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A B S T R A C T   

Conventional methods to access plant physiological traits are based on destructive measurements by means of 
biochemical extraction or leaf clipping, thereby limiting the throughput capability. With advances in hyper
spectral imaging sensor, fast, non-invasive and non-destructive measurements of a plant’s physiological status 
became feasible. In this work, a non-destructive method for the characterization of a plant’s status from 
hyperspectral images is presented. A supervised data-driven method based on Machine Learning Regression 
(MLR) algorithms was developed to generate prediction models of four targeted physiological traits: water po
tential, effective quantum yield of photosystem II, transpiration rate and stomatal conductance. Standard Normal 
Variate (SNV) transformed reflectance spectra were used as the input variables for building the regression model. 
Three MLR algorithms: Gaussian Process Regression (GPR), Kernel Ridge Regression (KRR), and Partial Least 
Squares Regression (PLSR) were explored as candidate methods for building the prediction model of the targeted 
physiological traits. Validation results show that the non-linear prediction models, developed based on the GPR 
algorithm produced the best estimation accuracy on all plant traits. The best prediction models were applied to a 
small-scale phenotyping experiment to study drought stress responses in maize plants. Results show that all 
estimated traits revealed a significant difference between plants under drought stress and normal growth dy
namics as early as after 3 days of drought induction.   

1. Introduction 

Plants initiate various morphological, biochemical, and complex 
physiological changes to respond to water deficit stress. In term of 
physiological response, it usually linked to the changes in hydraulic 
system, turgor pressure, water potential and stomatal opening, which 
consequently affect transpiration, photosynthetic activity and other 
important physiological processes (Farooq et al., 2012). Assessment of 
psychological traits that limit the plant’s productivity due to water 
deficit and the mechanism of drought tolerance will be crucial to ensure 
yield stability in a changing climate (Abid et al., 2018). However, in 
general, this assessment is difficult to realize due to the lack of a simple, 
rapid and repeatable large-scale screening protocol. For instance, the 
measurement of water potential by destructive sampling is laborious 
and time-consuming, which consequently reduces the phenotyping 

throughput rate. 
Hyperspectral sensing is a promising method to realize non- 

destructive and rapid high-throughput phenotyping. A considerable 
amount of research has been performed to explore the potential of 
hyperspectral sensing in plant phenotyping studies such as in physio
logical and biochemical trait estimation (Silva-Perez et al., 2018; Sun 
et al., 2019; Feng et al., 2020; Cotrozzi et al., 2020), water stress 
tolerance (Gerhards et al., 2016; Rehman et al., 2020) plant disease 
detection (Kuska et al., 2015; Wahabzada et al., 2016) and biomass and 
yield estimation (Li et al., 2020; Yoosefzadeh-Najafabadi et al., 2021). 
These works demonstrated that the analysis of the reflectance spectra is 
promising method for the rapid assessment of multiple plant traits. 

The interaction of light with plants differs according to the light 
frequencies, which are mainly expressed in three regions of the spectrum 
(Jacquemoud et al., 1996): the visible light (400–700 nm), near-infrared 
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(NIR) region (700–1100 nm), and the short-wave infrared (SWIR) region 
(1200–2500 nm). Variations in the leaf optical properties of the reflec
tance spectrum are linked to specific modification in the structural and 
biochemical elements of leaves (Jacquemoud and Ustin, 2001). In the 
visible region, the spectral profile is mainly affected by the leaf pigments 
that are related to the photosynthetic activity such as chlorophylls, ca
rotenoids, and anthocyanin (Feret et al., 2008). In the NIR part, the 
reflectance is influenced by the scattering of light within the leaf, which 
depends on anatomical traits such as the mesophyll thickness and den
sity, and stomata structure (Ustin and Jacquemoud, 2020), while in 
SWIR region, the reflectance is dominated by water absorption and dry 
matter (Jacquemoud and Baret, 1990). 

Recent studies have demonstrated the potential of hyperspectral 
sensing for quantifying the effective quantum yield (Jia et al., 2019), 
water potential (Gonzalez-Dugo et al., 2015; Tosin et al., 2021), sto
matal conductance (Jarolmasjed et al., 2018; Vitrack-Tamam et al., 
2020), and transpiration rate (Marino et al., 2014; Weksler et al., 2020). 
Analysis of quantum yield of photosystem II (PSII) has been used in 
water deficit studies in various plants (Shahenshah, 2010; Ni et al., 
2015; Yuan et al., 2016) to understand the photosynthetic behavior of 
plants. The effect of water deficiency often causes a change in the con
centrations of the leave pigments leading to changes in the normal 
photosynthetic activities of the plants. Additional physiological re
sponses to water deficit conditions are the degradation in water poten
tial and turgor, stomatal closure, which will reduce transpiration and 
limit gas exchange (Farooq et al., 2012). Reduction in water potential 
induces stomatal closure when the guard cells surrounding the stomata 
lose turgor and close the opening, thus reducing stomatal conductance. 
Reduction in stomatal conductance prevents a further decrease in water 
potential and subsequently lowers the transpiration rate (Jones, 1998). 
These physiological traits can be related to the modifications in the leaf 
internal structure or cell wall composition (Peñuelas et al., 1994), which 
consequently alter the spectral reflectance (Liu et al., 2004; Tilling et al., 
2007). 

Retrieval of plant traits from the reflectance spectra has often been 
achieved through physically-based model inversion (Sun et al., 2018; 
Shiklomanov et al., 2016; Ali et al., 2016). The inferences made from the 
retrieval model are generally based on the accepted knowledge of cause- 
effect relationships embedded in Radiative Transfer Models (RTMs) 
(Verrelst et al., 2015). In RTM inversion, plant traits such as dry matter, 
water, and chlorophyll concentration were predicted using optimization 
techniques and look-up-tables. However, a common problem of this 
method is the difficulty to handle a situation when similar spectra 
correspond to multiple combinations of vegetation properties (Combal 
et al., 2003). Moreover, since all RTMs are defined in terms of reflec
tance spectra, reflectance data that are transformed by any spectral 
correction method into a different domain cannot directly be applied for 
model inversion. This method also lacks flexibility, since the model 
inversion is limited to only the plant traits that define the RTMs, 
therefore any vegetation property which was not embedded in the 
physical model cannot be retrieved. 

Alternatively, estimation of plant traits from the reflectance spectra 
using Machine Learning Regression (MLR) technique is more flexible 
due to its capability to generate adaptive input–output relationships 
(Rapaport et al., 2015; Verrelst et al., 2015). Some previous studies have 
applied Partial Least Squares Regression (PLSR) to develop a relation
ship between the spectral input and the plant biophysical traits (Ge 
et al., 2016; Yeh et al., 2016; Weber et al., 2012; Vigneau et al., 2011; 
Mo et al., 2015; Rapaport et al., 2015; Nguyen and Lee, 2006). This 
algorithm has gained popularity, as it can deal with the collinearity 
problem of the high dimensional input variables. Additionally, it per
forms well, even if the observations are far lower than the predictors. 
Recently, Kernel Ridge Regression (KRR) and Gaussian Process Regres
sion (GPR), both belonging to the family of non-linear regression 
methods based on kernels, gained interest in plant traits retrieval 
(Verrelst et al., 2012; Rivera-Caicedo et al., 2017; Verrelst et al., 2015). 

Typically, these two methods utilize a kernel-induced feature mapping 
to cope with non-linear relationships between the biological traits and 
the observed hyperspectral dataset. These regression techniques have 
been successfully applied for retrieval of chlorophyll concentration, leaf 
area index and fractional vegetation cover (Van Wittenberghe et al., 
2014). 

In this work, the objective was to estimate physiological traits of 
plants from non-destructive close-range hyperspectral imaging. For this, 
plant trait estimation models were developed by exploring and vali
dating three recently used MLR algorithms: PLSR, KRR, and GPR. More 
specific goals were (i) to estimate four targeted physiological traits: 
water potential, effective quantum yield of photosystem II, stomatal 
conductance and transpiration rate, and (ii) to apply the developed trait 
estimation models to a small-scale drought phenotyping study on maize. 

2. Materials and Methods 

2.1. Targeted Physiological Traits 

Physiological responses of plant to water stress are often linked with 
the modification in water potential, turgor, and stomatal conductance, 
resulting in reduced transpiration and photosynthetic rates, which will 
ultimately decrease the plant growth (Farooq et al., 2012). In this work, 
the following physiological traits were targeted because of their asso
ciation with drought stress responses: leaf water potential, stomatal 
conductance, transpiration rate, and effective quantum yield of PSII in 
the light-adapted state. 

Leaf water potential (ψ) is widely accepted as an important measure 
of a plants water status (Brodribb and Hill, 2000; Boyer, 1968; Elsayed 
et al., 2011). It is a physical parameter that describes the potential en
ergy, required to move water molecules to a state of free water and is 
often measured in the unit of pressure. It represents the entire water 
pressure in a given plant system due to osmotic, matrix, turgor, and 
gravitational effects (Chavarria and dos Santos, 2012). 

Stomatal conductance (gs) is a physiological trait that relates to the 
degree of stomatal opening associated with the entering rate of CO2 or 
exiting rate of water vapor from the stomata of a leaf. The opening rate 
of stomatal pores are well-recognized as early responses of a plant to 
avoid dehydration (Arve et al., 2011). The stomatal action is closely 
related to the water potential by feedback processes. Reduction in water 
potential induces turgor loss in the guard cell surrounding the stomata, 
which reduces the stomata opening and stomatal conductance. 

Transpiration rate (Tr) is a physiological trait related to the flow of 
water liquid from the roots of a plant to the stomata on the leaves, where 
it is altered into water vapor and is released into the atmosphere (Lee 
et al., 2018). When the guard cells surrounding the stomatal pores lose 
turgor, the cells fill the pores and reduce the stomatal opening, and 
consequently lowering the transpiration rate (Tr) to limit excessive 
water loss (Bray, 1997; Jones, 1998). 

Finally, effective quantum yield (ϕPSII) is one of the commonly used 
chlorophyll fluorescence traits in water deficit stress studies to quantify 
photosystem II (PSII) activity in order to understand the photosynthetic 
behavior of plants (Shahenshah, 2010; Ni et al., 2015; Yuan et al., 2016). 
Due to water shortage, plants initiate metabolic modification along with 
structural rearrangements and functional alteration of the photosyn
thesis, associated with the stomatal opening, leaf water potential, and 
relative water content (Lisar et al., 2012). 

2.2. Machine Learning Regression 

Consider two blocks of observed variables. The first block represents 
the vector of input variables (i.e., the hyperspectral profile) X ∈ R

n×N, 
with n the number of hyperspectral signals and N the number of spectral 
bands of the hyperspectral signals. The second block represents the 
output or response variables (i.e. the plant parameters) Y ∈ R

n×M, with 
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M the number of parameters. The ultimate goal of this work was to 
retrieve the aforementioned plant traits from the hyperspectral reflec
tance data. To this end, MLR algorithms were used to model the rela
tionship between the reflectance variables and the targeted plant traits. 
In this work, both linear and non-linear regression methods were 
explored. The linear regression model was developed using PLSR. This 
regression method is the most commonly applied algorithm in hyper
spectral data analysis for mapping vegetation properties. For developing 
non-linear regression models, two recent algorithms: KRR and GPR were 
selected. The following subsections briefly describe the principles of 
these three algorithms. 

2.2.1. Partial Least Squares Regression (PLSR) 
PLSR has been developed as a generalization of multiple linear 

regression and has been used as an alternative solution to ordinary least 
squares (OLS) regression in ill-conditioned linear regression problems 
(Rosipal and Krämer, 2005). PLSR is of particular interest because it can 
cope with data that suffers from strong collinearity (strongly correlated 
variables), noise and situations where the number of predictor variables 
is higher than the number of observations (Wold et al., 1984). In PLSR, 
the input variables X and the output variables Y are decomposed as: 

X = TPT + E
Y = UQT + F (1)  

where the matrix Q and matrix P represent loading matrices, U and T are 
matrices of the latent vectors, F and E are the residual matrices. The 
latent vectors t and u are given by: 

t = XW
u = YC (2)  

where the weight vectors W and C are optimized by using the non-linear 
iterative partial least squares (NIPALS) algorithm (Wold, 1975). The 
Decomposition of X and Y is done in order to maximize the covariance 
between T and U (Manne, 1987), which then gives 

Y = XB+F (3)  

where B represents the matrix of regression coefficients. Using the 
relationship between T,U,W and P (Manne, 1987; Rännar et al., 1994), 
the regression coefficients B are given by: 

B = W(PT W)
− 1T = XT U(TT XXT U)

− 1TT Y (4)  

2.2.2. Kernel Ridge Regression (KRR) 
KRR, also known as least squares support vector machine (Suykens 

and Vandewalle, 1999), is considered to be the most elementary kernel 
algorithm which formulation is based on OLS regression and ridge 
regression (Saunders et al., 1998). In ridge regression, the task is to 
minimize the following squared loss function: 

J(β) = min
β
‖Y − Xβ‖2 (5)  

Due to a limitation in the number of training examples, the variance of 
the estimated β may be large, causing the predicted response to be un
reliable. A simple and yet effective way to prevent this, is to introduce a 
small value λ as a regularizer into Eq. (5) to bargain the bias and vari
ance of the estimate. The above expression becomes: 

J(β) = min
β
‖Y − Xβ‖2

+ λ‖β‖2 (6)  

The closed form solution is then given by (Rakesh and Suganthan, 
2017): 

β = XT(XXT + λI)− 1Y (7)  

where I is identity matrix. The prediction for the new data point x* is 

given by: 

y* = x*XT(XXT + λI)− 1Y (8)  

The KRR algorithm extends the above linear algorithm into a non-linear 
one using a kernel function. The motivation for introducing a kernel is to 
discover non-linear relationships between variables in the input space 
by mapping them onto a high-dimensional feature space, thus allowing 
to learn a linear function in that new space. This is done by mapping the 
data xi in X onto the feature vector xi→ϕ(xi) using a kernel function, κ(x,
x′), which simply returns the dot product of the two vectors. The forecast 
for the new data points is given by: 

y* = κ(K + λI)− 1Y (9)  

where κ is the row vector of kernel functions between a test sample and 
the n training points, and K is a kernel matrix of inner products between 
the training vectors. In this work, a Gaussian function was applied as the 
kernel: 

κ(x, x′) = exp −

(
‖x − x′‖

2

2σ2

)

(10)  

2.2.3. Gaussian Process Regression (GPR) 
Another algorithm that can be applied to model the non-linear 

input–output relationship is the GPR (Rasmussen, 2004). GPR is a 
probabilistic method, based on a non-parametric Bayesian approach to 
solve regression and classification problems with kernels (Verrelst et al., 
2012). For regression problems, the output variables can be described 
as: 

y = f (X)+N (μ, σ2
∊) (11)  

where the function f(X) is assumed to be a random variable which fol
lows a particular distribution, reflecting the uncertainty regarding the 
function, and is assumed to be distributed as a Gaussian Process (GP). It 
assumes that the training output Y and the test output (f(X*)) are jointly 
Gaussian: 

p(f (X*),Y) ∼ N

(

0,

[
K(X*,X*) K(X*,X)

K(X,X*) K(X,X) + σ2
nI

])

(12)  

where σ2
n is the noise variance of the training data, K(X,X*) is the kernel 

functions between the n training and test samples, and K(X*,X*) is the 
kernel functions between the test samples (Koirala et al., 2019; Koirala 
et al., 2020). The kernel function used in GP provides the covariance of 
the output: 

cov(yi, yj) = k(xi, xj) = σ2
f exp

⎛

⎜
⎝ −

∑N

b=1

(
xb

i − xb
j

)2

2l2
b

⎞

⎟
⎠ (13)  

where σ2
f is the variance of the input spectra, and lb is a characteristic 

length-scale for each band. The mean prediction of a new input point X* 
can be derived by: 

Y* = K(X*,X)(K(X,X) + σ2
nI)− 1Y (14)  

where the hyperparameters of the kernel function in Eq. (13) are opti
mized by minimizing the log marginal likelihood of the training dataset 
(Rasmussen, 2004). 

2.3. Plant Cultivation 

Greenhouse experiments were conducted on maize plants under 
drought and well-watered conditions to assess the plant physiological 
status based on its spectral characteristics. Maize plants were grown in 
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PHENOVISION platform, the indoor plant phenotyping infrastructure 
located in VIB-UGent Center for Plant Systems Biology (Ghent, 
Belgium). The maize seeds from the B104 inbred were sown in 7-liter 
pots filled with 850 g of peat-based soil with osmocote fertilizer (N.V. 
Van Israel, Belgium). Once the seedling reached V5 vegetative stage 
(five leaves developed), the plants were fertilized weekly with 40 ml of 
200 ppm N Peters Excel CalMag Grower (Everris, Netherlands) solution. 
The greenhouse environment was initially set to 22–23 ◦C and vapor 
pressure deficit to 1–1.2 kPa until the plants reach V5 stage. After V5 
stage, the greenhouse environment was adjusted to provide a diurnal 
gradient, with temperature ranging from 22 ◦C at night to 28 ◦C in the 
afternoon. Artificial lighting was provided in the greenhouse using high- 
pressure sodium vapor lamps with a 16/8-h day/night light cycle to 
achieve an average light intensity of 280 μmol m− 2 s− 1. 

In the early stage of cultivation, all maize plants received a well- 
watered treatment (WW). From growth stage V5 onward, the plants 
were divided into two groups. In the first group, plants were kept at an 
optimal soil water content of 2.4 g H2O g− 1 dry soil (soil water potential 
of − 10 kPa) throughout the course of the experiment. In the second 
group, plants underwent a progressive drought treatment (PD). In this 
treatment, watering was stopped for seven days until a soil water con
tent of 1.4 g H2O g− 1 dry soil (soil water potential of − 100 kPa) was 
attained, after which the plants received small amounts of water in order 
to keep the soil water content constant at the lower level. All available 
plants were further split into two sets, where each set contained both 
WW and PD plants. The first set consisted of 108 plants (54 WW and 54 
PD plants) were used as ground truth for training the regression models. 
The second set consisted of 20 plants (10 WW and 10 PD plants) were 
used to test the obtained prediction models in the experiments to detect 
drought responses in maize. 

2.4. Data Recording 

A push-broom line-scan visible near-infrared (VNIR) HSI camera 
(ImSpector V10E, Spectral Imaging, Oulu, Finland) was used for 
capturing the hyperspectral images of all plants for 10 days (from 3rd 

− 12th February 2017). The VNIR HSI camera was installed in a dedi
cated enclosed cabin that is equipped with a lift mechanism, a rotating 
platform, and a horizontal white reference (the spectralon panel with 
99% light reflection). The lift and rotating platform were used to posi
tion the sample plant at the optimal distance from the camera and at the 
level of the white reference surface. The exposure time and the moving 
speed of the camera were set to 20 ms and 112 mm/s, respectively. The 
illumination in the cabin was provided by lighting frames that move 
alongside the camera. The lighting frames consist of 3× 3 equally 
spaced 35-Watt halogen lamps placed at either side of the camera. 

The spectral data of the sample plant consists of top-view image of a 
single plant (Fig. 1(a)), the white reference surface, and a black refer
ence (the camera with closed shutter). The acquired hypespectral im
ages were radiometrically calibrated to compensate for variation in 
pixel-to-pixel sensor response and spatial non-uniformities in illumina
tion. The acquired images have 510 × 328 pixels with a spectral sam
pling interval of 3.1 nm leading to 194 spectral bands ranging from 400 
to 1000 nm (Fig. 1(c)). The spatial resolution of the image is approxi
mately 2.35 mm when sample distance is 1.2 m away from the camera. 
Due to high noise levels below 500 nm and above 850 nm, the spectral 
range was limited to 500–850 nm for further data processing, leading to 
111 spectral bands (Asaari et al., 2019). 

The plant pixels were segmented from the background image (Fig. 1 
(b)) based on the NDVI threshold (Asaari et al., 2018). Standard Normal 
Variate (SNV) normalization was applied to reduce the illumination 
effects (Fig. 1(d)). The clustering algorithm was applied on the SNV 
normalized spectra to further filter out non-linear variability due to 
multiple scattering effects. Non-relevant clusters such as pixel belonging 
to vein and shaded regions were discarded. Each plant then was char
acterized by a single SNV spectrum by averaging all pixels from the 
retained clusters (Asaari et al., 2019). Matlab software (R2017b) was 
used to extract and pre-process the spectral data, and also used to 
construct the PLSR, KRR and GPR prediction models. 

The ground truth data, required for training the regression models 
was generated right after the hyperspectral image acquisition process. 
Non-destructive measurements were performed to obtain effective 

Fig. 1. The Hyperspectral data from a sample plant. (a) The RGB image (for visualization purposes) of the plant sample was reconstructed from the radiometrically 
calibrated Hyperspectral data. (b) The plant pixels after segmentation. (c) The reflectance spectra of the segmented pixels and (d) The SNV normalized spectra of (c). 
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quantum yield (ϕPSII), stomatal conductance of H2O (gs) and transpira
tion rate (Tr). The measurements were performed on Day-0, Day-5, Day- 
7 and Day-9 of the drought period, four to five times a day on five WW 
and five PD plants. A portable LI-COR 6400-XT Infrared Gas Analyzer 
(LI-COR, Lincoln, Nebraska, USA) was used for collecting the gas- 
exchange and fluorescence measurements. During the measurement, a 
steady state CO2 level was set to 400 μmol mol− 1, the photosynthetic 
active radiation flux density was set to 230–360 μmol photons m− 2 s− 1 

and the greenhouse temperature was maintained between 25–31 ◦C. The 
measurement of water potential was performed using a destructive 
sampling procedure with a pressure chamber (PMS Instrument Com
pany, Albany, Oregon, USA). The destructive measurements were 
collected three times per day on three to five plants on Day-0, Day-3, 
Day-5, Day-7 and Day-9. For this destructive sampling, the top leaves 
(leaf 5–9) were chosen because these leaves were mostly visible in the 
hyperspectral image. The selected leaves were punched for water po
tential (ψ) measurements. For more information about these procedures, 
we refer to Mertens et al. (2021). 

3. Results and Discussion 

3.1. Model Development and Validation 

The model accuracy of the MLR algorithms strongly depends on the 
selection of the model parameters. For example, the accuracy of the 
PLSR model is strongly depending on the number of retained latent 
variables (LV). When this number is insufficient, some useful informa
tion will be lost, leading to under-fitting. On the other hand, if too many 
LVs are retained, the model will risk over-fitting which affects the 
robustness of the model. For KRR, the estimation model highly depends 
on the regularization parameter λ that controls the trade-off between 
bias and variance, and the kernel parameter σ that controls the 
smoothness of the prediction function. In this work, the optimization of 
the parameters of PLSR and KRR was done through standard cross- 

validation. For the cross-validation, each dataset was split into a 
training set (60%) and an independent validation set (40%). The esti
mation of the number of LVs (for PLSR), λ and σ (for KRR) was based on 
the quality of each regression (i.e., lowest normalized root mean squared 
error (NRMSE)). GPR automatically optimizes the hyperparameters θ, 
based on the maximization of the marginal likelihood in the training set 
(Verrelst et al., 2012). 

Fig. 2 shows the plots of the average NRMSE as a function of the 
number of LVs of the PLSR model, for each plant physiological param
eter. The average NRMSE and its standard deviation were calculated 
using 10-fold cross-validation. From these plots, the optimal number of 
LVs was found to be 5 for water potential and quantum yield efficiency 
and 7 for stomatal conductance and transpiration rate. 

The tuning of the KRR hyperparameters λ and σ was done by cross- 
validation with a grid search (Exterkate, 2013). The grid for selecting 

λ was given by the values 
{

1
210,

1
29,…, 1

22,
1
21

}

and the grid for σ was 

{1,2,3, 4,5, 6}. Fig. 3 shows the 10-fold cross-validation results of the 
KRR model for the water potential. It can be observed that increasing σ 
resulted in a global increase of NRMSE for all the λ values. The NRMSE 
gradually increased for values of λ larger than 1

25. The optimal values 
were σ = 1 and λ < 1

25. A fine tuning of λ at the selected value of σ = 1 is 
presented in Fig. 4, where the optimal value of λ was found to be 1

27,
1
28,

1
29 

and 1
210 for water potential, quantum yield, stomatal conductance and 

transpiration rate, respectively. 
In the next experiment, the aim was to apply the best hyper

parameters obtained from the results presented in Fig. 2 - Fig. 4 to search 
for the best model for each plant trait. In order to reduce skewed results, 
a 20-fold cross-validation approach with a different random set of 
training:validation data with a 60:40% ratio was performed during the 
model training. The regression models were developed independently 
for each trait, and therefore a different random set was applied in each 
cross-validation cycle. The random selection of the data instances was 
performed to ensure that the training and validation sets are 

Fig. 2. Estimation of the appropriate number of LVs using PLSR, based on a 10-fold cross-validation for (a) water potential, (b) quantum yield, (c) stomatal 
conductance, (d) transpiration rate. 
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representative of the overall distribution (i.e., from both WW and PD 
treatments) so that the models remain general and less overfit. 

Table 1 summarizes the performance of all regression methods for 
each plant trait. The average Pearson’s coefficient (R2) and the average 
NRMSE was calculated to evaluate the performance of each model. For 
each regression method, the best prediction model was selected based on 
the lowest NRMSE. Validation of the prediction models for each plant 
trait, based on the best NRMSE and R2- values is shown in Fig. 5. 

Results in Table 1 demonstrated that all regression methods per
formed very well for water potential and quantum yield estimation with 
an average NRMSE, less than 10% and an average R2 above 0.82. The 
retrieval of stomatal conductance and transpiration rate showed a 
slightly lower accuracy, with an average NRMSE between 10–13% and 
an average R2 between 0.7–0.79. The non-linear models (i.e., KRR and 
GPR) outperformed the linear model (i.e., PLSR) for all plant traits. 
Although the accuracy of PLSR is still considered to be acceptable, its full 
potential is limited by its restriction to linear attribute relationships, 
which is probably not always correct in real life scenarios. The good 
performance of the non-linear models was due to the involvement of the 
kernel method, which was able to cope with strong non-linear re
lationships between the plant traits and the input spectrum. Therefore, 
compared to the linear PLSR algorithm, the KRR and GPR regression 
methods produced more flexible non-linear input–output relations, thus 
leading to higher estimation accuracies. 

The highest model accuracy (i.e., average NRMSE) was obtained by 
GPR, while KRR had a slightly lower performance than GPR. This lower 

performance was probably caused by the suboptimal manual hyper
parameter tuning (see Fig. 5). The good performance of GPR due to the 
following reasons: First, along with predictive mean, the GPR also pro
vide the predictive variance, a measure of uncertainty, which can be 
important when making predictions far away from the input data. Sec
ond, the hyperparameters of the kernel functions in the GPR model can 
be optimized efficiently by maximizing the marginal likelihood of the 
training set (Verrelst et al., 2012). Intuitively, this sophisticated 
framework avoids the time-consuming grid search of the cross- 
validation procedure and can avoid suboptimal performance in case 
grids are not set up appropriately. Finally, after optimization, the rele
vance of each spectral band can be determined from the inverse of the 
parameter lb of the kernel function (Eq. (13)) (Verrelst et al., 2012; 
Verrelst et al., 2013; Van Wittenberghe et al., 2014). Hence, this can 
gain insight in the most relevant normalized spectral bands. 

From the 20 runs of GPR, a histogram plot of the probability 
occurrence of the top 20 ranked wavelengths with lowest lb was created, 
and visualized in Fig. 6. For the estimation of the water potential, 
important bands appeared in the regions 500–520 nm, 600–680 nm, and 
720–800 nm. For quantum yield efficiency, bands in the red (560–720 
nm) and the near-infrared (760–820 nm) wavelength regions contrib
uted most to the prediction model. For stomatal conductance, the top 
performing wavelengths were located in the regions 580–660 nm and 
780–820 nm, and for transpiration rate, the predominant bands were in 
the green (500–560 nm), near the red-edge (720–760 nm) and in the NIR 
(800–820 nm) wavelength regions. 

Fig. 3. KRR parameter tuning based on grid search for the water potential case. The plots show NRMSE as a function of λ for different values of σ.  
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3.2. Drought Stress Detection 

In this experiment, the developed regression models were applied in 
a drought response test. The best non-linear GPR estimation models 
were considered, because these models had the highest prediction ac
curacy of all non-linear models. For comparison, the best linear pre
diction models from PLSR were applied as well (see Fig. 5). Fig. 7 shows 
the physiological trait predictions of the GPR models during ten days of 
the drought response test. Each plot visualizes the mean predicted trait 
values of ten WW and ten PD plants. The standard deviations are given 
as well to assess the effect of sample size and error variance. For the 
quantification of the significance difference between the two regimes, 
one-way ANOVA was performed to reveal the significant differences 
between each group (Römer et al., 2012). Referring to Table 2, a p-value 
highlighted in bold indicates the successful separation between WW and 
PD plants at the corresponding day. Note that the water withholding 
period of the PD plants started on Day-1, and that from Day-7 onward, 
the plants were re-watered, albeit to a lower soil water content. 

From these results, it can be observed that all four plant traits were 
able to differentiate between the two regimes at a very early stage of 
drought induction. For the WW control plants, all of the estimated traits 
showed an increasing trend during the course of the monitoring period. 
For the effective quantum yield, the increasing trend was less significant 
than for the other traits. This can be attributed to the fact that the un
derlying training data did not show a clear increasing trend (see the 
plots in the second row of Fig. 5, and most of the values of effective 
quantum yield of WW plants were concentrated between 0.58 and 0.65). 
The overall increasing trend of the estimated traits is expected as the 
plants transitioned from a juvenile to a more mature developmental 
stage during the time span of the experiment, which is associated with 
morphological and physiological changes. 

For the drought stressed plants, all traits decreased during the water 
shortage period, as the plants responded to the stress development. 
Under drought conditions, water movement into the root cells drops. 

Fig. 4. KRR parameter tuning based on grid search. A fine-tuning for λ at the fixed value of σ = 1 for (a) water potential, (b) quantum yield, (c) stomatal 
conductance, (d) transpiration rate. 

Table 1 
Performance of regression models on plant traits estimation; normalised root 
mean squared error (NRMSE) and Pearson’s determination coefficient (R2) ±
standard deviation for 20-fold cross-validation over the full SNV spectrum.  

Plant Regression Average Best Average Best 

Parameter Model NRMSE 
(%) 

NRMSE 
(%) 

R2 R2 

Water Potential PLSR 8.71 ±
0.681 

7.10 0.89 ±
0.020 

0.91 

(ψ) KRR 7.87 ±
0.416 

6.65 0.91 ±
0.015 

0.92  

GPR 7.84 ±
0.397 

6.85 0.91 ±
0.014 

0.92       

Quantum yield PLSR 9.78 ±
0.45 

8.94 0.82 ±
0.025 

0.84 

(ϕPSII) KRR 8.72 ±
0.421 

8.10 0.86 ±
0.023 

0.87  

GPR 8.62 ±
0.370 

7.95 0.86 ±
0.022 

0.88       

Stomatal 
conductance 

PLSR 12.67 ±
0.630 

11.30 0.70 ±
0.036 

0.78 

(gs) KRR 10.82 ±
0.382 

9.94 0.78 ±
0.031 

0.84  

GPR 10.39 ±
0.531 

9.22 0.79 ±
0.030 

0.86       

Transpiration 
rate 

PLSR 13.11 ±
0.689 

12.25 0.71 ±
0.029 

0.76 

(Tr) KRR 12.17 ±
0.707 

11.26 0.76 ±
0 034 

0.82  

GPR 11.69 ±
0.619 

10.92 0.77 ±
0.033 

0.83  
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The absorbed water will be lost due to various metabolic processes, and 
can not be fully replaced, causing a loss in turgor. As a defensive 
response, the stomatal aperture closes, thus reducing the transpiration 
rate. Stomatal closure will also reduce CO2 uptake, thus decreasing the 
carbon assimilation rate. 

The drought induced decrease in the physiological traits observed in 
this experiment agrees with results reported in some previous works on 
maize (Efeoğlu et al., 2009; Sousa et al., 2017; Xu et al., 2008; Grzesiak 
et al., 2006). Remark that, immediately after re-watering, it can be 
observed that the predicted traits start to increase again. However, to 
confirm that the plants adapt to the drought or manage to recover from 
the stress, more measurements over a longer time span are needed. 

To demonstrate the relevance of using non-linear GPR models for 
plant trait estimation, a comparison with a widely used linear regression 
technique, the PLSR was performed. Fig. 8 shows the physiological trait 

predictions of the PLSR models during ten days of the drought response 
test. For the estimation of water potential and quantum yield, prediction 
models from both techniques were able to detect drought as early as on 
the third day of the drought induction. From the p-values presented in 
Table 2, a slight difference was observed on Day-3, where the separation 
between the two plant regimes was larger for the GPR predictions than 
for the PLSR predictions. In the case of stomatal conductance and 
transpiration rate, the discriminating margin between the two groups 
was lower with PLSR, and a significant discrimination between the 2 
regimes was delayed by one day. These results confirm that the use of 
non-linear GPR models was justified. 

The performed experiments were based on the retrieval of vegetation 
properties from the entire plant. However, it is also interesting to 
consider the estimation at pixel level. In that case, the trait prediction 
models need to be applied on each pixel of the high-resolution images. 

Fig. 5. The measured versus the estimated values of water potential (a-c), effective quantum yield of PSII (d-f), stomatal conductance to H2O (g-i), and transpiration 
rate (j-l), based on PLSR (first column), KRR (second column) and GPR (third column). The presented results are the best predictions with lowest NRMSE and highest 
R2 from a 20-fold cross-validation (for averages see Table 1). 
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Fig. 6. Probability of 20 top ranked bands with the lowest lb from 20-fold cross-validation of GPR on (a) water potential, (b) quantum yield, (c) stomatal 
conductance, (d) transpiration rate. 

Fig. 7. Drought stress detection results based on the prediction (mean values and standard deviations of ten plants) of (a) water potential, (b) effective quantum yield 
of PSII, (c) stomatal conductance to H2O, and (d) transpiration rate using parameter estimation models developed from GPR. 
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Fig. 9 shows an example of the pixel-wise estimation of effective 
quantum yield, obtained from the GPR model. When assigning a false 
color to the pixels, according to the predicted values of the parameter, 
the spatial distribution of the estimated effective quantum yield during 
the drought stress conditions is revealed. Apart from the color mapping, 
a histogram of the pixel-level predictions for the entire plant can be 
created to characterize the physiological state of the plant. The histo
grams in Fig. 8 show that more PD pixels obtained low effective quan
tum yield values than WW pixels. This observation is in agreement with 
the results presented in Fig. 7(b). Nevertheless, directly applying the 
created model, based on the average spectrum of an entire plant may 
lead to additional errors. We anticipate that the trait values could vary 

within the leaves area, and therefore perforation size may affect traits 
measurement. In this case, the development of prediction models should 
consider the actual pixels that correspond to the location of the trait 
measurements. This will be an interesting direction to discover in future 
work, especially if one wants to discover what is the best physiological 
traits to illustrate within plant variation (i.e., within the leaves area) 
corresponding to the stress level. 

4. Conclusions 

For experimental research in the biotechnology domain, rapid and 
non-destructive measurements of physiological traits is important to 

Table 2 
The p-values of a one-way ANOVA test for the comparison between well-watered and progressive drought plants obtained from GPR and PLSR prediction models on 
water potential (ψ), effective quantum yield of PSII (ϕPSII), stomatal conductance (gs) and transpiration rate (Tr). Bold indicate significance with p-value < 0.05 (*), p- 
value < 0.01 (**), p-value < 0.001 (***).  

Day GPR  PLSR  

ψ ϕPSII gs Tr  ψ ϕPSII gs Tr 

0 0.5109 0.6592 0.9038 0.4230  0.8924 0.4790 0.7056 0.4076 
1 0.5007 0.6649 0.8340 0.7746  0.4148 0.7027 0.8128 0.8745 
2 0.1012 0.4658 0.5007 0.4963  0.1930 0.5972 0.3506 0.4580 
3 0.0001*** 0.0012** 0.0491* 0.2884  0.0003*** 0.0303* 0.0920 0.3617 
4 0.0000*** 0.0000*** 0.0000*** 0.0183*  0.0000*** 0.0017** 0.0005*** 0.1427 
5 0.0000*** 0.0000*** 0.0000*** 0.0011**  0.0000*** 0.0000*** 0.0001*** 0.0280* 
6 0.0000*** 0.0000*** 0.0000*** 0.0000***  0.0000*** 0.0000*** 0.0000*** 0.0001*** 
7 0.0000*** 0.0000*** 0.0000*** 0.0000***  0.0000*** 0.0000*** 0.0000*** 0.0000*** 
8 0.0000*** 0.0000*** 0.0000*** 0.0000***  0.0000*** 0.0000*** 0.0000*** 0.0000*** 
9 0.0000*** 0.0000*** 0.0000*** 0.0000***  0.0000*** 0.0000*** 0.0000*** 0.0000***  

Fig. 8. Drought stress detection results based on the prediction (mean values and standard deviations of ten plants) of (a) water potential, (b) effective quantum yield 
of PSII, (c) stomatal conductance to H2O, and (d) transpiration rate using parameter estimation models developed from PLSR. 

M.S. Mohd Asaari et al.                                                                                                                                                                                                                       



Computers and Electronics in Agriculture 195 (2022) 106806

11

maximize the genetic resources for crop improvement. In this work, we 
provided evidence that physiological traits that are affected by stress can 
be accurately estimated with rapid, non-destructive HSI measurements. 
Four physiological traits: water potential, effective quantum yield, sto
matal conductance, and transpiration rate were targeted as the proxies 
for drought stress responses, as plants have different ways and mecha
nisms to react to drought. Three machine learning regression algo
rithms: PLSR, KRR, and GPR were explored to determine the 
relationships between the targeted physiological traits and the SNV 
normalized hyperspectral profiles. Model validation revealed that the 
non-linear parameter estimation models, developed based on GPR 
delivered the best prediction performance. The GPR prediction models 
were applied to a drought stress study of maize. Statistical significance 
tests proved that the estimated plant traits were able to distinguish 
drought from well-watered plants at a very early stage even before 
visible symptom appear. The obtained results reveal the promising 
capability of HSI for water stress detection in plants and confirm the full 
potential for high-throughput and non-destructive phenotyping studies. 
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Léon, J., Thurau, C., Bauckhage, C., et al., 2012. Early drought stress detection in 
cereals: Simplex volume maximisation for hyperspectral image analysis. Funct. Plant 
Biol. 39 (11), 878–890. 
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