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ABSTRACT

Leaf Water Thickness, often described as equivalent water
thickness, is an important trait in plant physiology and can
be estimated non-destructively using the leaf’s spectral re-
flectance. Leaf water thickness is defined as the depth of the
water layer if all the water contained in a plant leaf were uni-
formly distributed over a given area. In this study, we propose
a supervised machine learning approach based on polynomial
regression, combined with our method, NRAL, to estimate
leaf water thickness. The results are compared against those
obtained using the PROSPECT model, a well-established
physical model for simulating leaf optical properties. This
methodology is evaluated on the LOPEX dataset, along with
three additional hyperspectral datasets. In all cases, the pro-
posed approach achieves a lower root mean squared error
(RMSE) compared to the PROSPECT model. These findings
highlight the potential of hybrid machine learning methods
to outperform traditional models in accurately estimating leaf
biophysical parameters.

Index Terms— Leaf water thickness, machine learning,
polynomial regression, PROSPECT

1. INTRODUCTION

The biochemical parameters of the leaves are important indi-
cators of the physiological status of a plant and play a key role
in the determination of overall plant health and crop yield.
These parameters include leaf mass per area, chlorophyll con-
tent, leaf water thickness (LWT), etc. These traits provide
valuable insights into plant growth, photosynthetic activity,
nutrient status, and stress responses.

Because the interaction of light with plant leaves depends
on their biochemical content, spectral reflectance across var-
ious wavelengths, particularly in the visible, near-infrared,
and shortwave infrared (SWIR) regions, provides a non-
destructive and scalable means of estimating these param-
eters. Methods for retrieving leaf biochemical parameters
from spectral data include empirical models based on veg-
etation indices (e.g., NDVI [1]), radiative transfer models
(e.g., PROSPECT [2]), and, increasingly, machine learn-
ing techniques trained on field or laboratory reference data
([3]). These approaches enable high-quality monitoring of
plant traits, supporting applications in precision agriculture,

ecosystem modeling, and environmental monitoring. The
PROSPECT model is a simple yet effective radiative transfer
model, representing an improved version of Allen’s general-
ized plate model. It views a leaf as a stack of ’N layers’ of
plant material, separated by ’N-1’ air spaces. It predicts how
leaves reflect and transmit light based on their biochemical
and structural properties across the visible to SWIR wave-
length regions (400 - 2500 nm). It uses key biochemical
parameters such as chlorophyll content, carotenoid content,
anthocyanin content, equivalent water thickness, and leaf
mass per area to describe the optical properties of plant leaves
[4]. To estimate leaf biochemical parameters from measured
spectral reflectance, the PROSPECT model can be inverted
by minimizing the reconstruction error between the measured
spectra and those simulated by the model.

The PROSPECT is widely used in remote sensing of veg-
etation and the interpretation of hyperspectral data.

Conversely, several advanced machine learning regres-
sion techniques have been developed to directly estimate leaf
biochemical parameters from spectral reflectance data (e.g.,
[3]). These are supervised methods that require a training
dataset consisting of reflectance spectra paired with ground-
truth measurements of leaf biochemical parameters. These
techniques often map the measured reflectance spectra di-
rectly to leaf parameters, bypassing physics. The values of
leaf parameters estimated by these techniques do not always
lie within the physically plausible range and can even be
negative. To address this challenge, in [5], we proposed
a method that integrates the physical interpretability of the
PROSPECT model with the flexibility of machine learning
regression techniques. In contrast, in [6], we introduced a
fully data-driven approach for accurately estimating chloro-
phyll content from reflected light. This method ensures that
the estimated parameters remain within physically plausible
bounds by representing chlorophyll content as the relative
position of a leaf reflectance spectrum along an arc defined
by two spectral extremes, corresponding to high and low
chlorophyll concentrations.

Inspired by the methodology proposed in [6], in this
work, we propose a method to accurately estimate LWT by
analyzing the reflected light. In contrast to chlorophyll con-
tent whose absorption features are dominant only between
600-700 nm, water is highly dominant throughout the SWIR
wavelength regions (1000-2500 nm). In that case, the re-



flectance of leaves with different LWT forms a curve between
the two spectra with the most extreme LWT values. The rel-
ative position of a spectrum on this curve is then a proxy for
the actual LWT.

The relationship between this proxy and the actual LWT
can then be learned using a polynomial regression model.
Such model can e.g., be trained on a single leaf reflectance
dataset, with the ability to generalize across other datasets.
The proposed method will be experimentally validated us-
ing four leaf optical property datasets that contain spectral
reflectance and ground truth LWT measurements for different
plant species.

2. DATASETS

In this study, four databases are used.

2.1. LOPEX

The Lopex93 data set (Leaf Optical Properties Experiment
1993) is a collection of optical and biochemical measure-
ments of leaves, collected in the study area of Ispra, Italy,
compiled by the Joint Research Center (JRC) of the Euro-
pean Commission in 1993. It has approximately 330 leaf
samples (66 plants) of 45 different species. It contains spec-
tral reflectance (400 to 2500 nm) and LWT. This dataset
is widely used for validating radiative transfer models like
PROSPECT [7].

2.2. ANGERS

The ANGERS Leaf Optical Properties Database was col-
lected in 2003 in Angers, France. It contains optical and
biochemical parameters of 276 leaf samples from 43 plant
species. It contains reflectance from 400 to 2450 nm along
with LWT [8].

2.3. ACCP

The ACCP data set was collected between 1992 and 1993 in
San Jose, California. This data set is smaller, with a total of
34 samples from 18 species. It contains reflectances from 400
to 2500 nm, along with LWT.

2.4. NASA

The NASA dataset was collected in 2009 in the north-central
and northeast of the United States [9]. It contains a total of
987 samples from 64 different species. The dataset contains
spectral reflectance in the range 350-2500 nm, and the corre-
sponding LWT for each sample.

Table 1 summarizes the datasets used.

3. METHODOLOGY

The proposed approach integrates the strengths of Normal-
ized Relative Arc Length (NRAL) and the power of polyno-
mial regression to accurately estimate LWT from spectral re-
flectance data.

3.1. NRAL

NRAL is a method that was previously designed for esti-
mating fractional abundances of binary mixtures [10], and
adapted for the estimation of moisture content [6] and water
content in porous materials [11].

The core assumption of this method is that the data man-
ifold, formed by numerous samples with a single varying pa-
rameter, traces a continuous curve connecting the spectral re-
flectances of samples with the minimal and maximal param-
eter values, referred to as endmembers. The relative position
of a sample along this curve serves as a proxy for its corre-
sponding parameter value. A supervised regression model is
then used to learn the relationship between this proxy and the
actual parameter.

NRAL addresses two key challenges in accurately esti-
mating the relative position of a sample:
(a) Spectral variability: Variations in illumination and acqui-
sition conditions often introduce scaling effects in the mea-
sured spectra. NRAL mitigates this issue by projecting each
measured spectrum onto the unit hypersphere:

y → y

∥y∥
(1)

b) Inaccurate arc length estimation: Arc length is commonly
approximated by dividing the curve into piecewise linear seg-
ments and summing the Euclidean distances between inter-
mediate points. However, when only endmembers and a sin-
gle spectrum from the sample are available, this approxima-
tion becomes unreliable. NRAL overcomes this limitation by
employing the spherical law of cosines (see [6] for details), al-
lowing for accurate arc length estimation and, consequently,
precise computation of the sample’s relative position.

3.2. Estimating LWT

Unlike fractional abundances, which are constrained between
0 and 1, LWT can vary across a broader physical range, from
a minimum to a maximum thickness. To address this, the
relative position estimated by NRAL must be calibrated. This
calibration is performed using the following equation:

CNRAL(y) =
b2

b1 + b2
LWT(Rmin) +

b1
b1 + b2

LWT(Rmax)

(2)
where b1 and b2 denote the true arc lengths between the sam-
ple and the endmembers. Rmin and Rmax denote the spec-



LOPEX ANGERS ACCP NASA
Date 1993 2003 1992-1993 2009
Number of Samples 330 276 34 987
Number of Species 45 43 18 64
Spectrophotometer/Spectroradiometer Perkin Elmer Lambda 19 ASD FieldSpec NIRS 6500 ASD FieldSpec3
Spectral Range 400–2500 nm 400–2450 nm 400 –2500 nm 350–2500 nm

Table 1. Specification of the different datasets.

tral reflectances corresponding to the minimum and maxi-
mum LWT endmembers, respectively. The function CNRAL
(·) denotes the calibrated NRAL of the sample.

Due to the highly nonlinear nature of the curve connect-
ing the two endmembers, the parameters obtained from Eq.
(2) must be further mapped to the actual LWT values. Since
this is a fairly simple one-dimensional mapping, a simple
polynomial regression ( ˆLWT(y) = a0 + a1CNRAL(y) +
a2CNRAL2(y)) with a limited number of training samples
will do the job.

To learn the parameters of the polynomial regression
model (a0, a1, and a2), the LOPEX dataset was used in this
study. From this dataset, the two samples with the lowest and
highest ground-truth LWT values were identified and desig-
nated as endmembers. The core assumption of the proposed
method is that all other samples, representing varying LWT
values, lie within the range defined by these two extremes.
If this assumption is violated (LWT(y) < LWT(Rmin) or
LWT(y) > LWT(Rmax)), the proposed method will project
the data onto one of the extremes.

4. EXPERIMENTS AND RESULTS

As described in the methodology section, the proposed ap-
proach uses the LOPEX dataset to learn the parameters of
the polynomial regression model. The endmembers, corre-
sponding to the lowest and highest LWT values in the LOPEX
dataset, were identified, with LWT values of 20.98 µm and
524.88 µm, respectively. Using these two endmembers, the
relative positions of all samples in all the datasets were com-
puted. These relative positions, estimated by NRAL, were
then calibrated using Eq. (2).

In the final step, the nonlinear relationship between the
calibrated relative positions and the actual LWT was learned
using polynomial regression. The regression model was
trained using the LOPEX dataset as ground truth. To assess
the complexity of the problem, we conducted two types of
experiments. In the first experiment, all 320 samples from the
LOPEX dataset were used to estimate the parameters of the
polynomial regression model. In the second experiment, only
15 samples were used for training. This comparison aimed
to evaluate the stability and performance of the polynomial
fit under limited data conditions and to determine whether a

small number of representative samples could still produce
an accurate estimation model. Results showed that the model
trained with only 15 samples exhibited less than a 1% de-
viation in RMSE compared to the model trained on the full
dataset.

Using the polynomial regression model, the LWT is then
estimated for all the datasets. Validation of the model is ob-
tained by the RMSE of the estimation:

RMSE =

√√√√ 1

n

n∑
i=1

(θi − θ̂i)2 (3)

where θi denote the ground truth LWT, θ̂i the estimated LWT,
and n the number of samples.

The results using both the fully trained model and the
reduced model are shown in Table 2. For comparison, the
results of the PROSPECT model are shown as well. It can
be observed that the proposed approach outperforms the
PROSPECT model on all 4 datasets. Fig. 1 shows the scatter-
plot of the estimated versus ground truth LWT values on all
four datasets when using the reduced regression model.

5. CONCLUSION

In this work, we proposed a data-driven supervised approach
to estimate LWT from spectral reflectance. The method was
validated and compared to the PROSPECT model on four
datasets. It was observed that overall the proposed approach
leads to better RMSE scores than the PROSPECT model,
even with a very low training data size.
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PROSPECT NRAL - Training Sample Size 320 NRAL - Training Sample Size 15
Lopex 4.47 3.77 3.80
Anger 7.15 6.24 6.35
ACCP 13.11 12.99 12.87
Nasa 5.09 4.71 4.78

Table 2. Performance of LWT estimation in terms of RMSE for the different datasets.

Fig. 1. Ground truth vs estimated Leaf Water Thickness for
datasets (a) Lopex (b) Anger (c) ACCP and (d) Nasa.
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