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Abstract: Global climate variability is projected to result in more frequent and severe droughts,
which can have adverse effects on New Zealand’s endemic tree species such as the iconic kauri
(Agathis australis). Several studies have investigated the physiological response of kauri to
medium- and long-term water stress; however, no research has used hyperspectral technology
for the early detection and characterization of water stress in this species. In this study,
physiological (stomatal conductance (gs), assimilation rate (A), equivalent water thickness
(EWT)) and leaf-level hyperspectral measurements were recorded over a ten-week period
on 100 potted kauri seedlings subjected to control (well-watered) and drought treatments.
In addition, plant functional traits (PTs) were retrieved from spectral reflectance data via
inversion of the PROSPECT-D radiative transfer model. These data were used to (i) identify
key PTs and narrow-band hyperspectral indices (NBHIs) associated with the expression of
water stress and (ii) develop classification models based on single-date and multitemporal
datasets for the early detection of water stress. A significant decline in soil water content
and physiological responses (gs and A) occurred among the trees in the drought treatment
in weeks 2 and 4, respectively. Although no significant treatment differences (p > 0.05) were
observed in EWT across the whole duration of the experiment, lower mean values in the
drought treatment were apparent from week 4 onwards. In contrast, several spectral bands
and NBHIs exhibited significant differences the week after water was withheld. The number
and category of significant NBHIs varied up to week 4, after which a substantial increase
in the number of significant indices was observed until week 10. However, despite this
increase, the single-date models did not show good model performance (F1 score > 0.70)
until weeks 9 and 10. In contrast, when multitemporal datasets were used, the classification
performance ranged from good to outstanding from weeks 2 to 10. This improvement was
largely due to the enhanced temporal and feature representation in the multitemporal models.
Among the input NBHIs, water indices emerged as the most important predictors, followed by
photochemical indices. Furthermore, a comparison of inverted and measured EWT showed
good correspondence (mean absolute percentage error (MAPE) = 8.49%, root mean squared
error (RMSE) = 0.0026 g/cm2), highlighting the potential use of radiative transfer modelling
for high-throughput drought monitoring. Future research is recommended to scale these
measurements to the canopy level, which could prove valuable in detecting and characterizing
drought stress at a larger scale.

Keywords: radiative transfer modelling; kauri; multitemporal; drought; hyperspectral;
random forests
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1. Introduction
Kauri trees (Agathis australis) hold a significant place in New Zealand’s natural and

cultural heritage [1]. These ancient conifers are among the largest and longest-living tree
species in the world, with some individuals exceeding 1200 years in age. Kauri trees are a
keystone species in their ecosystems, supporting a rich biodiversity that includes unique
flora and fauna [1]. They also play a crucial role in carbon sequestration, contributing to
the regulation of the global carbon cycle [2]. Kauri trees are also deeply revered in the
Māori culture, where they are considered a taonga (treasure) species, and their wood and
resin have been used for traditional purposes for centuries [3]. The preservation of kauri
forests is thus not only vital for maintaining biodiversity but also for protecting the cultural
heritage and natural landscapes of New Zealand.

Climate variability presents a significant threat to the survival of kauri trees. Rising
temperatures and altered precipitation patterns are expected to increase the frequency and
severity of droughts, which could severely impact the health of these trees. Prolonged
drought conditions can lead to reduced growth, physiological stress, and increased vulnera-
bility to disease [4–6]. Additionally, climate change may exacerbate the spread of pathogens
and pests that affect kauri, further compromising their resilience. The combination of these
factors could lead to a decline in kauri populations, with potentially devastating effects on
the ecosystems they support [7,8].

Given the multiple stressors affecting kauri trees, early detection of stress is essential
for effective conservation efforts. Hyperspectral technology offers a promising tool for
monitoring the health of kauri trees by detecting subtle changes in their physiological state
before visible symptoms appear. Hyperspectral spectroscopy quantifies reflectance across a
wide range of wavelengths, allowing for the identification of specific spectral signatures
associated with stress, such as changes in leaf pigments, water content, and photosynthetic
activity [9–13]. This non-invasive technique can provide valuable insights into the health
of kauri trees, enabling timely interventions to mitigate the effects of stressors such as
disease and drought. Through providing a precise and efficient method for detecting early
signs of stress, hyperspectral technology can play a crucial role in the conservation and
management of kauri, both in nursery and forest settings.

Radiative transfer models simulate how light interacts with plant canopies, enabling
the inversion process to retrieve biophysical and biochemical plant functional traits (PTs),
such as vegetation structure, chlorophyll content, and water status, which are directly
linked to plant health and stress response [14–17]. When combined with hyperspectral
indices, the inverted PTs add a physiological layer of insight, enhancing the sensitivity and
specificity of stress detection. This synergistic approach allows for more precise monitoring
of early stress signals, such as drought, nutrient deficiency, or disease, before they become
visibly apparent [13,15,18,19]. This framework improves the accuracy of stress detection,
offering a more comprehensive assessment of crop and forest health under changing
environmental conditions.

While previous studies have investigated the physiological response of kauri to medium-
and long-term drought, we are unaware of studies that deal with the early detection of drought
stress using hyperspectral techniques in this endemic species [20,21]. This study examines
the utility of leaf-level hyperspectral measurements and inverted PTs for early detection of
drought stress in young kauri seedlings. Using data collected from potted seedlings in a
controlled environment, the objectives of this study were to (i) identify the key narrow-band
hyperspectral indices (NBHIs) and PTs associated with expression of water deficiency and
(ii) develop a prediction model for early detection of drought stress in kauri.
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2. Materials and Methods
2.1. Experimental Setup

The experiment was undertaken between June and September 2023 within a nursery
setting in Rotorua, Central North Island, New Zealand. The 100 seedlings were planted in
10 L volume pots consisting of a standard nursery potting mix and kept in a ‘polyhouse’.
The study included 100 seedlings that were equally divided between control and drought
treatments. After baseline measurements (week 1) and over the course of the experiment,
the plants in the control treatment were watered daily prior to measurements. To capture peak
physiological activity in the morning hours, the measurements were restricted to between
8 am and 12 pm. During each measurement day, the temperature and relative humidity were
continuously monitored using a CR1000X data logger (Campbell Scientific, Logan, UT, USA),
with observations recorded every minute. The mean temperature and relative humidity for
the whole duration of the experiment were 20.2 ± 3.9 ◦C and 49.2 ± 9.1%, respectively.

2.2. Volumetric Water Content and Equivalent Water Thickness Measurement

Volumetric water content measurements provide insight into the amount of water
available to plants and indicate the severity of water stress that they are experiencing.
Pots were initially weighed with dry soil to establish a baseline and then watered to
saturation and allowed to drain to field capacity before being weighed again. The VWC
was calculated as the ratio of the mass of water (determined by the difference between wet
and dry weights) to the volume of soil. Throughout the trial, pots were weighed regularly to
monitor changes in VWC over time. Due to the size and age of the plants and the destructive
nature of EWT sampling, only a subsample of 10 plants per treatment were measured each
week. Three leaves per seedling were sampled for EWT measurements. For each leaf, fresh
weight (FW) was recorded, and the samples were then dried in a 70 ◦C oven until constant
weight was achieved, at which time the dry weight (DW) was measured. Leaf area (LA) was
estimated using the LeafByte iOS software version 1.3.0 (Getman-Pickering, 2018) installed
on an iPad 2 (Apple Computer, Inc., Cupertino, CA, USA). Using these measurements,
the EWT was determined from the following:

EWT =
FW − DW

LA
(1)

2.3. Physiological Measurement

Stomatal conductance (gs) refers to the rate at which water vapor exits a leaf through
its stomata. It plays a critical role in plant water relations by regulating transpiration—the
process through which a plant loses water to the atmosphere. This regulation is critical
not only for maintaining water balance but also for net photosynthesis (or assimilation),
as gs controls the intake of carbon dioxide (CO2) into the leaf and its subsequent conversion
to organic compounds [22,23]. Thus, gs and A are key factors in both water conservation
and a plant’s capacity for photosynthesis and overall health. The Walz GFS-3000 (M-Series,
Heinz Walz GmbH, Effeltrich, Germany) is a portable gas exchange system used to measure
gs and A. This device uses a CO2 cartridge to regulate CO2 levels, ensuring a consistent
environment for precise evaluation. By analyzing variations in CO2 and H2O concentrations
within a climate-controlled chamber containing a plant specimen, the device calculates
A and gs. This setup allows for accurate assessments of photosynthesis and water use
efficiency in plants under varying environmental conditions.

Physiological measurements were made on all 100 seedlings each week. Using leaves
in the upper third of the canopy, photosynthetic parameters, such as net A, gs, and tran-
spiration rate (E), were measured using the Walz GFS-3000. The GFS-3000 was equipped
with a CO2 cartridge to maintain stable CO2 concentrations throughout the measurement
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process. Following a two-minute pre-illumination period, at an ambient carbon dioxide con-
centration of 400 ppm, five measurements were recorded for each plant after the readings
had stabilized.

2.4. Leaf Hyperspectral Measurement

Based on the interactions between light and leaf structures, leaf-level hyperspectral
measurements are valuable in understanding plant water stress by providing insight into
the water content within plant leaves. These measurements utilize the distinct absorption
characteristics of water in the spectral domain, particularly within the near-infrared (NIR)
and shortwave infrared (SWIR) bands, where water exhibits strong absorption features.
By detecting and analyzing these features, it is possible to correlate them with other bio-
physiological traits that are important for assessing plant health and stress levels.

To capture leaf-level spectral signatures, a Spectral Evolution (RS-5400) spectrora-
diometer (Spectral Evolution, Haverhill, MA, USA) equipped with a leaf clip and dedicated
light source was used (Figure 1). Using the spectroradiometer leaf clip attachment, re-
flectance measurements across the 350–2500 nm range were captured from three leaves
of different generations of growth in the upper third of the canopy. These generations
represented different stages of leaf development (year-0, year-1, and year-2 and up) with
varying physiology (color and nutrient concentration) [24]. For example, year-1 leaves are
reported to exhibit the highest foliar nitrogen concentration, which decreases in year-2 or
older leaves [24]. To capture the representation of the full-plant response and simulate a
canopy-like measurement, the hyperspectral signatures collected from different generations
were averaged at the plant level, and several NBHIs (Table A1) previously found to be
correlated with plant structure, physiology, photosynthetic activity, and water content
were calculated [12,13].
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2.5. Inversion of Leaf-Level Functional Plant Traits (PTs) Derived from the PROSPECT-D Model

PROSPECT-D is a radiative transfer model that simulates leaf directional–hemispherical
reflectance and transmittance over the 400 to 2500 nm spectral range based on various plant
traits. Inversion of PROSPECT-D aims to find the optimal set of variables (θ), namely, the
leaf structure parameter (N), chlorophyll a+b (Cab), carotenoid (Car), anthocyanin (Ant),
brown pigment (Cbrown), equivalent water thickness (EWTinv), and dry matter (Cm), by
comparing the modelled and measured leaf optical properties [25]. The inversion process
was undertaken using the Dantzig simplex minimization algorithm implementation in
MATLAB based on the merit function J(θ):

J(θ) = ∑λmax
λmin

[(
Rmeas(λ)− Rmod(λ, θ))2 +

(
Tmeas(λ)− Tmod(λ, θ))2

]
(2)

where λ is the wavelength, Rmeas and Tmeas are the measured reflectance and transmittance
values, respectively, and Rmod and Tmod are the modelled reflectance and transmittance,
respectively. In this study, Tmeas was not available; hence, Equation (2) is reduced to
the following:

J(θ) = ∑λmax
λmin

[(
Rmeas(λ)− Rmod(λ, θ))2

]
(3)

Without the transmittance spectra, the solution to the merit function becomes ill-posed
leading to less accurate retrievals of N and Cm [25,26]. Hence, these PTs were excluded
as a predictor variable from the subsequent classification models described in Section 2.7.
To mitigate potential issues in the inversion process, boundary values for each PT were set
based on commonly observed ranges. Finally, inverted EWTinv values were compared to
the measured EWT to assess their accuracy.

2.6. Treatment Differences in Measured and Calculated Variables

Reflectance was plotted against wavelength for all captures, categorized by treat-
ment, and a t-test was conducted to identify wavelengths with significant differences
between treatments. Additionally, t-tests were performed to evaluate significant treatment
differences for each physiological variable across both measurement dates. Differences
between treatments for all hyperspectral indices were also assessed using t-tests, and the
corresponding p-values were recorded.

2.7. Classification of Control and Drought Treatments Using Random Forest

The Random Forest (RF) algorithm was used to classify the two treatments of kauri
seedlings (control and drought). The NBHIs and PTs were utilized as features for the
classification task. The implementation was carried out using the Statistics and Machine
Learning toolbox in MATLAB (MathWorks Inc., Natick, MA, USA). Random Forest is an
ensemble learning method that constructs a collection of decision trees during the training
process. Each tree in the forest is built from a bootstrap sample drawn with replacement
from the training dataset. At each node of the tree, split decisions are made based on a
random subset of features. This approach introduces diversity among the trees, which helps
mitigate overfitting and improves generalization to unseen data. The final classification
decision is made through the majority voting principle, where the class label predicted
by the majority of the trees is selected as the final output. This ensemble-based approach
enhances both the accuracy and robustness of the model, making it well suited for handling
complex, high-dimensional datasets such as the one used in this study.

Random Forest models based on single-date and multitemporal datasets were evalu-
ated in this study. The single-date models classified the weekly datasets using a five-fold
cross validation that was repeated 49 times using a different train/test split during each
iteration. The multitemporal RF models, however, used all the datasets prior to the week
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of observation for training/testing. These models were then validated using the dataset
of the actual week of observation (e.g., an RF model trained/tested on combined datasets
from week 1 and 2 was used to predict treatments in week 3). The input features for the RF
models used in this study are summarized in Table 1. For all the models, the performance
statistics were averaged across predictions from all 50 test datasets. This approach elimi-
nated any potential bias from the selection of test datasets using a single train/test split,
ensuring a more rigorous evaluation of the model’s true performance.

Table 1. Summary of different Random Forest (RF) models used in this study. The narrow-band
hyperspectral indices (NBHIs) and inverted plant traits (PTs) were used as input variables in the
models. The input features include bands from the visible near-infrared (VNIR) and shortwave
infrared (SWIR) ranges.

Random Forest (RF) Model Input Features

Single-Date (SD) SD-RF1 all NBHIs
SD-RF2 all NBHIs + PTs

Multitemporal (M)

M-RF1 all NBHIs
M-RF2 all NBHIs + PTs
M-RF3 VNIR NBHIs only + PTs
M-RF4 SWIR NBHIs only + PTs

A confusion matrix was constructed for each model using the mean predictions
across all 50 independent test datasets. The drought treatment was designated as the
positive class, and the confusion matrix quantified the percentages of true positives (TPs),
true negatives (TNs), false positives (FPs), and false negatives (FNs). Model performance
was evaluated using precision, recall, accuracy, and the F1 score (for equations, see [13]).
Precision measures the proportion of correct positive predictions, while recall identifies the
fraction of true positives accurately detected. High precision indicates few false positives,
whereas high recall signifies low numbers of false negatives. The F1 score, representing
the harmonic mean of precision and recall, provides a balanced measure of the model’s
discriminatory power. F1 scores range from 0 to 1, with values from 0.5 to 0.7, 0.7 to
0.8, 0.8 to 0.9, and above 0.9 indicating poor, good, excellent, and outstanding levels of
classification, respectively [13,27].

3. Results
3.1. Changes in Water Content and Tree Physiology

The volumetric water content (VWC) in the control treatment remained consistently
high throughout the experiment, with the mean weekly values fluctuating between
36.0% and 38.3% (Figure 2a). In contrast, the mean VWC in the drought treatment be-
gan to decline significantly, below values in the control, one week after the treatment
started. Thereafter, the drought treatment showed a nearly linear reduction in VWC to a
mean value of 15.5% 10 weeks after treatment. No significant differences in EWT between
treatments were observed over the duration of the experiment (Figure 2b).
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Figure 2. Variation in (a) soil water content, (b) equivalent water thickness (EWT), (c) stomatal
conductance, and (d) assimilation rate between treatments from week 1 to 10. Whiskers represent
±1.5 × the interquartile range. Box plots with asterisks above them represent significance denoted
by * p < 0.05, ** p < 0.01, and *** p < 0.001.

Compared to the changes in the VWC, reductions in physiological traits (stomatal
conductance and assimilation rate) took longer to be expressed in the drought treatment
(Figure 2c,d). The tree physiological traits in both treatments exhibited similar fluctuations
over time. The control values of stomatal conductance (gs) and photosynthesis (A) did
not significantly exceed those of the drought treatment until week 4, after which point the
values diverged continuously between treatments. The treatment divergence in gs and A
peaked in week 9, at which time the values in the control treatment exceeded those in the
drought treatment by 76.3% and 71.5%, respectively.

3.2. Variation in Leaf-Level Reflectance

Compared to the control treatment, the mean spectral reflectance of the plants in the
drought treatment generally exhibited higher values, starting from week 1 onwards and
continuing throughout the study (Figure A1). Significant differences in certain spectral
bands, particularly within the SWIR region (λ > 1985 nm, p < 0.05), were observed as early
at week 1 but were more consistent from week 4 onwards (Figure A2). Spectral bands
with significant differences widely varied from week 1–5, but differences were mostly
observed within the SWIR range. From week 6 onwards, significant differences were
steadily observed in both the VNIR (583–744 nm) and SWIR (λ > 1311 nm) regions. Over this
period, the treatment differences within the VNIR and SWIR ranges became increasingly
significant, as indicated by the decreasing p values (Figure A2).
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3.3. Differences in NBHIs and PTs Through Time

Similar to the spectral reflectance, significant differences in NBHIs were observed as
early as week 1, particularly in the water indices that used SWIR bands, but they were
more consistent from week 4 onwards (Table A2). The type and number of indices with
significant differences varied greatly from week 1–10, but the number of significant indices
increased as the water stress progressed. With the exception of WBI and fWBI, all structural
and water indices displayed significant differences from week 7 onwards. Chlorophyll and
photochemical indices started to show significant differences in weeks 7 and 10, respectively.

The comparison of the inverted and measured EWT is shown in Figure A3. Although
the coefficient of determination (R2) was relatively low, the inversion process proved to be
satisfactory, as evidenced by a low mean absolute percentage error (MAPE = 8.49%) and root
mean square error (RMSE = 0.0026 g/cm2). Additionally, the calculated absolute percentage
difference (APD) between the inverted and measured EWT values revealed that 83% of the
data fell within an APD of less than 15%. Significant treatment differences in EWTinv were
steadily observed from week 3 onwards, which became more significant over the duration
of the experiment, and by week 10, this was the most significant trait (p = 3.41 × 10−6)
(Table A2). This trend contrasted with that of the measured EWT, which did not show
significant differences during any week. The inverted Cab showed significant differences
between treatments from week 7 onwards, whereas no significant differences were observed
for Ant and Car throughout the experiment.

3.4. Classification of Control and Drought Treatment Using Single-Date and Multitemporal RF Models

Overall, the multitemporal RF models demonstrated superior performance compared
to the single-date models (Table 2). In balanced datasets, F1 scores are often closely aligned
with precision and recall values, and thus, the F1 scores were the primary metric used to
assess model performance from this point onwards.

Table 2. Performance of single-date (SD) and multitemporal (M) Random Forest (RF) models. The RF
models listed in the table are fully described in Table 1.

F1 Score
Single-Date (SD) Multitemporal (M)

Week SD-RF1 SD-RF2 M-RF1 M-RF2 M-RF3 M-RF4
1 0.58 0.58 0.57 0.56 0.60 0.56
2 0.58 0.60 0.66 0.69 0.76 0.68
3 0.62 0.62 0.78 0.79 0.8 0.73
4 0.63 0.62 0.8 0.79 0.81 0.76
5 0.61 0.6 0.84 0.83 0.81 0.78
6 0.57 0.62 0.86 0.86 0.81 0.83
7 0.64 0.62 0.87 0.88 0.85 0.85
8 0.64 0.64 0.86 0.90 0.88 0.84
9 0.70 0.71 0.87 0.87 0.85 0.85

10 0.67 0.71 0.83 0.86 0.86 0.81

LEGEND: 0.7 < F1 score ≤ 0.8 0.8 < F1 score ≤ 0.9 0.9 < F1 score
(Good/Satisfactory) (Excellent) (Outstanding)

The SD-RF1 model exhibited poor classification scores in most weeks except week 9,
which yielded a good F1 score of 0.71. Similarly, the SD-RF2 model had poor F1 scores for
weeks 1 to 8 but showed improvement, with good scores for weeks 9 and 10. In contrast,
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the M-RF3 model had the highest classification score during weeks 2–4 of between 0.76
in week 2 to 0.81 in week 4 and continued with excellent scores from week 5 onwards.
The M-RF2 model exhibited similar performance to M-RF3, and although it was slightly
less accurate from weeks 2–4 (F1 scores of 0.69–0.79), this model was more accurate from
weeks 5–10 and had the highest scores among all models from weeks 7–10. The other
two multitemporal RF models (M-RF1, M-RF4) showed good performance from week 3,
with steadily improving accuracy in the latter weeks.

The relatively accurate detection of water-stressed seedlings in week 2 using the M-RF3
model coincided with the week when the volumetric soil water content (VWC) between
the treatments started to exhibit significant differences. This detection occurred two weeks
earlier than when the first significant variations in physiological traits (gs and A) were
observed. In contrast, the other multitemporal models exhibited accurate detection of water
stress a week prior to its physiological expression.

Water indices, and in particular LWI, emerged as the most important predictors for
single-date RF models in 9 out of 10 weeks. A similar result was observed with the M-RF1
and MRF-2 models, though it is noteworthy that photochemical indices (PRI or MPRI)
consistently ranked as the second most important predictors. In contrast, EWTinv was the
most important predictor in the M-RF3 model, while the inverted Cab and Ant were the
most prominent predictors in M-RF4.

4. Discussion
This study highlighted the utility of NBHIs and inverted PTs for the early detection of

water stress in kauri, an important endemic conifer in New Zealand. Previous research has
shown the utility of multispectral and hyperspectral imagery in detecting disease-related
stress in kauri trees and carried out simulation experiments of medium- to long-term
drought in kauri [10,11,20,21,28]. However, these studies have primarily focused on the
characterization of plant responses to drought based on the soil water content and tree
physiology. This is the first time that hyperspectral remote sensing has been used to detect
water stress in kauri, advancing our knowledge and capability for early management of
drought impacts on these endemic species.

Leaf water potential can decline with minimal impact on EWT, as it is often character-
ized by a steep water release curve at the saturated range. Hence, no significant drop in
EWT is expected in the early stages of water stress [29,30]. In contrast, stomatal conduc-
tance (gs) and assimilation rate (A) exhibit dynamic responses to even minor fluctuations in
water availability, aiming to optimize water use efficiency and mitigate the effects of stress
on plant metabolism [29–31]. Within our study, these expected changes were consistent
with the relatively stable EWT values for both treatments throughout the experiment and
with the decline in gs and A from week 4 onwards in the drought treatment. This reflects
kauri’s conservative water use strategy, where it regulates water use to avoid hydraulic
failure in response to water stress [1,32].

Early signs of weak water stress may have been present as early as week 2 and persisted
through week 3, as indicated by the significant treatment differences in the various spectral
bands and NBHIs. During this period, variability in the significance between treatments
was observed for both the spectral wavelengths and the NBHIs. This may be associated with
the weak and partial expression of water stress in a small number of leaves that may or may
not have been captured during the limited number of stochastic samplings. The aggregation
of spectra from three distinct leaf developmental stages may also have contributed to this
variability, as these stages likely had differences in pigment concentrations and leaf water
content. As water stress progressed and intensified, it was increasingly expressed in
more leaves, which resulted in a higher number of significant (p < 0.05) spectral bands
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and NBHIs that were prevalent from week 4 onwards. This did not translate to good
classification scores (F1 score < 0.70) among the single-date RF models except in weeks
9 and 10, which were already at the late stage of water stress. We surmise that relying
solely on single-date measurements is associated with significant variation in spectral
signatures (reflectance and NBHIs), which may have contributed additional variation
between treatments, hence resulting in poor classification scores (F1 score < 0.70). This result
suggests that multiple significant variables do not necessarily produce good predictions,
which has been similarly reported in other studies [33–36]. These studies underscore the
importance of interactions between variables that may have differing complexity and non-
linear relationships. Lo et al. (2015) pointed out that different properties of the underlying
distribution determine the variable’s significance and use for good predictivity and argued
that significance should not be the only standard selection for good predictivity [37].

In contrast to the single-date models, the multitemporal RF models yielded good
predictive scores (F1 score > 0.70) as early as week 2 for M-RF3 and week 3 for the other
three multitemporal models. It is likely that the aggregation of datasets for training/testing
aided the model in extracting additional information about the data distribution, potentially
capturing temporal variations and improving feature representation [38–40]. This then
reduced the generalization error of the model, resulting in better predictions.

As expected, water indices (mainly LWI and variants of NDWI) emerged as the most
prominent predictors in both the single-date and multitemporal models, with the exception
of M-RF3 and M-RF4, which relied solely on either VNIR- or SWIR-based NBHIs. Notably,
photochemical indices ranked as the second most important type of predictor. These indices
are well-known indicators of plant photosynthetic activity. Previous studies have consistently
demonstrated the effectiveness of photochemical indices in predicting light use efficiency and
key photosynthetic parameters under various stress conditions, such as nutrient limitations
and cold winter temperatures [12,41–45]. Given that water availability is a critical regulator of
photosynthesis, it is unsurprising that photochemical and water indices emerged as the most
important predictors.

While good correspondence between the inverted and measured EWT was obtained, it is
notable that the inverted EWTinv values exhibited significant differences from week 3 onwards.
This result differs from the trend of the measured EWT, which did not show significant
differences between treatments in any week, though the mean values of the drought treatment
were visibly lower compared to the control from week 3 onwards. The observed differences
in trends are primarily attributed to variations in sampling sizes between the measured
EWT and the spectral data used for PT inversion. While only 10 out of 50 kauri seedlings
per treatment were sampled for EWT each week, spectral measurements were conducted
on all seedlings. This resulted in more robust EWTinv estimates and overall representation
of the water status of kauri seedlings over the 10-week period. It is recommended that,
where possible, the EWT sample size be increased and that leaf developmental stage is tracked
or standardized to minimize any confounding effects. Nonetheless, the results in EWTinv

demonstrate the potential of the radiative transfer model for high-throughput monitoring and
characterization of water stress.

As indicated by the tree physiology and spectral measurements in this study, kauri
exhibited resilience to short- and medium-term water stress, which is consistent with
previous studies [20,21,28]. However, climate change projections for New Zealand predict
more frequent and severe droughts, which could increase mortality rates among endemic
species such as kauri. Studies have shown that large trees are particularly vulnerable
to drought-related mortality, and kauri have traits that may accelerate death, including
vulnerability to xylem embolism and high water potential at the turgor loss point [4,46,47].
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To address this, future research is recommended to scale-up measurements to the canopy
level, enabling better characterization and detection of water stress in mature kauri stands.

5. Conclusions
This study demonstrated the early detection of drought stress in young kauri using

hyperspectral measurements. Significant differences in varying spectral bands and NBHIs
were observed early at weeks 1 to 3, indicating the presence of weak water stress. As the
experiment progressed and available soil water diminished, the number of significant
spectral bands and NBHIs increased substantially. However, this did not translate into
good classification scores for the single-date RF models before week 9. Instead, substantial
improvements in classification accuracy (F1 score > 0.70) were achieved by using multi-
temporal datasets, which produced good performance (F1 score = 0.76) observed as early
as week 2, and excellent performance (F1 score = 0.80) in week 3. This earliest robust
prediction of water stress in week 2 matched the time occurrence of significant treatment
divergence in VWC and preceded the significant decline in key physiological traits in the
drought treatment by 2 weeks.

Good correspondence between the measured and inverted EWT values highlighted
the potential use of radiative transfer modelling for high-throughput monitoring during
drought occurrences. Future research is recommended to scale-up leaf-level measurements
to the canopy level in mature stands to better understand how leaf and vegetation structure
along with environmental factors influence plant photosynthetic activity and responses to
water stress. Regardless, the findings illustrate the potential of hyperspectral data for the
early detection of water stress using equipment and methods that are simpler to collect than
physiological data. This may offer kauri stakeholders a tool for proactive water management
and the opportunity to study selective propagation of climate-resilient genotypes.
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Appendix A

Table A1. List of narrow-band hyperspectral indices (NBHIs) and their formulations that were used
in the analysis [13].

Index Index Name Equation

Chlorophyll and other photosynthetic pigment indices
CI Chlorophyll Index ρ750/ρ710
GM1 Gitelson and Merzlyak Index 1 ρ750/ρ550
GM2 Gitelson and Merzlyak Index 2 ρ750/ρ700
MCARI Mod. Chl. Absorp. Rfl. Index [(ρ 700 − ρ670 )−0.2 (ρ 700 − ρ550 ) ](ρ 700/ρ670 )
PSSRb Pig. Spec. Simpl. Ratio Chl. b ρ800/ρ635
TCARI Transf. Chl. Absorp. Rfl. Index 3[(ρ 700 − ρ670 )−0.2 (ρ 700 − ρ550 ) (ρ 700/ρ670 )]
VOG Vogelmann Index ρ740/ρ720
Structural Indices
NDVI Normalized Difference Vegetation Index (ρ800 − ρ670)/(ρ800 + ρ670 )
OSAVI Opt. Soil-Adjusted Veg. Index (1 + 0.16)(ρ800 − ρ670)/(ρ800 + ρ670 + 0.16)
RDVI Renormalized Diff. Veg. Index (ρ800 − ρ670)/(ρ800 + ρ670 )

0.5

Physiological/Photochemical index
PRI Photochemical Reflectance Index (ρ531 − ρ570)/(ρ531 + ρ570 )
MPRI Mod Photochemical Reflectance Index (ρ515 − ρ531)/(ρ515 + ρ531 )
Water indices
Datt1 Datt1 (ρ850 − ρ2218)/(ρ850 − ρ1928 )
Datt2 Datt2 (ρ850 − ρ1788)/(ρ850 − ρ1928 )
DDI Double Difference Index 2ρ1530 − ρ1005 − ρ2005
fWBI Floating Position Water Band Index ρ900/minρ930−ρ980

GVMI Global Vegetation Moisture Index ((ρ 820+0.1)−(ρ 1600+0.02))
((ρ 820+0.1)+(ρ 1600+0.02))

LWI Leaf Water Index ρ1300/ρ1450
MSI Moisture Stress Index ρ1600/ρ820
MSI1 Moisture Stress Index 1 ρ1650/ρ1230
MSI2 Moisture Stress Index 2 ρ1650/ρ830
NDII Normalized Difference Infrared Index (ρ820 − ρ1600)/(ρ820 + ρ1600 )
NDWI1 Normalized Difference Water Index 1 (ρ860 − ρ1240)/(ρ860 + ρ1240 )
NDWI2 Normalized Difference Water Index 2 (ρ870 − ρ1260)/(ρ870 + ρ1260 )
NDWI3 Norm. Diff. Water Index 1640 nm (ρ860 − ρ1640)/(ρ860 + ρ1640 )
NDWI4 Norm. Diff. Water Index 2130 nm (ρ858 − ρ2130)/(ρ858 + ρ2130 )
SIWSI Shortwave Infrared Water Stress Index (ρ1640 − ρ858)/(ρ1640 + ρ858 )
SRWI Simple Ratio Water Index ρ860/ρ1240
SRWI1 Simple Ratio Water Index 1 ρ1350/ρ870
SRWI2 Simple Ratio Water Index 2 ρ880/ρ1265
TM57 Ratio of Thematic Mapper B5 to B7 ρ1650/ρ2220
WBI Water Band Index ρ970/ρ900

Table A2. Result of t-test analysis between treatments for narrow-band hyperspectral indices (NBHIs)
and inverted plant traits (PTs) used in this study over the ten-week period. The p values are color-
coded according to the strength of the significance. Pink shaded cells indicate p < 0.001, orange cells
indicate p < 0.01, and yellow indicates p < 0.05.

WEEK
INDEX TYPE Variable 1 2 3 4 5 6 7 8 9 10
Chlorophyll Indices CI 0.4801 0.1455 0.396 0.1465 0.2281 0.20939 0.05195 0.1214 0.04052 0.0272

GM1 0.6098 0.4677 0.9466 0.7344 0.995 0.94677 0.57595 0.42301 0.30706 0.40718
GM2 0.5011 0.1146 0.351 0.1347 0.2176 0.19623 0.04358 0.07838 0.02335 0.014

MCARI 0.2698 0.6146 0.3598 0.7649 0.491 0.76066 0.97133 0.17925 0.41289 0.80623
TCARI 0.2698 0.6146 0.3598 0.7649 0.491 0.76066 0.97133 0.17925 0.41289 0.80623
PSSRb 0.5161 0.105 0.2952 0.1208 0.2 0.14898 0.02055 0.01556 0.00251 0.00184
VOG 0.4604 0.1661 0.412 0.1477 0.2306 0.21026 0.05493 0.14686 0.05324 0.03797
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Table A2. Cont.

WEEK
INDEX TYPE Variable 1 2 3 4 5 6 7 8 9 10
Structural Indices NDVI 0.526 0.0508 0.0392 0.0487 0.1172 0.06827 0.00691 0.00182 0.00051 0.00179

OSAVI 0.5267 0.0509 0.0394 0.0488 0.1174 0.06861 0.00694 0.00183 0.00052 0.00181
RDVI 0.743 0.0937 0.1237 0.1134 0.212 0.21997 0.02804 0.01211 0.00428 0.02006

Photochemical Indices PRI 0.6404 0.5113 0.2709 0.2168 0.1607 0.0726 0.08885 0.15148 0.08869 0.03136
MPRI 0.6895 0.243 0.2181 0.1738 0.4197 0.21594 0.15159 0.12511 0.16824 0.11244

Water Indices Datt1 0.0909 0.0694 0.1308 0.0126 0.014 0.01027 0.0002 0.00026 0.0005 0.00008
Datt2 0.1039 0.096 0.2112 0.0203 0.0283 0.01896 0.00042 0.00031 0.00083 0.00011
DDI 0.2813 0.142 0.3013 0.0431 0.0521 0.10009 0.00237 0.00264 0.00299 0.00101
fWBI 0.4587 0.5875 0.1977 0.2459 0.1919 0.2919 0.01328 0.00144 0.06414 0.01223
GVMI 0.0973 0.1092 0.1812 0.0105 0.0177 0.01332 0.0002 0.00006 0.00022 0.00004
LWI 0.0422 0.1132 0.0385 0.0035 0.0147 0.0134 0.00047 0.00006 0.00038 0.00006
MSI 0.102 0.1137 0.181 0.0107 0.0173 0.01331 0.00019 0.00006 0.00027 0.00006

MSI1 0.0746 0.0488 0.1979 0.0117 0.0343 0.01463 0.00024 0.00016 0.00014 0.00003
MSI2 0.1131 0.2585 0.1332 0.1218 0.1901 0.0842 0.01546 0.006 0.01597 0.00095
NDII 0.0974 0.1093 0.1815 0.0105 0.0177 0.01335 0.0002 0.00006 0.00022 0.00004

NDWI1 0.3208 0.8172 0.851 0.2957 0.3289 0.09196 0.02215 0.00054 0.00885 0.00227
NDWI2 0.3431 0.8297 0.8532 0.3116 0.3259 0.09684 0.02669 0.00052 0.00866 0.00205
NDWI3 0.0987 0.1012 0.2399 0.0138 0.0311 0.01569 0.00028 0.00009 0.00023 0.00004
NDWI4 0.0474 0.0554 0.0708 0.0035 0.0087 0.0047 0.00007 0.00003 0.00011 0.00005
SIWSI 0.0981 0.1011 0.2434 0.0141 0.0318 0.01584 0.0003 0.00009 0.00023 0.00004
SRWI 0.3186 0.8098 0.8471 0.2958 0.326 0.0909 0.02254 0.00052 0.00871 0.00215
SRWI1 0.1785 0.4434 0.4194 0.0963 0.1502 0.05513 0.00381 0.00033 0.00382 0.00072
SRWI2 0.345 0.8009 0.8422 0.2923 0.3194 0.09167 0.02312 0.0005 0.00737 0.00169
TM57 0.0628 0.0653 0.0472 0.0057 0.011 0.00608 0.00011 0.00006 0.00019 0.00001
WBI 0.5335 0.7006 0.2154 0.3613 0.3133 0.23663 0.02099 0.00273 0.10297 0.01816

INVERTED
PLANT TRAITS

Cab 0.415695 0.078412 0.12309 0.063679 0.147018 0.06717 0.011308 0.015496 0.003419 0.001288
Car 0.99467 0.499625 0.860499 0.635363 0.741383 0.790402 0.277473 0.097396 0.163481 0.095901
Ant 0.664819 0.610147 0.972304 0.828026 0.9765 0.980957 0.750306 0.616734 0.462438 0.613397

EWTinv 0.042279 0.148637 0.047829 0.007979 0.017504 0.002867 0.000538 0.000282 0.000746 3.41 × 10−6
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