspectral reflectance was obtained using the 
FieldSpec4 (Malvern Panalytical, Almelo, Netherlands) 
and then a splice correction function was applied to 
minimize the inconsistency caused by the three detectors 
using ViewSpec Pro (Analytical Spectral Devices Inc., 
USA).. 

Dimethyl-formamide was used the prepare extracts 
and their chlorophyll contents were quantified using a 
dual beam scanning ultraviolet-visible spectrometer 
(UV-1900, Shimadzu, Japan) and Porra’s method (Porra. 
1989)  

 

 
Figure 1. Zizania latifolia and location of each treatment 

 

2.2. Data Analysis  
 

Performance evaluation was conducted for RF 
regression and all processes were implemented using R 
version 3.5.3 (R Team. 2020). RF regression creates 
multiple decisions tees called classification and 
regression trees (CART) based on randomly 
bootstrapped samples of training data (Breiman 2001) 
via generalization of the binomial variance (using a Gini 
index) and by nodes that are using by split variable from 

a group of randomly selected variable (Liaw. 2002). Since 
former research has described the effectiveness of RF 
(Hobbey. 2018; Johannson. 2014), it was also used in this 
research. RF differs from CART in growing non-
deterministically to decorrelate the trees and lessen 
variance using two-stage randomization scheme related 
to a bootstrap sample and random variable selection. The 
number of trees (ntree) and the number of variables used 
to split the nodes (mtry) are normally established by the 
user. For tuning these hyperparameters, Bayesian 
optimization was applied using the Gaussian process. 
 
2.3. Dimension Reduction Techniques  
 

RF-based regression models were generated after 
dimension reduction techniques including Principal 
Component Analysis (PCA), Kernel Principal Component 
Analysis (KPCA) and Independent Component Analysis 
(ICA). 
 
2.3.1. Principal Component Analysis (PCA) 

 

PCA is the oldest and best-known technique of 
multivariate data analysis (Mishra. 2017). It was first 
coined by (Pearson. 1901), and produced independently 
by (Hotelling, 1933). PCA is the usual name for a 
technique which uses sophisticated underlying 
mathematical principles to transforms several probably 
correlated variables into smaller number of variables 
named principle components. The origin PCA lies in 
multivariate data analysis; however, it has a wide range 
of other applications. In general terms, PCA uses a vector 
space transform to reduce the dimensionality of large 
data sets. Using mathematical forecast, the original 
dataset, which may involve many variables (i.e the 
principal component). The central idea of PCA is to 
reduce the dimensionality of the data set in which there 
are many interrelated variables. 

 
2.3.2. Kernel Principal Component Analysis (KPCA) 

 

PCA only allows linear dimensionality reduction and 
then cannot be well represented in a linear subspace if 
the data has more complicated structures. Kernel PCA is 
the nonlinear form of PCA, which better exploits the 
complicated spatial structure of high-dimensional 
features (Benhart. 1997). The Radial Basis kernel 
function kernel, which is the typical general-purpose 
kernel, was applied and the kernel bandwidth was set to 
0.1 

 
2.3.3. Independent Component Analysis (ICA) 

 

Independent component analysis (ICA) is closely 
related to PCA, whereas ICA finds a set of source variable 
that are mutually independent, PCA finds a set variable 
that are mutually uncorrelated (Dinesh. 2011). The 
independent component analysis technique is one of the 
most well-known algorithms which are used for solving 
this research. ICA is separating multivariate signal into 
additive subcomponent. This is done by assuming that 
the subcomponent is non-Gaussian signal and that they 
are statistically independent from each order 
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2.4. Statistical criteria  
 

To evaluate the performance of the regression model, 
the root-mean-square error (RMSE, equation (1)) was 
applied. 

RMSE = √
1

𝑛
∑ (𝑦�̂� − 𝑦𝑖)

2𝑛
𝑖=0 ,  (1) 

 
Where n is number of samples, 𝑦𝑖 is measured 

chlorophyll content and 𝑦�̂� is estimated chlorophyll 
content. 
 
3. RESULTS AND DISCUSSION 
 

3.1. Chlorophyll content  
 

The measured chlorophyll content per leaf area (cm2) 
ranged from 17.53 to 58.02 μg and the maximum value 
were obtained from the 2 × Slag treatment while the 
minimum values were from the control. Although there 
were significant differences in chlorophyll content 
between 2×Slag and other treatments (p < 0.05, Tukey-
Kramer test), the other combinations did not differ 
significantly. 

 
3.2. Spectral Reflectance and Correlation  

 
Spectral reflectance in each fertilizer treatment 

shown in figure 2.  It shown the control samples are 
highest reflectance values while the lowest values were 
from the 2 x Slag samples. 

 

 
Figure 2. Spectral patterns for each slag fertilizer 
treatment  
 

 
Figure 3. Correlation between spectral reflectance and 
chlorophyll content  

 
Figure 3 illustrates correlations of each spectral 

reflectance wavelength with a chlorophyll content. For 
chlorophyll contents, negative correlations were 
confirmed near green peak and REIP, and the two 
bottoms were identified at 531 nm (r = -0.503) and at 709 
nm (r = -0.420). 

 
3.3. Accuracy Validation  

 
Tables 1 shows statistics for the RMSE values 

calculated using regression models. Generally, PCA 
generally performed the best and PCA was selected as the 
best solution for estimating chlorophyll content 50 times, 
while KPCA was selected 12 times. Thus, it is not 
necessary to use kernel for expressing the relationships 
between chlorophyll content of Zizania latifolia and 
reflectance data from FielSpec4. 

 
Table 1. Root-mean-square error (RMSE, μg cm-2) for 
each regression model after 100 repetitions.  

  PCA KPCA ICA 

Minimum 4.49 4.90 4.36 

Median 5.65 5.86 5.77 

Mean 5.65 5.94 5.76 

Maximum 7.33 7.54 7.37 

Standard   
deviation 

0.58 0.56 0.59 

 
Figure 4 and 5 show the relationships between 

measured and estimated chlorophyll contents when the 
results of 100 repetitions were combined. The coefficient 
of determinations (R2) were 0.47, 0.41 and 0.39 for ICA, 
KPCA, and PCA, respectively and then the advantage of 
ICA was confirmed. However, the differences were too 
small to claim that ICA should be applied. 

 
Figure 4. Relationship between estimation and 
measured chlorophyll contents. 
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Figure 5. Taylor diagram showing the performance of 
each dimensionality reduction methods 
 
4. CONCLUSION 

 

This study has evaluated three dimension reduction 
techniques for estimating chlorophyll contents from 
reflectance. According of result, spectral reflectance had 
shown control sample are highest reflectance values 
more than another slag fertilizer treatment. However, 
PCA is the best method for dimensionality reduction for 
the estimation chlorophyll compared another advanced 
method such as ICA and KPCA. 
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