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Abstract: Visible and near-infrared (Vis/NIR) hyperspectral imaging (HSI) was used for rapid
and non-destructive determination of macro- and micronutrient contents in persimmon leaves.
Hyperspectral images of 687 leaves were acquired in the 500–980 nm range over 6 months, covering
a complete vegetative cycle. The average reflectance spectrum of each leaf was extracted, and
foliar ionomic analysis was used as a reference method to determine the actual concentration of
the nutrients in the leaves. Analyses were performed via emission spectrometry (ICP-OES) for
macro- and micronutrients after microwave digestion and using the Kjeldahl method to quantify
nitrogen. Partial least square regression (PLS-R) was used to predict the nutrient concentration based
on spectral data from the leaf using actual values of each element as predictor variables. Several
methods were used to pre-process the spectra, including Savitzky–Golay (SG) smoothing, standard
normal variate (SNV) and first (1D) and second derivatives (2D). Seventy-five percent of the samples
were used to calibrate and validate the model by cross-validation, whereas the remaining twenty-five
% were used as an independent test set. The best performance of the models for the test set achieved
an R2 = 0.80 for nitrogen. Results were also satisfactory for phosphorous, calcium, magnesium and
boron, with determination coefficient R2 values of 0.63, 0.66, 0.58 and 0.69, respectively. For the other
nutrients, lower prediction rates were attained (R2 = 0.48 for potassium, R2 = 0.38 for iron, R2 = 0.24
for copper, R2 = 0.23 for zinc and R2 = 0.22 for manganese). The variable importance in projection
(VIP) was used to extract the most influential bands for the best-predicted nutrients, which were N, K
and B.

Keywords: hyperspectral imaging; Vis/NIR; spectroscopy; chemometrics; variable selection

1. Introduction

Persimmon (Diospyros kaki Thunberg) is a crop that is native to China, which grows
in tropical and subtropical areas and has adapted well to the Mediterranean climate [1].
Cultivation of the cultivar ‘Rojo Brillante’ has grown exponentially in recent years in Spain,
which is currently ranked second for the world production of this fruit [2]. It is essential to
ensure fair handling practices during the growing period in order to produce good quality
persimmons, including the implementation of optimum nutrient management according to
the nutritional status of the trees at each phenological stage. However, only a little bit of
research has been carried out on the nutritional requirements of persimmon. Moreover, the
previous studies were conducted mainly in Japan, Australia and New Zealand for local
varieties other than ‘Rojo Brillante’, the predominant variety in Spain.

Plant nutrients can be divided into two broad categories: macronutrients and micronu-
trients. Both types are essential for plant growth and yield since they are constituents of
several structures involved in storing energy or in numerous enzymatic and metabolic
processes. Research into the beneficial effects of the nutrient fertilisation of crops was
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pioneered by von Liebig in the 19th century, when he described the essential roles of
nutrients in plant development [3]. Macronutrients such as nitrogen (N), phosphorous (P),
potassium (K), sulphur (S), manganese (Mg) and calcium (Ca) are major constituents of
cell structures and organic compounds and are therefore required in large amounts [4].
In contrast, micronutrients are involved in multiple metabolic and enzymatic processes,
as well as in the synthesis of chlorophyll, and typically are needed in small amounts [5].
Micronutrients such as zinc (Zn), manganese (Mn), copper (Cu) and boron (B) are involved
in chlorophyll formation (photosynthesis), as well as root cell division and elongation. At
the same time, iron (Fe) is a critical component of photosynthesis, respiratory electron
transport and a cofactor of multiple redox enzymes.

The capacity of the soil to supply the nutrients require to achieve good crop devel-
opment, and production is usually insufficient. Hence, there is a need to apply rational
fertilisation plans at regular intervals. Malagón and Monzó [6] proposed three fertiliser ap-
plications for persimmon in Spain. The first application in mid-March comprised an N-P-K
or N-P-K-Mg complex, the second included a nitrogenous fertiliser (nitric-ammoniacal)
and magnesium and a third application was based on potassium nitrate. These proposed
doses are only indicative since any fertilisation plan must be adjusted to the nutritional
status of the plants, the agronomic conditions, the soil composition and the irrigation water.

The ionomic analysis of leaves is a traditional method used to determine the nutri-
tional status of plants, which is costly, laborious and time-consuming, resulting in delays
between field sampling and ionomic diagnosis. Therefore, the need for fast, non-destructive
and high-throughput alternative technologies for crop monitoring has led to the use or
development of new sensors [7]. In agriculture, the potential of visible and near-infrared
(Vis/NIR) spectral reflectance has already been studied for different purposes [8], including
the assessment of nutrient concentration. These developments have enabled the estima-
tion of a wide variety of plant chemical properties and physiological processes based on
leaf optical properties of living tissue. Estimating these features from sheet reflectance is
based on variations in the absorption of organic molecular bonds, mainly C-H, N-H and
O-H bonds, resulting in vibrational excitation at specific electromagnetic spectrum wave-
lengths. Exploiting the relationships of light to organic bonds allows plant spectroscopy to
characterise the chemical and physiological state of plants [9].

Hyperspectral imaging (HSI) is a novel and emerging technology adapted for several
applications in agriculture. HSI is a combination of spectroscopic and imaging techniques
that allows the identification of chemical components and their spatial distribution in a
sample [10]. Due to these characteristics, it is becoming an important tool in precision
agriculture for rapid assessment of crop nutrition [11]. In olive orchards, Gómez-Casero
et al. [12] estimated K deficiencies through the hyperspectral imaging of leaves in the
400–900 nm range and found changes in the NIR region. They stated that the normalised
difference vegetation index (NDVI) could be used to estimate the K concentration in olive
trees with high precision.

In pear tree leaves, Jin et al. [13] detected N, P and K deficiencies using a handheld
miniature spectrometer operating from 900 to 1700 nm in reflectance mode. They used
42 recognition models based on random forest, support vector machine (SVM), gradient
boosting decision tree and extreme gradient boosting (XGBoost). The highest accuracy
was achieved using SVM via pre-processing based on SNV and genetic algorithm fea-
ture extraction, which enabled them to reach correct classification rates of 82.06% and
80.25%, respectively.

N, P and K contents in oilseed rape leaves were investigated by Zhang et al. [14] using
Vis/NIR hyperspectral imaging and least-squares support vector machines (LS-SVM). The
results were an R2 of 0.88 for N and an R2 of 0.71 for P, while using partial least square
regression (PLS-R) resulted in an R2 of 0.75 for K. Christensen et al. [15] used hyperspectral
imaging (400–750 nm) to predict the P content in barley plants from the canopy spectral
reflectance, with an accuracy rate of 74%.
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Yanli et al. [16] estimated N and P concentrations in citrus leaves from hyperspectral
images of the adaxial and abaxial sides of each leaf. The performances of five pre-processing
methods, i.e., Savitzky–Golay smoothing (SG), standard normal variate (SNV), multiplica-
tive scatter correction (MSC) and first derivative (1D) and second derivative (2D), were
tested using linear partial least squares (PLS) and nonlinear LS SVM models. The results
showed that PLS and SG-PLS achieved the best performance in predicting N (R = 0.90,
RMSEP = 0.104) and P (R = 0.92, RMSEP = 0.051) concentrations, respectively. Additionally,
Li et al. [17] explored the ability of this technology to predict P content in litchi leaves using
canopy reflectance. The results using cross-validation showed that optimal spectral indices
selected by correlation analyses achieved the highest accuracy in retrieving P content at
each growth stage (R2 = 0.54–0.98, RMSECV = 0.02–0.03).

In contrast, only one study related to persimmons was found. Visconti and de Paz [18]
obtained a regression model to predict chloride (Cl) in persimmon leaves, with an R2 of
0.78, an RMSE of 0.34% Cl and a ratio performance deviation (RPD) of 2.18. Moreover, they
stated that wavelengths between 390 and 472 nm and 690 and 692 nm correlated positively
with the Cl content.

While the estimation of macronutrients, especially N, P, and K, has been previously
studied using hyperspectral imaging in some species, micronutrients have been studied to
a lesser extent. Moreover, no studies on determining nutrient concentration using spectral
data for persimmons have been found. Developing a tool to perform a rapid nutritional
diagnosis at a lower cost would allow the efficient fertiliser management of crops, leading
to earlier decisions on fertilisation, while also reducing costs and the potential risk of
contamination. Therefore, this work advances in the study of the potential of Vis/NIR
hyperspectral imaging to determine the foliar concentration of macro (N, P, K, Ca, Mg, S
and Na) and micronutrients (Fe, Cu, Mn, Zn and B) in persimmon leaves as a new tool
alternative to conventional slow and complex laboratory analyses.

2. Materials and Methods
2.1. Field Experiment

Leaves were sampled from an experimental plot of 48 six-year-old persimmon (Diospy-
ros kaki) trees, ‘Rojo Brillante’, located at the Instituto Valenciano de Investigaciones Agrarias
(IVIA) in Moncada (Valencia), Spain. Six treatments (Table 1) involving four nitrogen levels
in combination with three doses of potassium were applied to create variability in the foliar
nutrient status. The six fertilisation treatments combined N doses of 0%, 33% and 50%
fertilisation units (FU) of total crop requirement with K doses of 0% and 50% FU as per
crop requirements, and the control included 100% of the N and K crop requirements. The
doses of N and K were assessed based on the characteristics of the plantation, such as age,
variety, rootstock and framework (5 × 5 m). Fertilisation treatments were applied from
April to September.

Table 1. Fertiliser doses (kg/ha) for each treatment.

Treatment N K2O P2O3 CaO MgO

T1 (N-0%) 0 110 38.8 62.5 25.3
T2 (N-33%) 35 110 38.8 62.5 25.3
T3 (N-50%) 53 110 38.8 62.5 25.3

T4 (K2O-0%) 106 0 38.8 62.5 25.3
T5 (K2O-50%) 106 55 38.8 62.5 25.3

Control (N and K2O-100%) 106 110 38.8 62.5 25.3

Foliar sampling was carried out monthly (June, July, September, October, November
and December 2020) by taking six leaves from the summer flush leaves of each tree, and
the third or fourth leaves from the axilla of reproductive sprouting were placed at the four
orientations. Hence, 24 leaves were collected per treatment and month, totalling 144 leaves.
Once collected, the leaves were immediately sealed in plastic bags and taken to the labora-
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tory at air temperature. The leaves were washed with phosphate-free soap and rinsed with
Milli Q water to remove any remaining dust or contamination. After drying, leaves were
labelled and attached to a white surface to flatten them during image acquisition.

2.2. Spectral Measurements of the Leaves

The hyperspectral images were acquired with an industrial camera (CoolSNAP ES,
Photometrics, AZ, USA) coupled with two tunable liquid crystal filters (Varispec VIS-07
and NIR-07, Cambridge Research & Instrumentation, Inc., Hopkinton, MA, USA). The
camera was configured to acquire images with a size of 1392 × 1040 pixels and a spatial
resolution of 0.14 mm/pixel in the operating spectral range of 500–980 nm in steps of 10 nm
(49 bands). Each hyperspectral image acquisition captured with this configuration required
40 s. To optimise the dynamic range of the camera, avoid saturated images and correct the
spectral sensitivity of the different elements of the system, a calibration of the integration
time of each band was performed, capturing the average grey level of a reference white
(Spectralon 99%, Labsphere, Inc., North Sutton, NH, USA). Calibration was performed
with a threshold of 1%. Hyperspectral images were taken of these 6 leaves (one image per
leaf), resulting in 144 images of leaves. The scene was illuminated with indirect light from
twelve halogen bulbs (37 W) (Eurostar IR Halogen MR16. Ushio America, Inc., CA, USA)
arranged inside a hemispherical aluminium diffuser (Figure 1).
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Figure 1. Acquisition of the hyperspectral imaging of the leaves.

Images were corrected using white and dark references. Dark was captured by switch-
ing off the lamps and covering the lens with a cap to prevent light from infiltrating the
camera. The correction was performed using Equation (1):

I − I0 − Idark/Iwhite − Idark (1)

where I0 is the raw image that was acquired of the leaf, Iwhite is the image of the standard
white reference and Idark is the image of the dark reference.
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2.3. Ionomic Leaf Analysis

The leaves were dried in an oven (Selecta, Dry big, Spain) at 65 ◦C for a minimum
of 72 h until a constant weight was reached. They were then crushed with a refriger-
ated grinder (IKA M20, Germany) and stored at 4 ◦C until later analysis to quantify the
concentration of the nutrients. For foliar ionomic analysis, the nutrients were extracted
from the solid samples using microwave-assisted acid digestion (ETHOS UP, Milestone Srl,
Sorisole, Italy). To this end, 0.200 g of the crushed samples were weighed with a precision of
±0.003 g, and 4 mL of Milli Q water plus 4 mL of nitric acid (HNO3) and 2 mL of hydrogen
peroxide (H2O2), were added to each sample. The samples with the added reagents were
allowed to stand for 15 to 20 min. In the extracted solution, macro- and micronutrients
were determined using an atomic emission spectrometer with inductively coupled plasma
(iCAP 7000, Thermo Scientific, Barcelona, Spain). The Kjeldahl method (Kjeltec 8200, FOSS
Iberia, S.A., Barcelona, Spain) was used for organic N [19].

2.4. Data Analysis

Leaf nutrient concentrations determined using the conventional laboratory analyses
were taken as the reference for building the nutrient estimation models based on spectral
information. Descriptive statistics (mean, standard deviation, minimum and maximum,
median, first and third quartiles, skewness, kurtosis and coefficient of variation) were
obtained from the samples used in the experiments.

During the acquisition of hyperspectral images, undesired effects caused by electro-
magnetic noise, equipment sensitivity and changes in temperature and illumination may
occur. Another aspect that adversely affects the measurements is the scattering of the
incident radiation due to the texture of the sample or changes in the refractive index of
the material, causing unwanted variations in spectral reflection [8]. These effects can be
minimised using pre-processing operations. Five pre-processing procedures were used in
this study: mean centring (MC), which consists of centring each variable by subtracting
the mean of all the elements, SG smoothing [20] to reduce random noise and increase the
signal-to-noise ratio and SNV, which corrects the spectra for changes in optical path length
and light scattering. After SNV correction, all spectra have a mean of 0 and a standard
deviation of 1 [21]. First and second derivatives were used to eliminate constant baseline
shifts and shifts that vary in a linear manner with wavelength, respectively [22].

A table was created for each nutrient studied, in which each sample was arranged in
rows, and the columns showed the reflectance value at each wavelength (X variables). A
final column was added with the reference value of the nutrient obtained from the ionomic
analysis. These tables were used to build the predictive models. Data were split into
two sets: a training set composed of 75% (515) of the samples used for calibration and
cross-validation (CV), and a testing set consisting of the remaining 25% (172) of the samples
used for independent external validation.

Partial least square (PLSR) is a classical linear modelling method applied to many
fields, including nutrient estimation from spectral data [23]. Its primary role is to extract
the principal components from independent variables with synthetic consideration of the
dependent variables and establish a regression model between the optimal principal com-
ponents and the dependent variables [24]. In this work, the predictor variables were the
wavelengths, while the response variables were the concentrations given by the ionomic
analysis. CV was applied to determine the optimum number of factors in the PLS-R model
and estimate the uncertainty in the training set [25]. To avoid possible overfitting of the
PLSR model, the number of PLS-R factors retained in each final model was chosen to
maximise the R2 and to minimise the root mean square error prediction (RMSE). R2 is a
measure of goodness-of-fit that represents the level of explained variability of the model,
the remaining variation being attributed to random error. In contrast, RMSE measures the
differences between the predicted and measured values and quantifies the accuracy by com-
paring the prediction errors of different models. Therefore, the performance of the models
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was evaluated in terms of the R2 and the RMSE in the independent test set. Statistical tests
were performed using The Unscrambler X V9.7 (Camo Software, Oslo, Norway).

Several methods can be combined with PLS to obtain the most relevant subset of
bands that retain the most valuable information and with the smallest errors. Among
them is the competitive adaptive reweighted sampling method (CARS), which can select
the variables with large coefficients in a multivariate linear regression model (MLR), and
the successive projections algorithm (SPA) employs simple projection to select variables
with a minimum of collinearity. On the other hand, Uninformative Variable Elimination
(UVE) is a variable elimination method that is repeated as long as the RMSE of cross-
validation (RMSECV) decreases [26]. However, UVE removes uninformative variables,
not necessarily the most important ones, and may eliminate important variables if they
are highly correlated with other variables. VIP (Variable Importance in Projection) is a
popular method for variable selection in multivariate statistical models and detects small
changes in the data. VIP measures both correlation and contribution of variables to the
model based on the scores achieved and provides a variable importance ranking for model
interpretation [27]. Therefore, the wavelengths with the highest importance were selected
using this method. VIP scores are calculated as the weighted sum of squares as a product
of the variance explained by the model and give an estimate of the importance of each
variable (i.e., wavelength) in the latent variable model [28]. A VIP score higher than 1
was set to indicate essential bands [29]. This step was performed using the statistical
software ParLeS [30]. To obtain the minimum number of bands that maximises the result,
the evolution of the prediction success rate was studied as a function of the number of
selected bands. First, R2 was obtained using the band with the highest VIP score on the
independent test set. Then, models based on PLS-R were created iteratively, with one more
band being included in the model based on its VIP score and the R2 being obtained until a
maximum of 20 bands were acquired.

3. Results and Discussion
3.1. Foliar Nutrient Concentration

Table 2 shows the basic statistics obtained from ionomic analyses of all nutrients for
the leaves sampled during all the experiments. In addition, the results are highlighted for
the samples collected in July, as this month is stated as being one of the most suitable ones
for the foliar sampling of ‘Rojo Brillante’ persimmons for nutritional diagnosis. The values
obtained can be considered within the normal ranges for this crop in Valencia (Spain), with
the exception of the values of the concentrations of Zn and B, which showed values below
the reference values [1].

Table 2. Ionomic analysis of the persimmon leaves. Concentrations are expressed in g/100 g for
macronutrients (N, P, K, Ca, Mg, S and Na) and mg/kg for micronutrients (Fe, Zn, Mn, B and Cu)
based on the weight of dry matter.

Nutrient
Average

Cycle
Standard
Deviation

Coefficient
of Variation

July Cycle Range Std Bias KurtosisMin–Max Min–Max

N 1.74 0.39 0.22 1.62–2.30 1.06–2.82 1.75 2.48 1.09
P 0.11 0.06 0.55 0.13–0.30 0.04–0.30 0.26 8.87 5.6
K 1.94 0.53 0.28 1.08–2.30 0.83–2.96 2.13 0.71 2.53
Ca 2.7 1.41 0.52 0.30–2.11 0.30–6.52 6.22 0.81 0.17
Mg 0.5 0.2 0.39 0.17–0.58 0.17–0.95 0.78 0.68 1.26
S 0.18 0.04 0.21 0.20–0.25 0.11–0.29 0.18 1.94 1.41

Na 0.01 0.01 0.79 0.01–0.06 0.005–0.06 0.07 5.73 4.16
Fe 39.52 15.45 0.39 31.00–69.00 13.22–81.77 68.54 3.36 1.36
Zn 6.62 2.91 0.44 4.00–14.00 2.02–15.68 13.66 3.79 0.32
Mn 181.07 72.92 0.4 32.00–118.00 32.81–295.02 262.21 2.66 2.27
B 48.76 22.89 0.47 12.00–26.00 12.18–102.10 89.92 0.06 2.49

Cu 3.48 1.53 0.44 4.00–9.00 1.33–8.97 7.64 5.07 1.80
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3.2. Predictive Analyses

Table 3 shows the results of the PLS-R models acquired for each nutrient using the best
pre-processing technique. The best result for the test set was achieved for the prediction of
N (R2 = 0.80) using MC + 1D pre-treatments, with an RMSEP of 0.16. Additionally, for K
(R2 = 0.66) and P (R2 = 0.62), relatively good values were obtained with low RMSEP values.
The best prediction for P was achieved using raw spectra, while the best performance for K
was achieved using MC.

Table 3. Comparative statistics for the calibration, cross-validation and test sets of the model gener-
ated by PLS-R for essential nutrients using all wavelengths.

Nutrient Pre-Treatment LV
Calibration Cross-Validation Test

RMSEC R2 RMSECV R2 RMSEP R2

N MC + 1D 6 0.14 0.84 0.14 0.83 0.16 0.80
P Raw spectra 5 0.01 0.69 0.01 0.68 0.01 0.62
K Mean centre 10 0.88 0.68 0.90 0.64 0.83 0.67
Ca Raw spectra 12 0.68 0.65 0.73 0.60 0.77 0.54
Mg Raw spectra 11 0.11 0.65 0.11 0.60 0.12 0.58
S Raw spectra 12 0.03 0.45 0.03 0.37 0.03 0.37

Na Raw spectra 3 0.01 0.28 0.01 0.20 0.01 0.27
Fe Raw spectra 12 9.43 0.44 9.91 0.38 10.32 0.34
Zn Raw spectra 12 2.58 0.50 2.82 0.40 3.37 0.20
Mn MC + SNV 9 48.81 0.24 51.45 0.16 49.85 0.22
B MC 11 8.69 0.72 9.34 0.70 9.59 0.69

Cu MC + 1D 6 0.84 0.31 0.89 0.23 0.93 0.24

For micronutrients, B showed an R2 of 0.69, with a relatively low RMSEP. Other
nutrients, especially micronutrients, achieved poorer results, as was the case of Cu, Mn, Zn
and Na.

3.3. Selection of Optimal Wavelengths

The most important bands were selected for those nutrients with the highest results
(R2 > 0.65) in Table 3, which were N, K and B. A method based on the VIP scores was
used to select the most important bands to predict the concentration of these nutrients.
Figure 2 shows the bands with a VIP score higher than 1 for N (40 bands), K (32 bands) and
B (36 bands).

To select the minimum number of important bands capable of predicting the concen-
tration of each nutrient, successive models were created, starting with the single band with
the highest VIP score and increasing the number of bands iteratively. Figure 3 shows the R2

achieved for each number of bands used in the model. Considering the evolution of the R2,
the number of bands selected for N was set to 8, the number of bands for B was 11, while
for K, 17 bands were selected.

Table 4 shows the results achieved using only the selected variables. In general, the
results for N and B were slightly lower than those obtained using the entire spectrum, which
indicates that using only a small set of variables is enough to make accurate estimations.
The estimation of N using 8 bands out of 49 achieved an R2 of 0.76 and an RMSE of 0.18
for the test set in this case using MC as the pre-treatment, which is similar to that obtained
using the entire spectrum. Furthermore, B could also be modelled with the 11 wavelengths
selected, with an R2 of 0.61 and an RMSE of 10.42, which were achieved using MC. However,
for K, an R2 of only 0.43 was reached with the bands chosen, which is lower than that when
the whole spectrum is used, and therefore, it was considered that a reduced number of
bands could not be selected to make a relatively accurate prediction.
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Table 4. Results of PLS-R using the selected bands for N and B.

Nutrient Wavelengths (nm) Pre-Treatment * LV
Calibration Cross-Validation Test

RMSEC R2 RMSECV R2 RMSEP R2

N 620, 720, 760, 780,
880, 940, 950, 960 MC 3 0.16 0.79 0.17 0.77 0.18 0.76

B
730, 700, 670, 720,
740, 660, 850, 760,

570, 800, 910
MC 5 10.12 0.62 10.27 0.62 10.42 0.61

* LV: latent variables.

3.4. Discussion

In this study, we tested the potential of reflectance spectroscopy to non-destructively
characterise nutrient prediction in plants. Specifically, the relevant points of this study were
to assess the use of hyperspectral images to detect and predict the concentration of nutrients
in persimmon leaves by developing models based on PLSR. Macro- and micronutrients
of persimmon leaves were assessed using Vis/NIR hyperspectral imaging using PLS-R to
obtain correlations with the concentrations determined by destructive ionomic analyses.
The best prediction was achieved for macronutrients. Specifically, this was achieved using
the MC + 1D pre-treatment for N, with R2 = 0.80 in the test set. These results are consistent
with those of other studies that achieved similar coefficients or determination for the
estimation of N content in other woody crops [31] using PLS-R. Ye et al. [32] obtained
an R2 of 0.77 for predicting the N content in apple leaves using hyperspectral imaging
and PLS-R. Additionally, Malmir et al. [33] obtained an R2 of 0.76 for predicting N and P
contents in cacao leaves, while Zhang et al. [14] reported an R2 of 0.71 for rapeseed in the
380–1030 nm range.
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A good estimation model was obtained in the test set with an R2 = 0.68 and a relatively
low RMSE, which is similar to Abenina et al. [34], who obtained an R2 = 0.67 for peach
leaves. Zhang et al. [14] predicted the K content in fresh rapeseed leaves with an R2 = 0.75.
In addition, the results are superior to those obtained by Malmir et al. [33] in cacao leaves,
only reaching an R2 = 0.35 in CV using both the whole spectrum and selected wavelengths.
The PLS-R model developed for Ca only reached an R2 of 0.54 and RMSE = 0.77. However,
they obtained a better result for cacao leaves with a higher accuracy of R2 = 0.76 using CV.
For S and Na, the PLS-R performed worse with R2 = 0.37 and 0.27, respectively.

Regarding micronutrients, the B content was the best predicted one, with R2 = 0.69 and
RMSE of 9.59. Similar results were found by de Oliveira and Santana [35], who achieved
an R2 of 0.68 in the 500–790 nm range for eucalyptus leaves. For the other micronutrients,
the predictive capacity was lower (R2 < 0.34). This could be due to several reasons, such as
the relatively low concentration of micronutrients that could be due to the sensitivity of
the equipment used, the low variation range of some micronutrients such as Cu or Zn, or
that other spectral ranges must be used to detect these elements. Pandey et al. [9] obtained
better results, but in the range from 550 to 1700 nm. However, the results were lower than
they were, for macronutrients.

De Silva et al. [36] reported better results for Cu, Mn and Zn, while they were similar
for Na. However, their results are very different between CV and P sets. In some cases,
especially for micronutrients, the results achieved using leave-one-out (LOO) CV were
much lower than those achieved using the prediction set, and this fact is not explained
considering that LOO-CV uses the whole dataset for model fitting, so the expected results
should be, at least, similar. Moreover, this work was conducted on macadamia, where
the concentration of some micronutrients is very different from that of persimmons. For
instance, the concentrations found for Cu in our study varied from 3 to 9 mg/kg, while,
in the study on macadamia, the concentrations varied from 3 to 62 mg/kg, which could
explain to achieve better correlations. The same happens with the other micronutrients.
Moreover, the RMSE values were relatively large, while the RPD was relatively low. Oliveira
and Santana [35] achieved better results, who obtained R2 values for eucalyptus leaves of
0.78, 0.79, and 0.31 for Cu, Mn and Zn, respectively. However, only results using CV and
not any independent test set were provided, and the RMSE is not shown. As in the case
of [35], the concentrations found for micronutrients were much larger in eucalyptus than
they were in persimmons. For example, in the case of Mn, the values of the eucalyptus
leaves ranged from 288 to 4096 mg/kg, while in persimmons, they were between 32 and
295 mg/kg.

The selection of the important bands performed for the nutrients with the highest R2

gave similar results for N and B. However, no selection was possible for K. So, in general,
the entire spectrum is needed to achieve the best performance of this technique.

Hyperspectral imaging has limitations for its use in the open field regarding other
spectral methods such as portable spectrophotometers or specific devices such as chloro-
phyll meters. However, they also have several advantages, such as the possibility of being
transported on agricultural vehicles or robots to collect images from entire plants and give
precise diagnostics of the plot. Therefore, further work is needed to transfer the proposed
approach from the laboratory settings to protected agrosystems and open field conditions,
which is essential for the practical application of this technology [37,38].

4. Conclusions

The nutrient concentration in persimmon leaves was estimated by Vis/NIR hyper-
spectral imaging in the 500 to 980 nm range using partial least squares regression. The
macronutrients studied included N, P, K, Ca, Mg, Na and S, while the microelements were
Fe, Cu, Mn, Zn and B. The elements that achieved a satisfactory level of prediction were N,
P, K and B in all cases with an R2 higher than 0.62.

Using a method based on the VIP scores, a selection of essential wavelengths was
carried out for the nutrients that achieved predictions with an R2 higher than 0.65, which
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were N, K and B. Initially, bands with a VIP score greater than one were selected. However,
this resulted in the selection of too many bands; so, models were made to calculate the R2,
starting with only the wavelength with the highest VIP score and successively adding the
rest of the bands with the highest VIP scores. Based on the R2 achieved, a total of 8, 11 and
17 bands were selected for N, B and K, respectively. However, in the case of K, the results
indicated that the entire spectrum was necessary to make more accurate predictions.

The results indicate that a non-destructive technique such as Vis/NIR hyperspectral
imaging is a promising alternative for nutritional diagnostics of persimmon leaves under
laboratory conditions as a preliminary step to performing nutritional diagnostics in the
field. This would be the first work on persimmon cultivation using hyperspectral imaging
technology to predict nutrients. It is confirmed that reflectance spectroscopy can success-
fully characterise nutrient determination and provide detailed information on each nutrient
of interest for plant performance.
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