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Abstract: Monitoring grape nutrient status, from flowering to veraison, is important for viticulturists
when implementing vineyard management strategies, in order to produce quality wines. However,
traditional methods for measuring nutrient elements incur high labour costs. The aim of this study is
to explore the potential of predicting grapevine leaf blade nutrient concentration based on hyper-
spectral data. Leaf blades were collected at two Pinot Noir commercial vineyards at Martinborough,
New Zealand. The leaf blade spectral data were obtained with a handheld spectroradiometer, to
evaluate surface reflectance and derivative spectra in the spectrum range between 400 and 2400 nm.
Afterwards, leaf blades nutrient concentrations (N, P, K, Ca, and Mg) were measured, and their
relationships with the hyperspectral data were modelled by machine learning models; partial least
squares regression (PLSR), random forest regression (RFR), and support vector regression (SVR) were
used. Pearson correlation and recursive feature elimination, based on cross-validation, were used
as feature selection methods for RFR and SVR, to improve the model’s performance. The variable
importance score of PLSR, and permutation variable importance of RFR and SVR, were used to
determine the most sensitive wavelengths, or spectral regions related to each biochemical variable.
The results showed that the best predictive performance for leaf blade N concentration was based on
PLSR to raw reflectance data (R2 = 0.66; RMSE = 0.15%). The combination of support vector regression
with the Pearson correlation selected method and second derivative reflectance provided a high
accuracy for K and Ca modelling (R2 = 0.7; RMSE = 0.06%; R2 = 0.62; RMSE = 0.11%, respectively).
However, the modelling performance for P and Mg, by different feature groups and variable selection
methods, was poor (R2 = 0.15; RMSE = 0.02%; R2 = 0.43; RMSE = 0.43%, respectively). Thus, a larger
dataset is needed for improving the prediction of P and Mg. The results indicated that for Pinot
Noir leaf blades, raw reflectance data had potential for the prediction of N concentration, while the
second-derivative spectra were more suitable to predict K and Ca. This study led to the provision of
rapid and non-destructive measurements of grapevine leaf nutrient status.

Keywords: spectroradiometer; proximal sensor; vineyard; nutrients; partial least squares regression;
random forest regression; support vector regression

1. Introduction

Wine grapes are a major horticultural crop in New Zealand, grown on over 41,000 ha [1].
Compared to most other horticultural crops, grapevines require lower nutrient input
during the growing stage [2]. However, inadequate nutrient inputs have a significant
effect on vine vigour and fruit set [3]. Nutrients play essential roles in the development
of grapevine photosynthesis processes and metabolic pathways [4]. Grapevines require
sixteen essential nutrients for healthy growth and performance. These are classified as
macro-, and micronutrients based on the quantity of the nutrient required by the crop.
Macro-nutrients include nitrogen (N), phosphorous (P), potassium (K), calcium (Ca), and
magnesium (Mg), and are essential elements that affect vine vigour, grape yield, and
quality [2,4,5]. For example, insufficient N results in low vigour and poor production,
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while too much N results in the reduction of fruit set and bud fertility. Vines deficient in P
generally display low vigour, poor bud initiation, and fruit set [6]. Deficiency of K in vines
has a negative effect on berry colour development for red varieties. In addition, excessive P
and K may limit the uptake of other elements, such as calcium, magnesium, and zinc [4].
Hence, maintaining these essential elements within a specific range is important to vine
growth and berry quality management [3,7].

A previous study has shown that grapevine nutrient status varies spatially in a single
block [8], which leads to variability in grape yield and quality across the vineyard. Currently,
the common methods of measuring grapevine nutrients are plant tissue (e.g., leaf blade) or
soil analysis [9]. The vine canopy uptake rate of each nutrient varies in time throughout
different growing stages [2,10]. The canopy uptake rate of each nutrient is normally at
its peak during flowering. Thus, the test laboratories in New Zealand recommend that
growers collect tissue samples at flowering, or just before flowering, to correct possible
nutritional problems for the current crop. However, tissue analysis in chemical laboratories
is expensive and time consuming. It is important to explore the possibility of using remote
sensors for monitor grapevine nutrients in a rapid and non-destructive way. The current
methods require growers to collect a large number of leaves or soil samples for destructive
tissue analysis, or chemical analysis, which is time consuming [11,12]. Most vineyards
in New Zealand use uniform drip irrigation, which causes variations in soil moisture,
root growth, and nutrient concentration [9]. Thus, soil analysis cannot give an accurate
indication of the nutrient status of an individual vine [9,13]. Typically, growers manually
collect many leaf blades and petioles from many vines and send them to a laboratory for
analysis, to represent the nutrient status of the entire vineyard block at both flowering
and veraison. This standard measurement cannot directly reflect the nutritional variability
status of the crop. During the flowering stage, the nutrients of grapes change rapidly, but
normal laboratory analysis can take two or three days. Thus, vineyard managers do not
have a direct and quick understanding of the state of grape nutrient status, and may miss
the best time to add fertilizers. In addition, the results of laboratory analysis are inadequate
to effectively map the spatial and temporal distribution of nutrient deficiencies, especially in
vineyard areas with high variations in soil or vine vigour [3]. This measurement provides
growers a reference to help guide their fertilizer management of the entire vineyard.
However, this strategy, which is based on such sparse data, may result in suboptimal
growth, and unnecessary leaching and runoff of nutrients [3]. In this context, sensors,
specifically proximal sensors, can provide a potentially promising method to monitor vine
nutrient status in a non-destructive and timely way.

Studies on remote sensing for monitoring plant and leaf nutritional status have made
significant advances, especially in estimating leaf N concentration [3,12,14]. Many stud-
ies utilized wavelengths in the visible (VIS) and near-infrared (NIR) regions related to
chlorophyll absorption, in order to estimate leaf nitrogen (N) status [15,16]. However, these
studies did not utilize the nitrogen absorption features of the shortwave infrared (SWIR)
regions. Reflectance responses of N in the SWIR spectrum are partially associated with
C-H, O-H, and N-H stretch [17]. Identifying the absorption features from the full spectrum
(350–2500 nm) may improve leaf N content predictions [14,18].

In addition, only a few systematic research reports on the monitoring of nutrients
other than N are published [12]. For example, phosphorus (P) is an important element
for plant growth, since it is related to photosynthesis, cell formation, division of living
cells, nucleic acids, and various enzymes [19]. One study found important associations
between the spectral regions of 540, 720, 740, and 850 nm with maize leaf P content during
the vegetation production and flowering stages [20]. However, in the VIS region, water
absorption can interfere with sensor response, which makes it difficult to determine the
most sensitive band for detection of leaf P [19]. The use of spectral reflectance at NIR
and SWIR regions to predict P can reduce the effect of water absorption and common
aerosols [21].
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Most studies on the estimation of plant P status by remote sensing mainly apply to
grasslands [19,22], field crops [20,21,23,24], and trees [25], while few studies have used
remote sensing to evaluate the leaf nutritional status of grapevine [3,5]. A recent study
focused on evaluating a large group of macronutrients (N, P, K, Ca, and Mg) and one
micronutrient (Boron), and found the optimal wavelengths to estimate grapevine leaf
nutrient content to be the spectral region between 400 and 2500 nm. Their method did not
return satisfactory results for these nutrients (leave-one-out cross-validation R2 < 0.50) [3].
They used canopy-level spectra from an unmanned aerial system (UAS) hyperspectral
imagery. The reflectance response at this stage was influenced by the structural trait,
atmosphere, soil, and cover crop [26]. In addition, it is difficult to identify the weaker
spectral responses of nutrients at the canopy scale, compared to the leaf scale spectra [27].
It is important to explore the possibility of using a handheld spectroradiometer to predict
grapevine leaf nutrient status at the leaf-level.

Potassium (K) is another key element for plant growth and performance, since it affects
cell electrochemical balance, osmotic adjustment, starch synthesis, sucrose translocation,
and the activity of many enzymes [28]. Some studies have evaluated the spectral response
of plant K changes, including studies of wheat [21,24], rice [29], and grasslands [30]. Many
studies indicated that the spectral reflectance at the SWIR region is significant, and is
associated with crop canopy K status [24,30]. Some studies have also found that the
spectral region which most closely relates to crop K content at the leaf scale is at the
NIR (780–1300 nm) region [31]. For the study on grapevine potassium change based on
hyperspectral data, one study found that K deficiency in grapevine leaves can be effectively
evaluated based on the variation index at the NIR region [5].

There is a gap in the knowledge, in terms of macronutrient (N, P, K, Ca, and Mg)
prediction by handheld spectrometers at the grapevine leaf-level, that needs to be explored
by new research. Few research studies have been conducted to examine the possibilities of
achieving this outcome. Handheld full spectrum (350–2500 nm) spectroradiometers provide
a more comprehensive relationship between spectral information and target parameters,
than multi spectral sensors and vegetative indices. The aim of this study is (a) to build
regression models from the different hyperspectral data (raw and derivative pre-processing
reflectance), in order to model different biochemical variables based on the models’ accuracy,
and (b) to determine the sensitive bands or spectral regions related to each biochemical
variable.

2. Methodology
2.1. Research Sites

The data were collected from two commercial vineyards located in Martinborough, in
the middle of New Zealand (Figure 1). The vineyards are owned by the Palliser Estate, and
are named Wharekauhau and Pencarrow. The experimental sites in these two vineyards are
3.31 and 7.51 ha, with the grape variety of Pinot Noir grafted on rootstock 101-14 in 1998
and 2000, respectively. The row and vine spacings were 2.2 and 1.7 m for Wharekauhau,
and 2.2 and 1.8 m for Pencarrow, respectively (Figure 2). The vines used in this study were
trained with two-cane vertical shoot positioning. The topsoil and subsoil of both vineyards
contain silt and clay textures, which have moderate soil water holding capacity. The trials
reported in this study took place a week before flowering (at the end of November) to
match the vineyard nutrient management strategy.
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2.2. Sampling Plan and Chemical Analysis

Data were collected from 274 individual vines in the study area, consisting of 118 vines
from Wharekauhau and 156 vines from Pencarrow, shown in Figure 2. For each vine, two
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leaves were collected opposite the basal cluster on each fruiting shoot [9]. Once leaves had
been collected, the leaf blades were separated from the petiole immediately and placed in
a labelled paper bag. When all the blades were collected, they were immediately sent to
Massey University’s Analytical Chemistry Laboratory, and were frozen at −18 ◦C until
they were subjected to the laboratory analysis.

Immediately after hyperspectral reflectance data were recorded, leaf blades were
oven dried at 60 ◦C until the sample weight stabilized, and then ground through a 1 mm
sieve. The dried samples were analysed at the Massey University’s Analytical Chemistry
Laboratory for standard tissue nutrient content (N, P, K, Ca, and Mg). Due to time and
resource constraints, only 85 vines were measured for K, Ca, and Mg concentration.

2.3. Acquisition of Spectral Data

After two days of sampling (unfortunately the sampling data is Friday, the hyper-
spectral measurements of the leaf blades can only be made on the following Monday),
hyperspectral data measurements from two collected leaf blades were taken from each
study vine. The measurements were conducted in the Massey Agri-Food Digital lab using
an ASD FieldSpec 4 Hi-Res NG Spectroradiometer (Malvern Panalytical Ltd., Malvern,
UK). The spectroradiometer provides controlled illumination by a leaf clip and contact
probe. The spectroradiometer is warmed up for 30 min prior to measurements. During
the measurement, a white panel ceramic referencing tile is used to calibrate and provide a
reference spectrum, after each of the three measurements are made on each leaf. The ratio of
the optical energy of the sample to that of the reference panel is used to calculate reflectance.
The sensor has a spectral range from 350 to 2500 nm, and has a sampling interval of 1.4 nm
between 350 and 1000 nm, and 1.1 nm between 1001 and 2500 nm. The spectral data were
interpolated to 1 nm spectral resolution, and included 2151 bands between 350 and 2500 nm.
The left and right sides of the adaxial surface of each leaf blade were measured separately.
Each point was measured three times, with a total of six readings collected per leaf blade.
The reflectance data in the regions less than 400 nm and greater than 2400 nm were removed
due to the signal noise. The remaining data were then exported as ASCII text files for each
spectral measurement using ViewSpec Pro 6.2 software (Analytical Spectral Devices, Inc.,
Boulder, CO, USA), and were then averaged to obtain the mean spectral wavelength for
each sampling vine.

2.4. Spectral Pre-Treatments

The raw reflectance data were transformed to first derivative (1D), second derivative
(2D), and vegetation indices (VI), which aims to reduce noise and eliminate insignificant
signals in the spectra. The derivative pre-processing is a common method for modelling
spectral data, as it can enhance the absorption features over the spectrum, and eliminate the
signal noise. Many studies have discussed the promising results of predicting leaf nutrient
status based on a spectral derivative pre-processing technique [32,33]. These pre-processing
procedures were conducted using the “prospectr” package in R statistical software (R Core
Team, version 4.2.2), with a derivative gap of 3 [34].

Vegetation indices are widely used in predicting leaf nutrient content. These indices
are computed using the reflectance at certain wavelengths, which are sensitive to target
parameters. However, these indices, which are calibrated from various datasets, utilize
only specific regions of the spectrum, and may not be suitable for all datasets. The common
vegetation indices used for leaf nutrient prediction are shown in Table 1. These indices
are calculated for the purpose of comparing vine leaf nutrient estimation fitted with multi-
variable hyperspectral data, and univariable vegetation indices. The raw reflectance and
derivative transformation data are used as inputs in machine learning models, including
partial least square regression, random forest regression, and support vector regression,
and the VIs are used as univariable input based on ordinary linear regression.
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2.5. Data Analysis

A summary statistical analysis, of minimum, maximum, mean, standard deviation
(SD), and coefficient of variation (CV), was calculated for different biochemical variables
from the laboratory chemical analysis of the leaf blades. This was important to explore the
nutritional conditions of Pinot Noir leaf blades during the study period, and the possible
methods for analysis.

The dataset is divided into training and test sets, for measuring prediction accuracy.
The training set consists of 70% of the data for training and optimizing model hyperpa-
rameters. The test set consists of the remaining 30% of the data for estimating the model
prediction accuracy and error. In this study, the dataset was stratified and split based on
the distribution of each variable, to ensure that both training and test sets were adequately
represented within the whole sample population for each measurement. The splitting
process was undertaken using the “rsample” package in R statistical software (R Core Team,
version 4.2.2) [35]. Tenfold cross-validation for hyperparameter tuning was implemented
in the training sets. The training sets were randomly divided into ten subsets of equal size
for each iteration. In this context, 90% of the training set made up the new training set to
tune the hyperparameters, while the remaining set served as the validation set to evaluate
performance and compute the root mean squared error (RMSE). Subsequently, calculating
the average performance of the algorithm, and then the suitable hyperparameter is chosen.
The test dataset was only used to evaluate model performance. The prediction metrics to
evaluate the model performance were the coefficient of determination (R2) and root mean
squared error (RMSE). Then, a scatter plot was constructed to ascertain the relationship
between the test data and the predicted data.

Table 1. The common vegetation indices used in predicting plant nutrient status.

Vegetation Indices Acronym Formula Reference

Normalized difference vegetation index NDVI (R860 − R650)/(R860 + R650) [36]
Modified Normalized Difference Vegetation

Index mNDVI (R775 − R670)/(R775 + R670) [37]

Renormalized Difference Vegetation Index RDVI (R800 − R670)/((R800 + R670) × 0.5 [38]
Green Normalized Difference Vegetation

Index GNDVI (R860 − R550)/(R860 + R550) [39]

Chlorophyll Absorption Reflectance Index CARI [(R700 − R670) − 0.2 × (R700 − R550)] [40]
Chlorophyll Indices Clgreen (R730/R530) – 1 [41]

Normalized Difference Red-Edge NDRE (R790 − R720)/(R790 + R720) [40]
Plant cell density index PCD R860/R650 [42]

Normalized index (870, 1450) N_870_1450 (R870 – R1450)/(R870 + R1450) [24]
Normalized index (1645, 1715) N_1645_1715 (R1645 – R1715)/(R1645 + R1715) [24]

Modified anthocyanin reflectance index mARI (1/R550 − 1/R700) × R780 [43]
Carotenoid reflectance index CRI-1 (1/R515 − 1/R565) × R790 [43]

Photochemical reflectance index PRI (R531 − R570)/(R531 + R570) [44]

Normalized difference lignin index NDLI (log(1/R1754)) − log(1/R1680))/(log(1/R1754) +
log(1/R1680)) [45]

2.6. Variable Selection

The hyperspectral reflectance data in this study is a high dimensional data set. Using
the full set may result in overfitting and low accuracy of the machine learning model. In this
study, hierarchical clustering, Pearson correlation, and recursive feature elimination based
on cross-validation were chosen for variable selection of raw and derivative reflectance
spectrum data.

2.6.1. Hierarchical Clustering

Hierarchical clustering was chosen in this study because it can reduce the number of
redundant features, and mitigate the multicollinearity. In this study, the cluster was based
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on Euclidean distance using complete linkage clustering. The predictor variables were
chosen, taking one variable from each cluster. The height of the cut to the dendrogram was
set to 25. This reduced the number of bands for subsequent use in the variable selection
method. In order to compare the influence of hierarchical clustering on regression model
performance, the full set of predictor variables was also used in the following variable
selection method.

2.6.2. Pearson Correlation

Pearson correlation is a measure of the linear relationship of 2 or more variables. In
this study, it was used to determine the correlation between responses (N, P, K, Ca, and
Mg) and predictor variables (the reflectance at each wavelength). Pearson correlation
required the variables to have a normal distribution. The values of Pearson correlation
coefficients range from +1 to −1. The closer to ±1, the stronger the linear relationship.
Correlations between N and predictor variables with Pearson coefficients smaller than 0.4
were discarded. Furthermore, due to the low correlation between P, K, Ca, and Mg and
predictor variables, Pearson coefficients higher than 0.2 were selected as input variables to
predict other biochemical variables. This correlation was implemented using the “HiClimR”
package in R statistical software (R Core Team, version 4.2.2) [46].

2.6.3. Recursive Feature Elimination Based on Cross-Validation (RFECV)

RFECV is a wrapper feature selection method, and aims to select features by recursively
considering smaller and smaller sets of features. In each iteration, it identifies the weakest
feature, and the model is reconstructed using the remaining variables, until the specified
number of features is reached. To determine the optimal number of features, 10-fold cross-
validation is used with RFE to select the best number of variables, according to the Root
Mean Square Error (RMSE). Due to the computational capacity, the number of features that
should be retained in the updated model was set to 1:5, 10, 20, 40, 80, 160, 320, 640, 1280,
and 2000 features. This step was implemented using the “caret” package in R statistical
software (R Core Team, version 4.2.2) for RFR and SVR.

2.7. Machine Learning Models

To estimate different biochemical variables from hyperspectral reflectance, the follow-
ing standard machine learning algorithms were applied: partial least squares regression
(PLSR), random forest regression (RFR), and support vector regression (SVR). The re-
gression modelling analysis was implemented using the “pls” and “caret” packages in R
statistical software (R Core Team, version 4.2.2) [47,48]. In respect to the configuration of
each algorithm, the tuned hyperparameters of the methods used were set to the package
default values, except those described in Table 2. The hyperparameter tuning was based
on the 10-fold cross-validation method. The optimized hyperparameters resulted in the
models with the lowest RMSE values. These parameters were then used for later evalua-
tion of model performance on the test set. In addition, the contribution of each spectral
wavelength to the best performance machine learning model was computed by variable
importance score for PLSR, and permutation variable importance for RFR and SVR.

Table 2. The tuned hyperparameters and their criteria for each regression model.

Algorithm Hyperparameter Criteria

Patrial least squares regression Number of components 1:20

Random forest regression
Number of trees 250, 500, 750, 1000

Number of variables to be
considered for the best split

0.05, 0.15, 0.25, 0.33, 0.4 ×
feature numbers

Number of depths of the tree 1, 3, 5, 10
Support vector regression Kernel function Radial basis kernel
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3. Results
3.1. Biochemical Variables

The descriptive statistics of the measured biochemical variables for the dataset (vine
leaf mineral content before flowering) stage are presented in Table 3. The data of biochemi-
cal variables were measured separately for each vine leaf in the laboratory, after recording
spectral data. The vine nutrient concentration ranged from 0.97 to 2.5% for N, 0.11 to 0.23%
for P, 0.45 to 0.82% for K, 0.53 to 1.45% for Ca, and 0.1 to 0.22% for Mg. The concentration of
Ca in collected leaf samples differed greatly, with a coefficient of variation (CV) of 19.14%.
Lower variations of N, P, K, and Mg occurred in collected samples, with CV values of 14.12,
12.5, 12.7, and 12.5%, respectively. Analysis has shown that N P, K, Ca, and Mg presented a
uniform distribution. The density histogram in Figure 3 shows the distribution of vine leaf
nutrient concentrations values, and the class number was determined by the square root of
the total sample number.
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Table 3. Descriptive statistics of vine leaf nutrient concentration.

Biochemical Variables Minimum-Maximum Mean ± SD CV

N (%/DW) 0.97–2.5 1.77 ± 0.25 14.12
P (%/DW) 0.11–0.23 0.16 ± 0.02 12.5
K (%/DW) 0.45–0.82 0.63 ± 0.08 12.7
Ca (%/DW) 0.53–1.45 0.94 ± 0.18 19.14
Mg (%/DW) 0.1–0.22 0.16 ± 0.02 12.5

Notes: “DW” refers to the dry weight; “CV” refers to coefficient of variation; “SD” refers to standard deviation.

The correlation between biochemical variables is shown Figure 4. Concentrations of
N and P correlated significantly and positively (r = 0.58, p < 0.01). Mg concentration was
significantly positive with Ca concentration (r = 0.54, p < 0.01). Lower correlation coefficient
values between other biochemical variables are favourable for isolating the nutrient from
the sensitive wavelengths [21].
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3.2. Spectral Analysis

Figure 5 shows the raw reflectance spectra of the typical spectral reflectance curve
of grapevines. Strong absorption regions at 450 (blue) and 670 nm (red) are from strong
chlorophyll absorption and moderate reflectance in green light, strong reflectance between
700 and 1300 nm (NIR region) is due to the healthy internal structure of plant leaves, and
strong absorption at around 1450 and 1900 nm (SWIR region) is due to water absorption.
Differences in reflectance and absorption between collected samples at specific wavelengths
across VIS, NIR, and SWIR regions will have the potential to predict different biochem-
ical variables for each observation. The numeric derivative pre-processing reflectance
spectra may also be potentially related to the vine nutrient status. For example, 400–800,
1000, 1300–1500, and 1700–1900 nm for the first derivative reflectance, as well as 400–700,
1000–1200, 1300–1500, and 1800–2000 nm for the second derivative reflectance (Figure 5b,c).
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derivative reflectance (c). Each color represents an individual sample spectrum.

3.3. Prediction Accuracy

The best results of the machine learning algorithms, between the different feature
groups and variable selection methods, are shown in Table 4. The prediction accuracy
evaluation of test datasets is based on R2 and RMSE. The model with the highest value
of R2, along with the lowest value of RMSE, was chosen as the best performance model.
The best modelling performance of N is PLSR trained with raw reflectance data, with the
highest R2 (0.66) and lowest RMSE (0.15%). The modelling performance of P and Mg by
different feature groups and variable selection methods is poor, as no model returns a
high R2 (R2 = 0.15; R2 = 0.43, respectively). The highest values of R2 between laboratory
measured values and predicted values of K concentration occur from SVR, based on the
Pearson correlation selection variable and second derivative data (R2 = 0.7, RMSE = 0.06%).
SVR trained with the second derivative data based on the Pearson correlation selection
method also results in the best performance of predicting Ca (R2 = 0.62, RMSE = 0.11%).
Compared with the raw reflectance data, the derivative pre-processing can improve the
model performance. Excluding N, the modelling accuracy of other biochemical variables by
vegetation index is poor, as most of the vegetation indices resulted in modelling with R2 of
less than 0.5 (Table 4). To ascertain the relationship between the best predicted values and
the actual values, their regression values are plotted (Figure 6). Most biochemical variables,
including N, P, Ca, and Mg, show a closer resemblance with a 1:1 relationship. However,
Figure 6c only shows moderate agreement of the predicted K concentration with the actual
concentration.
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Table 4. Best modelling performance on the test dataset between different spectral data transformation
methods.

Method N (n = 274) P (n = 274) K (n = 88) Ca (n = 88) Mg (n = 88)

PLSR
R2 0.66 0.12 0.06 0.38 0.07

RMSE 0.15 0.02 0.1 0.14 0.02

Data type Raw reflectance Raw reflectance Second derivative
reflectance

First derivative
reflectance

First derivative
reflectance

Variable source Full set Full set Full set Full set Full set
RFR
R2 0.6 0.13 0.35 0.51 0.26

RMSE 0.17 0.02 0.07 0.14 0.02

Data type Full set First derivative
reflectance

Second derivative
reflectance

Second derivative
reflectance

Second derivative
reflectance

Variable source
RFECV based on

hierarchical
clustering

RFECV Pearson correlation

Pearson correlation
based on

hierarchical
clustering

Pearson correlation

SVR
R2 0.62 0.15 0.7 0.62 0.43

RMSE 0.16 0.02 0.06 0.11 0.02

Data type Full set First derivative
reflectance

Second derivative
reflectance

Second derivative
reflectance

Second derivative
reflectance

Variable source
RFECV based on

hierarchical
clustering

Pearson correlation Pearson correlation Pearson correlation Pearson correlation

Linear regression
R2 0.58 0.13 0.2 0.2 0.19

RMSE 0.15 0.02 0.08 0.14 0.02
Variable source CARI NDRE GNDVI GNDVI N_1645_1715

3.4. Contribution of Each Wavelength to the Algorithm

Figure 7 presents the variable importance for the best predicted model with the
highest accuracy on the test set. PLSR uses a variable importance score. RFR and SVR use
permutation variables for importance. This used PLSR to compute variable importance
for N for raw reflectance, and used SVR to compute permutation variable importance
for the remaining biochemical variables, with Pearson correlation selected variables from
derivative reflectance data. This computation was based on the training set, and it can
show the contribution of each wavelength to the algorithms’ performance.

The variable importance (VIP) value for the PLSR model for N shows that the
electromagnetic spectrum contributed more at around 400–440, 515–615, 690–720, and
1890–1990 nm (Figure 7a). The permutation importance of the SVR model, in respect to
P, with Pearson correlation selected variables from first derivative reflectance data, con-
centrated at around 980–1010, 1260–1290, 1675, 1790–1820, and 2150–2180 nm (Figure 7b).
The important regions of K, computed by SVR with Pearson correlation selected vari-
ables from second derivative reflectance data, are at around 410, 490–500, 1235–1240, 1500,
1700–1750, 1900–1950, 2130–2150, 2175–2180, 2330, and 2360 nm (Figure 7c). The important
second derivative Pearson correlation selected variables, computed based on SVR for Ca,
show high values at around 410–460, 800, 870, 960–980, 1200–1250, 1340–1350, 1650–1700,
1930–1950, 1970, and 2030 nm (Figure 7d). With SVR for Mg, the permutation importance
value with Pearson correlation selected variables from second derivative reflectance was
high at around 420, 470, 860–880, 930–960, 1180, 1720, and 1820–1840 nm (Figure 7e).
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Figure 6. Biochemical variable prediction comparison against laboratory chemical measurement for
the best algorithm’s results of N based on the PLSR model with the raw reflectance (a), P based on
the SVR model with Pearson correlation selected from 1D variables (b), K based on the SVR model
with Pearson correlation selected from 2D variables (c), Ca based on the SVR model with Pearson
correlation selected from 2D variables (d), and Mg based on the SVR model with Pearson correlation
selected from 2D variables (e). The blue line is the regression line, whilst the dotted line is the 1–1 line.
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Figure 7. The variable importance for N based on the PLSR model with the raw reflectance (a), P
based on the SVR model with Pearson correlation selected from 1D variables (b), K based on the
SVR model with Pearson correlation selected from 2D variables (c), Ca based on the SVR model with
Pearson correlation selected from 2D variables (d), and Mg based on the SVR model with Pearson
correlation selected from 2D variables (e).

4. Discussion

A small dataset of essential grape nutrient concentrations (274 samples for N and
P; 88 samples for K, Ca, and Mg) from Pinot Noir cultivars, under uniform commercial
vineyard management strategy, were presented in this study. The study presents the
capability of non-destructive prediction of vine leaf biochemical variables using a handheld
hyperspectral spectroradiometer. In this study, in order for the training dataset to have
enough samples to train the regression model, the data of two vineyards are combined
to divide the training set and the test set. In future studies, data from more seasons and
more vineyards should be collected, to increase the size of the dataset and separate out
independent test sets, to make the machine learning models more compelling.



Remote Sens. 2023, 15, 1497 14 of 19

In this study, raw reflectance and their derivative transformations were used to predict
biochemical variables by machine learning models. The results showed good performance
in predicting levels of N, K, and Ca, with an R2 of 0.66, 0.7, and 0.62, respectively. Levels of
P and Mg were poorly represented, with an R2 of 0.15 and 0.43, respectively. A previous
study at grape canopy level demonstrated poor prediction performances for N (R2 = 0.44),
P (R2 = 0.34), K (R2 = 0.26), Ca (R2 = 0.33), Mg (R2 = 0.23), and Boron (R2 = 0.46) using
UAS hyperspectral imaging in the spectral region of 400–2500 nm [3]. It is more complex
and impractical to identify leaf nutrients at the canopy level using hyperspectral aerial
images [26], due to the effect on data of the atmosphere and inter-row vegetation. One
leaf-level study showed that macro- and micronutrient levels (N, P, K, Ca, Mg, S, Cu,
Fe, Mn, and Zn) in Valencia orange leaves can be successfully predicted using handheld
hyperspectral spectroradiometers in the spectral region of 380–1020 nm, with R2 above
0.6 for all nutrients [12]. In addition, previous leaf-level studies demonstrated that using
visible and near-infrared data can successfully predict winter wheat [49] and paddy rice [32]
leaf N status (R2 > 0.75), rice leaf K status (R2 = 0. 74) [50], cacao leaf Ca, P, and N status
(R2 > 0.73) [11], and citrus tree leaf N, K, Ca, Mg, Fe, and Zn status (R2 > 0.76) [51]. This
study failed to predict P and Mg in grapevine leaf blades. This might be attributed to the
fact that there was less variability of P and Mg concentrations in this experiment than in
other studies. Although the variability of K concentration was very low, a good predictive
ability for K was found using second derivative transformation data. The value range of K
concentrations was larger than that of P and Mg, which might explain the high prediction
performance. In addition, the high correlation between N–P, and Ca–Mg may also affect
the model performance. The higher cross-correlation between biochemical variables makes
it hard to isolate the impact of the biochemical variables on the evaluated wavelengths [24].
As a result, multiple correlated nutrient deficiencies may result in the similarity in the
spectral responses, and thus reduce the correlation between an individual biochemical
variable and the relevant spectral regions.

Previous studies have demonstrated that the visible and near-infrared spectrum is
most suitable for plant nutrient status estimation. Two studies have successfully predicted
the grape vine nutrient status, including chlorophyll content and nitrogen, using VIs from
remote sensing imagery [52,53]. This study suggested good performance by using the entire
spectrum to predict different nutrient elements by machine learning techniques, rather than
that of using VIs calculated from only two or three wavelengths (Table 4). Wei et al. [54],
who stated that regression models that use the entire wavelength spectrum to predict
grapevine water content are better than models that use vegetation indices, calculated from
reflectance at two or three wavelengths. However, this experiment did not explore all the
vegetation indices. In future studies, more combinations of vegetation indices, including
normalised index and simple ratio, should be selected to explore the relationship between
them and leaf nutrient concentration.

Spectral pre-processing can improve the regression modelling performance when pre-
dicting leaf nutrient status [12,33,55,56]. In this study, the model fitted using the derivative
transformation spectra data outperformed those regressed with the raw reflectance data
(Table 4). Derivative transformation is an important spectral pre-processing method, as
it allows for highlighted absorption features of the primary spectra to reduce the random
noise effect [55]. This study demonstrated a better relation of K and Ca when linked to
the SVR with second derivative reflectance, which can be related to the results reported
in the previous study [56]. The first derivative of the dataset was evaluated, but it does
not improve the modelling accuracy compared to models trained with raw reflectance
data. Thus, we suggest further research should continue to investigate the impact of other
spectral pre-processing methods, including first derivative transformation on predicting
biochemical variables.

Due to the high dimensionality of a hyperspectral dataset, the irrelevant information
in the dataset has a negative impact on the accuracy of prediction. Thus, the removal of less
informative variables is an important step to improve model performance [57]. The study
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showed that Pearson correlation works better, using second derivative reflectance as an
input variable in RFR and SVR models, to predict K and Ca. Compared with the Pearson
correlation selection method, RFECV does not improve the accuracy of the prediction.
One possible reason for the poor performance of the RFECV-based regression model is
that the number of features that should be retained in the updated regression model does
not continuously cover all input variables. Thus, the RFECV variable selection method
needs to be run on a computer with high computational capacity to improve the model
performance. Although hierarchical clustering reduces the multicollinearity of the data, it
does not improve the accuracy of most prediction models. The regression model based on
predictor variables, without hierarchical clustering, returns a good performance for K and
Ca. Multicollinearity has a negative impact on the interpretation of permutation variable
importance. Future studies should continue to explore more efficient solutions to mitigate
multicollinearity.

The machine learning models that were implemented in this study demonstrated good
performance for predicting levels of N, K, and Ca, but not for P and Mg. SVR is known to
handle high dimensionality data, and performed better in the dataset used when compared
with RF and PLSR in predicting P, K, Ca, and Mg [58]. SVR is a kernel-based method used
for modelling data in a non-linear manner. It has shown good performance in predicting
Mg and Na concentration for mangrove foliage [59]. PLSR can also reduce the high
dimensionality and multicollinearity down to a few independent variables. In this study,
PLSR has been shown to outperform SVR and RFR in predicting N, using the full spectrum
of untransformed variables. This is attributed to a linear relationship between N and
reflectance data. However, the performance of the PLSR model to predict other biochemical
variables was poorer than RFR and SVR. This is possibly due to the non-linear relationship
between input variables and biochemical variables. RFR was reported to show robustness in
predicting plant nutrients, by using high-dimensional hyperspectral data [12,60]. However,
in this study it had a low accuracy in the used dataset, compared with SVR. Regardless, a
framework with different machine learning algorithms is recommended when predicting
different biochemical variables, as no algorithm is universally applicable to different tasks.

The variable importance identifies the wavelengths and spectral regions which con-
tributed the most to predict each biochemical variable. This study suggests that the visible
and near-infrared spectrum provides the most important information for quantifying
grapevine N status during flowering, since the important raw reflectance wavebands
occurred between 400–440 nm, 515–615 nm, and 690–720 nm based on the VIP score
(Figure 7a). The wavelengths around these regions are generally associated with strong
absorption by chlorophyll-a, chlorophyll-b, and carotenoids. Previous studies have found
that using the chlorophyll absorption spectrum region can estimate the leaf nitrogen con-
tent, since N is the most important biochemical variable in chlorophylls [15,16]. In addition,
the important bands in the SWIR spectrum are 1890–1990 nm. Reflectance responses in
this SWIR spectrum are partially associated with O-H stretch, which are the prominent
bonds in starch [17,61]. The crop’s N status can affect the activities of starch metabolizing
enzymes [62]. However, this region overlaps with the water absorption band regions. If
using remote airborne or satellite spectra to predict leaf N status in the field, the reflectance
at 1890–1990 nm would be meaningless. When solar energy is used as a source illumination,
the radiance is largely absorbed by atmospheric water vapor before reaching the surface of
the plant.

The most sensitive bands for P data are determined to be between 1080 and 1090
nm. This is similar to the findings of Mahajan et al. [21], who proposed a new normalised
vegetation index, calculated from 1080 and 1480 nm wavelengths, to predict wheat P status
(Figure 7b). However, the low accuracy of the model predicting P in this paper may lead
to the removal of sensitive bands related to P. Future studies should consider reducing
the lower cross-correlation between biochemical variables, by designing different nutrient
treatments. For grapevine leaf K estimation, wavelengths of 410, 490–500, 1242, 1929, and
2362 nm are found to perform best in this study (Figure 7c). The 410 and 490–500 nm bands
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correspond to the blue band, which is related to photosynthesis. K plays a key role in the
process of photosynthesis and the tissue composition of plants [63]. It is also important
to consider that the strong water absorption of wavebands at 1242 nm and 1929 nm may
affect the ability to predict K when using these bands in field measurements [64]. However,
previous studies show that the spectral bands in rice, that are sensitive to leaf K status, are
mainly in the SWIR region (1300–2000 nm) [24,50]. They attributed this finding to the effect
of K ions on leaf water content. A previous study, which used hyperspectral data to predict
the grape water status (GWS) in the same vineyard of this study, showed that the sensitive
bands for GWS in the SWIR spectrum include 2050–2370 nm [54]. This study also shows
that this region contributed the most in predicting leaf K concentration.

For leaf Ca estimation in grapevines, wavelengths of 440, 458, 893, 984, 1204, 1246,
and 1350 nm are found to perform best (Figure 7d). For leaf Mg estimation in grapevine,
wavelengths of 421, 470, 859, 947, 961, 984, 1193, 1483, 1706, and 1820–1830 nm are found
to perform best (Figure 7e). The sensitive spectral regions selected for the Ca and Mg
models coincide highly in the visible and near-infrared region. This could be attributed to
the high cross-relationship between Ca and Mg in this study. In the SWIR spectrum, the
sensitive bands in this study coincide with the water absorption bands (1400 and 1940 nm).
The effects of atmospheric absorption and water absorption at this band should also be
considered when using unmanned aerial vehicles or satellite measurements in the field for
these elements. It is worth noting that in this study, spectral measurement of the leaf blades
was carried out after they were frozen, which may affect the hyperspectral reflectance
spectrum [65]. Freezing temperatures may change the pigment contents of the leaf and
leaf surface structure, thus affecting leaf optical features. Further study should continue to
explore the relationship between grapevine leaf nutrients and the spectra response at the
leaf-level, based on in-field hyperspectral measurement.

5. Conclusions

This paper explores the relationship between biochemical variables and hyperspectral
reflectance (400–2400 nm) at the leaf-level, collected before flowering, from two commercial
vineyards, using machine learning techniques. The PLSR method was able to return good
predictions (R2 = 0.66; RMSE = 0.15%) for the N variable. The SVR method provided good
model performance for K and Ca (R2 = 0.7; RMSE = 0.06%; R2 = 0.62; RMSE = 0.11%,
respectively). However, the regression model performance for P and Mg were relatively
low (R2 = 0.15; RMSE =0.02%; R2 = 0.43; RMSE = 0.43%, respectively), thus indicating that
a larger dataset or alternative methods are necessary in future studies. In addition, the
result revealed that the machine learning models based on raw reflectance or derivative
transformation data outperform linear regression using traditional vegetation indices.
Another result showed that the Pearson correlation selected method, with derivative pre-
processing spectral data, was more suitable to model most nutrients. This study also
identified the sensitive bands most responsible for the prediction. Further study should
be explored with new data collected from different growing stages and years, to validate
these informative bands for grapevine nutrient monitoring. This study has proven the
potential for a rapid and non-destructive determination of biochemicals in grapevine using
a hand-held spectroradiometer.
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