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Wet chemistry analysis of agricultural plant materials such as leaves is widely performed to quantify key
chemical components to understand plant physiological status. Visible and near-infrared (Vis-NIR) spectroscopy
is an interesting tool to replace the wet chemistry analysis, often labour intensive and time-consuming. Hence,
this study accesses the potential of Vis-NIR spectroscopy to predict nitrogen (N) and potassium (K) concentration
in bell pepper leaves. In the chemometrics perspective, the study aims to identify key Vis-NIR wavelengths that
are most correlated to the N and K, and hence, improves the predictive performance for N and K in bell pepper
leaves. For wavelengths selection, six different wavelength selection techniques were used. The performances of
several wavelength selection techniques were compared to identify the best technique. As a baseline comparison,
the partial least-square (PLS) regression analysis was used. The results showed that the Vis-NIR spectroscopy has
the potential to predict N and K in pepper leaves with root mean squared error of prediction (RMSEP) of 0.28 and
0.44%, respectively. The wavelength selection in general improved the predictive performance of models for
both K and N compared to the PLS regression. With wavelength selection, the RMSEP’s were decreased by 19%
and 15% for N and K, respectively, compared to the PLS regression. The results from the study can support the
development of protocols for non-destructive prediction of key plant chemical components such as K and N
without wet chemistry analysis.

1. Introduction

analyses are lab-based wet chemistry methods, which are
time-consuming and destructive [3,10]. Hence, there is a vast need to
develop a rapid and non-destructive technique to replace the current
standard wet chemistry plant analyses [11].
Visible and near-infrared spectroscopy (Vis-NIR) is a widely popular
tool in the analytical chemistry which captures the combinations and
overtones of the fundamental vibrations of O-H, C-H, S-H and N-H bonds
[12–14]. These bonds are commonly present in major organic
biochemical components presents in plants such as water, sugar, protein
and fats [5]. Further, the visible part of the electromagnetic spectrum
allows capturing information about pigments, such as chlorophyll,
appearing as the green colour of the leaves [6]. Several applications of
Vis-NIR spectroscopy can be found in the literature related to the
non-destructive prediction of chemical components in plants [5,9,15].
A major challenge with the Vis-NIR spectroscopy is that it requires

A detailed understanding of the functioning of agricultural plants is
of key interest to plant scientists to breed and develop improved plant
varieties [1–3]. Often plants are analysed based on the physical struc
ture and the chemical composition [4,5]. The physical information
comprises measurements such as plant height, area, number of leaves
and leaf area. The chemical components range from photosynthetic
pigments, such as chlorophylls, to moisture, sugars, protein, and nutri
ents (e.g., nitrogen and potassium) analysis. Since plant leaves are
mainly responsible for the photosynthetic activity, hence, the chemical
analysis is often performed on them [6,7]. Nitrogen (N) and potassium
(K) are of high importance because they are directly related to plant
development and reproduction by providing a correct ionic environment
to several metabolic processed [8,9]. Currently, most of the chemical
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advanced chemometric modelling to develop optimal models [16]. A
widely popular technique to model the Vis-NIR data is the partial
least-square (PLS) regression analysis [17]. The PLS regression deals
with the high collinearity of Vis-NIR data by projecting the data on a set
of latent wavelengths, maximizing the covariance with the properties of
interest. Further, the Vis-NIR data is later projected on those latent
wavelengths and are the most predictive of the properties of interest
[18]. However, PLS modelling can benefit by pre-selecting more pre
dictive/informative wavelengths with the help of suitable wavelength
selection techniques [19,20]. A recent study utilising the wavelength
selection approach in comparison to PLS regression using all wave
lengths found that models using selected wavelengths presented higher
predictive performance and were generalized to new measurement
batches [21,22]. Hence, in this study, several wavelength selection
techniques were explored to optimize the Vis-NIR models.
The aim of this study was to prove the hypothesis that Vis-NIR
spectroscopy can predict two main chemical components i.e., N and K
in dried pepper leaves. The second hypothesis of the study is that the
wavelength selection techniques can improve the predictive perfor
mance of Vis-NIR models for N and K prediction compared to PLS
regression analysis. To prove the hypothesis’s, a case of bell pepper
leaves was considered where the plants were fertilized with different
levels of K to induce variation in K availability to plant, and therefore, in
its uptake and accumulation in the plant itself. The analysis was per
formed on the dried leaves as the high moisture (~90%) in the in-vivo
leaves masks the underlying peaks related to additional chemical com
ponents [23]. For wavelengths selection, six different wavelength se
lection techniques i.e. bootstrapping soft shrinkage analysis (BOSS)
[24], variable combination population analysis (VCPA) [25], variable
combination population analysis combined with iteratively retaining
informative wavelengths (VCPA-IRIV) [26], competitive adaptive
reweighted sampling (CARS) [27], Monte-Carlo uninformative wave
length elimination (MC-UVE) [28] and interval random frog (iRF) [29],
were used.

Fig. 1. Histogram explaining the variation in the potassium (K) and nitrogen
(N) content induced with fertigation.

using the duplex algorithm [33]. The reflectance data were used directly
for the data processing as using chemometric pre-processing methods
may remove the information related to the scattering characteristics of
leaves. At first, the data were modelled with the PLS regression analysis
[18] where the optimal latent variables were optimized with a 5-fold
Venetian-blinds cross-validation procedure. Later, six different wave
length selection techniques were used to optimize the models. The six
techniques were BOSS [24], VCPA [25], VCPA-IRIV [26], CARS [27],
MC-UVE [28] and iRF [29]. Most of the techniques were discrete
wavelengths selection techniques except the iRF which select the
sub-intervals. All the chosen techniques are new advanced chemo
metrics techniques and most of these have outperformed old chemo
metric methods such as interval partial-least square regression [34].
BOSS technique [24] works by generating sub-models utilising boot
strap approach and updates the weights of each wavelength using the
model population analysis approach. Further, to filter out wavelengths a
soft-shrinkage approach is used during optimisation [24]. The VCPA
approach [25] utilises a combination of exponentially decreasing func
tion (EDF) and binary matrix sampling (BMS) strategy to generate a
population of sub-models. Later, model population analysis (MPA) is
employed to find the wavelength subsets with the lowest root mean
squares error of cross-validation (RMSECV) [25]. The hybrid version of
VCPA called VCPA-IRIV [26], add one more filtering layer over the
wavelengths selected by the VCPA by performing an iterative selection
of informative wavelengths. CARS approach [27] to wavelength selec
tion utilises the regression vector of PLS regression to run Monte-Carlo
sampling to select a subset of wavelengths. Later, EDF based wave
length selection and adaptive reweighted sampling-based competitive
wavelength selection, are used to select the key wavelengths. MC-UVE
method [28] builds a large number of models with randomly selected
calibration samples at first, and then each wavelength is evaluated with
the stability of the corresponding coefficients in these models. Wave
lengths with poor stability are considered as uninformative wavelength
and are eliminated. iRF approach [29] to wavelength selection starts
with a randomly selected wavelength subset. A new wavelength subset is
generated based on the previous one and is accepted with a certain
probability. The step is looped until N iterations are finished and the
interval subsets are selected.
All the data analysis was performed in MATLAB (2018b, Natick, MA,
USA) with the in-house scripts. All the codes for variable selection
technique were obtained from MATLAB central (https://nl.mathworks.
com/matlabcentral/) and used with default settings. The input to the

2. Materials and methods
2.1. Data set
Pepper plants (Capsicum annuum var. annuum Grossum) were grown
in a greenhouse in the northern Arava valley, Israel. To create the
variation in the K content of the plants, additional fertilization was
applied by irrigation in four levels: 0, 50, 100 and 150 ppm. The 119
leaves (30 samples per each of the first three fertilization treatments,
and the 150 ppm K had 29 samples) were picked off the plants and were
taken to the Gilat research center, Israel, to be dried, ground, and to
determine K and N concentrations. The reference K concentrations in
leaves were determined by atomic absorption spectrophotometer (Per
kinElmer 460, USA) as described in Ref. [30]. The reference N concen
trations in leaves were determined according to the micro-Kjeldahl
method as described in Ref. [31]. Reflectance measurements of dry leaf
powder were obtained in the Sede-Boker Remote Sensing Laboratory,
Israel by the ASD Fieldspec Pro-FR spectroradiometer with a contact
probe (Analytical Spectral Devices Inc., Boulder, CO, USA). The contact
probe has an inbuilt tungsten halogen light source to illuminate the
samples [32]. For spectral measurement, the powder of each leaf was
placed on the probe and covered with a black cover. All spectral data
ranged from 400 to 2400 nm with 5 nm resolution. The data set is freely
available at the official website of ecological spectral information system
(EcoSIS) and can be obtained with the link: https://ecosis.org/package
/fresh-and-dry-pepper-leaf-spectra-with-associated-potassium-and-nit
rogen-measurements.
2.2. Data analysis
The data were partitioned to calibration (60%) and test (40%) set
2
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Table 1
A summary of partial least-square regression model and several wavelength selection techniques for predicting nitrogen and potassium. Lowest RMSEP was used to
identify the best performing model.
Technique
PLSR
BOSS
VCPA
VCPA-IRIV
CARS-PLS
MC-UVE
iRF

Nitrogen

Potassium

R2P

Wavelengths (Latent Variables)

RMSEP (%)

Bias (%)

R2 P

Wavelengths (Latent variables)

RMSEP (%)

Bias (%)

0.60
0.66
0.73
0.69
0.71
0.72
0.64

401 (12)
21 (10)
10 (10)
39 (20)
26 (18)
18 (16)
94 (10)

0.35
0.32
0.28
0.3
0.28
0.28
0.32

− 0.01
0.01
0.01
0.01
− 0.01
0.04
− 0.02

0.82
0.79
0.79
0.80
0.53
0.86
0.83

401 (14)
24 (18)
10 (10)
24 (20)
38 (15)
56 (14)
156 (10)

0.53
0.53
0.5
0.5
0.73
0.44
0.47

0.05
0.08
− 0.06
0.06
0.17
0
0.05

Fig. 2. A summary of partial least-square regression model and wavelength selected models for potassium (K) and nitrogen (N) prediction. (A) PLS regression for K
prediction, (B) PLS regression for N prediction, (C) Monte-Carlo uninformative wavelength elimination based model for K prediction, and (D) Wavelength combi
nation population analysis for N prediction.

variable selection methods were the spectra and the reference N/K
content values and the indexes to selected variables were obtained in
return. The performance of all models was judged based on the coeffi
cient of determination (R2), prediction bias and root mean squared error
of prediction (RMSEP).

attained the lowest RMSEP and with only 10 discrete wavelengths
compared to 401 wavelengths available in the data set. In the case of K
prediction, VCPA, VCPA-IRIV, MC-UVE and iRF performed better than
the PLS regression. The lowest RMSEP was obtained with MC-UVE.
However, the lowest number of wavelengths (10) were selected by
VCPA.
Fig. 2 shows the results of PLS regression analysis and the best per
forming wavelength selection techniques for predicting K and N in dried
pepper leaves. For K prediction, the PLS attained an R2P of 0.82 which
get increased to 0.86 with the use of MC-UVE wavelength selection
technique. Further, with wavelength selection, the RMSEP for K was
reduced from 0.53% to 0.45%. In addition, the wavelength selection
removed the prediction bias. For N prediction, the PLS attained an R2P of
0.6 which get increased to 0.73 with the use of VCPA wavelength se
lection technique. Further, with wavelength selection, the RMSEP for N
was reduced from 0.35% to 0.28%. The selected wavelength for K and N

3. Results and discussion
The variations in K and N content in the samples induced by the
fertigation are shown in Fig. 1. The K and N varied in the range of 4.3 ±
1.2% and 4.8 ± 0.56%, respectively. The K content showed higher
variation compared to the N content. A possible reason is that the fer
tigation regime only includes the K and not with N.
A summary of the performance of different wavelength selection
techniques is shown in Table 1. For N prediction, all the wavelength
selection techniques worked better than the PLS regression. VCPA
3
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Fig. 3. Plots highlighting the selected wavelengths. (A) Monte-Carlo uninformative wavelength elimination based selected wavelengths for potassium prediction,
and (B) wavelength combination population analysis based selected wavelengths for nitrogen prediction.

hypotheses, the wavelength selection improved the predictive perfor
mance of Vis-NIR models compared to the PLS regression. The wave
length selection not only improved the model but also provided a key
subset of wavelengths that can be related to the background chemistry of
the samples. The VCPA wavelength selection technique performed the
best for N prediction and 3rd best for K prediction. However, the VCPA
attained the model accuracies with least number of wavelengths i.e., 10
each for N and K. The selected wavelengths in this work can help in
future studies related to the use of Vis-NIR spectroscopy for N and K
prediction in dried plant leaves. Vis-NIR spectroscopy combined with
advanced wavelength selection can support in replacing wet chemistry
analysis of plant nutrients.

Table 2
A summary of wavelengths selected by wavelength combination population
analysis for nitrogen and potassium prediction.
Trait

Wavelength (nm)

K
N

500, 1430, 1600, 1605, 1720, 2075, 2100, 2170, 2180, 2190
905, 970, 1465, 1585, 1810, 1950, 1965, 1980, 2160, 2175

prediction are plotted as vertical lines in Fig. 3. Although, for K, the
lowest RMSEP was obtained with the MC-UVE wavelength selection,
however, considering the simplicity of the model, key wavelengths ob
tained from VCPA analysis are shown in Table 2.
In Table 2, the VCPA selected bands for K and N prediction are
provided. In the case of K, a visible wavelength of 500 nm was selected
and can be related to chlorophyll [14]. The correlation of chlorophyll b
can be understood as a secondary correlation to K, where the different K
treatments probably affected the photosynthetic activity of leaves thus
affecting the chlorophyll b. The wavelength 1430 nm can be related to
the 2nd overtones of OH [35]. Since potassium is soluble in water and
exists in plants in the form of ions, hence, the absorption of OH plays an
important role in the measurement of potassium concentration. The
wavelengths 1600, 1605, 1720, 2075, 2100, 2170, 2180 and 2190 nm
cannot be directly related to any particular chemicals but are related to
combination bonds and 1st overtones of CH, NH, CH2 and CH3 [14,35].
In the case of the N, the wavelength 905 nm can be assigned to the
3rd overtones of CH, CH2 and CH3 bonds [35]. The wavelengths 970 can
be assigned to OH [14]. A correlation of N with wavelength related to
OH can exist as plant nutrients such as N may have an effect on the water
in the plant [14]. The wavelength 1465 nm can be assigned to the 2nd
overtones of RNH2 functional group [35]. The wavelength 1950, 1965
and 1980 nm can be assigned to the 1st overtones of CONH2 [35]. The
wavelengths 2160 and 2175 nm can be assigned to the combination
bands region and in particular to protein and nitrogen [14,35]. A main
to be noted is that Vis-NIR does not bring direct information to free K or
N. Instead, it can indirectly predict K or N due to correlations or inter
action with other compounds, such as chlorophyll, water etc.
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