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Abstract

Accurate detection of tree physiological stress is essential for understanding health decline and improving disturbance monitoring.
Tree stress if often linked to hydraulic dysfunction, yet detecting the onset of this process at canopy scale remains challenging. In this
study, we investigated whether spectral indices derived from the green-shoulder region can capture changes in tree hydraulic
functioning. We combined hyperspectral drone imagery with continuous sap flow monitoring in a Norway spruce (Picea abies) forest
in southern Sweden undergoing bark beetle infestation. Sap flux density (Js) was measured at three depths (1, 2, and 3 c¢m into the
sapwood) to characterize hydraulic responses during infestation progression between weeks 16 and 32 0f2023. During the same period,
seven airborne hyperspectral acquisitions were conducted using a VNIR sensor. We calculated indices from the Photochemical
Reflectance Index (PRI) and Green Shoulder Curvature Ratio (GSCR) families and examined their relationships with weekly sap flow
dynamics. We observed Js declines in one of more sensor depths in infested trees, occasionally leading to complete conductivity
collapse and, consequently, tree mortality. Green-shoulder indices strongly responded to Js decline from week 26, especially in the
outer sensor depth, indicating that spectral signals tracked changes in tree water transport. Our findings demonstrate that green-shoulder
indices can reflect underlying hydraulic processes and provide a fast, scalable approach for monitoring hydraulic stress to support

forest health monitoring.

1. Introduction

European forests have suffered extensive losses from biotic and
abiotic disturbances in recent decades, leading to increased tree
mortality, large reductions in standing biomass and timber
resources, and significant declines in forest carbon storage and
sequestration capacity (Patacca et al., 2023; Romeiro et al., 2022;
Seidl et al., 2014). Furthermore, these events are highly likely to
increase in the coming decades considering current climate
change scenarios (Griinig et al., 2026). In this context, effective
and efficient tools to assess forest health and identify stressed
trees and stands are becoming increasingly important to mitigate
negative impacts and support sustainable forest management.

Ecophysiological measurements such as sap flow can provide
detailed insights into tree hydraulic functioning and enable real-
time identification of stress onset and progression (Mantova et
al., 2022; Tams et al., 2024). As such, these measurements
provide valuable ground information in plant stress studies.
However, this approach requires costly instrumentation, which is
typically limited to a small number of sampled trees.

Remote sensing technologies, by contrast, offer the possibility to
scale tree health monitoring across larger spatial extents.
Realizing this potential, however, depends on robust spectral
indicators that reliably reflect hydraulic functioning. Among the
many candidates in the literature, previous research suggests that
spectral indicators derived from the green-shoulder region (the
slope between the blue absorption feature and the green
reflectance peak, ~490-560 nm) may be suitable for this purpose.

The Photochemical Reflectance Indices (PRIs) were the first
spectral indicators developed from the this region, designed to

capture changes in photosynthetic light-use efficiency associated
with photoprotective pigment dynamics in healthy and stressed
plants (Gamon et al., 1992). These indices exploit reflectance
changes at 531 nm, associated with pigment conversions in the
xanthophyll cycle activated for photoprotection, using 550 or 570
nm as reference wavelengths for normalization (Gamon et al.,
1992; Pefiuelas et al., 1994, 1995).

More recently, additional indicators from this spectral region
have been proposed for detecting Norway spruce (Picea abies [L.]
Karst) infested with bark beetles (Ips typographus L.). Using
spectral derivative curves, Huo et al. (2024) showed that subtle
tree vitality decline resulted in shifts in inflection (~520 and ~545
nm) and curvature (~530 nm) points. Building on these
observations, the authors developed the Green Shoulder
Curvature Ratio (GSCR) indices. They subsequently proposed
simplified versions using a limited number of spectral bands and
algebraic operations that approximate the relationships observed
in the derivative curves, allowing these indices to be
implemented with multispectral sensors. These GSCR indices
have shown strong performance in detecting bark beetle-infested
trees, as demonstrated by Huo et al. (2024) and a subsequent
study conducted in Sweden (Cosimo et al., 2025).

In this study, we use sap flow monitoring to demonstrate that tree
mortality in infested trees results from hydraulic dysfunction
following beetle colonization. Based on this finding and
considering the potential of green-shoulder indices (GSI) to
detect infestations, we hypothesize that GSI are closely linked to
tree hydraulic functioning and respond to temporal changes in
water transport. To test this hypothesis, we combine
hyperspectral drone imagery with continuous sap flow
monitoring to:
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1. assess whether GSI correlate with sap flow
measurements and capture weekly variations in tree
water transport.

2. examine how GSI respond to sap flow changes
following bark beetle infestation.

3. evaluate whether sensor depth influences these
relationships and whether GSI are more strongly
associated with specific sensor depths.

2. Material and methods

The study was conducted in Remningstorp, southern Sweden
(58°27°18°°, 13°39’8”’E), within a controlled field experiment
established to investigate bark beetle dynamics and tree
physiological responses. The experimental site consisted of 24
circular field plots with a radius of 15 m, distributed across four
forest stands. The stands were even-aged, mature forests
dominated by Norway spruce, representative of managed spruce
forests common in southern Sweden. The position of all trees
within each plot was mapped in the field using a high-accuracy
GNSS system, enabling precise spatial alignment between field
measurements and remotely sensed data.

During the growing season of 2023, field surveys were conducted
weekly to record signs of bark beetle infestation. These surveys
included visual assessments of typical infestation indicators such
as entrance holes, boring dust, and crown discoloration, allowing
the timing and progression of infestations to be monitored
throughout the season.

To investigate tree hydraulic responses, sap flow monitoring
stations were installed in two field plots located in different
stands (Figure 1), namely Plot 1 and Plot 2. Each monitoring
station measured sap flow in eight trees, providing a total of 16
monitored individuals. Sensors were installed at breast height
(1.3 m) on the south-facing side of each stem. For clarity, trees
are hereafter referred to as treel—tree8 within each plot. Sap flow
was monitored at the depths of 1, 2, and 3 cm, which we denoted
as the outer, middle, and inner sensor depths, respectively. Data
were recorded continuously at 15-minute intervals, allowing high
temporal resolution observations of tree water transport
dynamics over the growing season.

® @
Figure 1. Study area location and layout of the field plots used

for sap flow monitoring. (a) Location of the experimental site in
Remningstorp, southern Sweden (red star). (b—c) Spatial
distribution of trees in the two monitored plots (Plot 1 and Plot
2, respectively). Green dots indicate healthy trees, red dots
indicate infested trees, and black circles mark trees equipped
with sap flow sensors.

Sap flux density (Js) was estimated using the maximum heat ratio
method (Lopez et al., 2021) and used to assess hydraulic
responses to bark beetle infestation. Among the monitored spruce
trees, five were successfully colonized by bark beetles (Table 1),

of which four died in the same year and one in the following year.
Sensors producing malfunctioning or noisy measurements were
excluded from the analysis. In Plot 1, the outer sensor depth of
tree5 was excluded, data from tree6 prior to week 21 were
discarded, and measurements after week 31 were excluded for all
trees. In Plot 2, all measurements from tree4 were discarded, as
well as the depth outer sensor data from tree3.

Status n DBH (mean + sd, in cm)
Plot 1 Healthy 6 27.6 £3.53

Infested 2 21.1+3.68
Plot 2 Healthy 5 23.9+22

Infested 3 274 £6.27

Table 1. Plots with sap flow monitoring. n = number of trees;
DBH = diameter at breast height; sd = standard deviation.

While reductions in daily Js may indicate hydraulic stress,
interpreting absolute declines in infested trees alone can be
misleading. Js can naturally fluctuate in both healthy and infested
trees in response to daily and even hourly environmental
variability (e.g., dynamic atmospheric demand and soil moisture
vary with different weather conditions). Therefore, identifying
infestation-induced hydraulic stress needs to exclude the
environmentally driven hydraulic fluctuation.

To do so, we tested the consistency of Js patterns in each field
plot at a weekly scale. We assumed that without infestation, all
trees in the same plot should present similar behaviours in Js
since they were exposed to the same environmental conditions
that strongly and sensitively regulate Js patterns. Meanwhile,
trees with hydraulic dysfunction would show deviating patterns.
Each tree (both healthy and infested) was paired with all healthy
trees within the same field plot and the Pearson correlation
coefficient (r) was calculated for each pair on a weekly basis and
for each sensor depth. Subsequently, for each tree and sensor
depth, we computed a mean weekly r value by averaging the
correlation coefficients obtained from all pairwise comparisons
with healthy trees. For each week where all Js records were
available, there were 672 observations for each pair (96 logged
values per day). We considered that an infested tree started to
present signs of hydraulic stress when r (from infested vs healthy
pairs) dropped from one week and another, while r for healthy
trees (from healthy vs healthy pairs) remained stably high.

Hyperspectral data were acquired using a SPECIM AFX10-
VNIR camera mounted on an Alta X multirotor drone. The sensor
recorded 224 spectral bands across 400—1,000 nm. Flights were
conducted at 100 m altitude and resulted in a ground sampling
distance (GSD) of approximately 7 cm. A total of seven flights
were carried out during the 2023 growing season (Figure 2).
Radiometric calibration and geo-rectification were performed in
CaliGeoPRO software. Reflectance was estimated using ground
targets with near-Lambertian properties placed in the scene for
every flight.

Hyperspectral | *
imagery

Field _
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Sap flow |
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Figure 2. Timeframe of data collection for the different datasets.
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Index Notation Definition Reference
Photochemical Reflectance Index 550/531  PRIssos31 Rss0— Rsap Gamon et al. (1992)
Rss0t Rsaq
Photochemical Reflectance Index 531/570  PRIs3y/570 Rs31— Rsyo Pefiuelas et al. (1995)
Rs31+ Rszo
Green Shoulder Curvature Ratio 1 MS GSCRI1ys Rss0— Rs3o Huo et al. (2024)
Rsso + R
Reso — ( 550 ’ 490)
Green Shoulder Curvature Ratio 2 MS GSCR2ys Rss0— Rs3o Huo et al. (2024)
Rsso + R
(Rs30— Rago) * (R530 - w)
Green Shoulder Curvature Ratio 1 2026 GSCR 15026 Reco— Rewn 4+ Adapted from
In 55; i’:OR Huo et al. (2024)
Reso — ( 550 ’ 490) +a
Green Shoulder Curvature Ratio 2 2026 GSCR25026 Adapted from

In

_ 2
(Rsso— Rszo + @) Huo et al. (2024)

(Rs30— Rago) * (R530 - m + 0()

Table 2. List of green-shoulder indices calculated, including their notations, definitions, and references. R indicates reflectance at a
given wavelength. Mean reflectance values using 20 nm spectral bins centred on each target wavelength were used for calculations.

A local maxima detection algorithm was applied to the green
band (~550 nm) to identify treetops, which were then used as
markers in a marker-controlled watershed segmentation
algorithm to delineate individual tree crowns. The resulting
treetop positions were spatially matched with the field-mapped
locations of trees equipped with sap flow sensors. To minimize
the influence of background elements such as shadows or
understory vegetation, a threshold applied to the green band was
used to mask non-canopy pixels. The mean reflectance at each
band was then calculated from the 25% brightest pixels within a
1 m buffer around each treetop, constrained by the segment
boundaries (Huo et al., 2025).

We calculated six spectral indices from the PRI and GSCR
families: GSCRIms, GSCR2wms, GSCRI1206, GSCR22026,
PRIss0/531, and PRIs31/570 (Table 2). GSCR12026 and GSCR22026
are adaptations from the simplified indices proposed by Huo et
al. (2024) designed to avoid extreme values that occur when
terms in the equations approach zero. To address this, a constant
term (oo = 0.15) was added, and the natural logarithm of the
absolute value was applied.

To examine the relationship between spectral signals and tree
hydraulic activity, we fitted simple linear regression models with
index values as the explanatory variables and the weekly
cumulative Js as the response variable. The weekly cumulative Js
was used to account for the temporal mismatch between the
continuous sap flow measurements and the discrete drone
acquisitions.

The regressions were performed separately for each sensor depth
(outer, middle, inner) as well as for all depths combined (i.e.,
cumulative Js across all depths), and independently for each
flight week. To evaluate whether these relationships were
consistent across the season, we additionally pooled observations
from all weeks and refitted the regressions without separating by
week.

To account for potential delayed spectral responses to hydraulic
changes, we also tested regression models using lagged values,
specifically the weekly cumulative Js from the two weeks
preceding each drone flight. The coefficient of determination
(R?) was used as the primary metric to compare the strength of

the relationships between spectral indices and sap flow
measurements across weeks and sensor depths.

3. Results and discussion

In infested trees, Js initially exhibited fluctuations comparable to
those observed in healthy trees, reflecting shared responses to
environmental conditions prior to bark beetle colonization.
However, a few weeks after colonization, a pronounced decline
in Js occurred that was not followed by recovery (Figure 3),
indicating the onset of sustained hydraulic dysfunction.
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Figure 3. Weekly sum of sap flux density (Js) in different sensor
depths (outer, middle, inner) for all instrumented trees in Plot 1
(a) and Plot 2 (b).
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Figure 4. Mean weekly Pearson correlation coefficient (r)
between each tree and all healthy trees in the same plot for
different sensor depths (outer, middle, inner), for Plot 1 (a) and
Plot 2 (b). All healthy vs healthy pairs have been merged into a
single category to facilitate legend interpretation.

Correlations between infested and healthy trees followed
different temporal patterns (Figure 4). During the initial weeks, r
values were similarly high, suggesting comparable hydraulic

patterns. However, for most infested trees, there was a notable
decline in r (e.g., from ~1 to ~0 in 2-4 weeks), especially in the
outer sensor depth, indicating hydraulic behaviour deviated from
healthy references after bark beetle attacks.

In Plot 1 (Figure 4a), tree6 began to exhibit deviating r values in
the outer sensor depth from week 22. In contrast, treel
maintained high r values throughout the monitoring period,
indicating daily patterns consistent with those of healthy trees.
Nevertheless, this tree showed a change in Js from week 25
onward (Figure 4a), with outer-depth Js decreasing and
remaining relatively stable thereafter, while healthy trees in the
same plot exhibited Js increase followed by weekly fluctuations.

In Plot 2 (Figure 4b), tree6 and tree7 began to show subtle
declines in r values in the outer sensor depth starting in week 23,
followed by a sharp decrease from week 25 onward. Finally,
tree3, for which outer-depth data were not available, exhibited
declining r values in the middle sensor depth beginning in week
26. Given that the response in the middle depth was similar to
that observed in tree6 and tree7, it is likely that tree3 would also
have exhibited a decline in the outer depth at an earlier stage, had
those measurements been available.

Plot Tree Hole Many Hydraulic ~ Hydraulic
week holes stress failure
week week week

1 1 23 24 25 -

1 6 19 19 22 -

2 3 23 23 26 27

2 6 19 21 23 26

2 7 21 21 23 27

Table 3. Summary of field symptoms. Hole week = week when
bark beetle holes were first recorded. Many holes week = week
when >30 holes were recorded. Hydraulic stress = week when
the mean correlation with healthy trees started to decline.
Hydraulic failure = week when collapse in all sensor depths
occurred.

GSI closely tracked infestation progression. At the beginning of
the growing season, healthy and infested trees exhibited
overlapping GSI values, indicating similar canopy signals.
However, in the weeks following bark beetle colonization, GSI
values of infested trees progressively diverged from those of
healthy individuals (Figure 5), reflecting the development of
physiological stress associated with infestation.

GSCR1wms and GSCR2wms maintained substantial overlap between
healthy and infested tree values prior to week 23, with a gradual
and progressive divergence emerging mainly from week 28. This
pattern suggests a temporally coherent separation aligned with
infestation progression. In contrast, PRI indices exhibited
multiple instances of early separation between healthy and
infested trees even before bark beetle colonization (especially in
Plot 1), resulting in a higher occurrence of false-positive
detections. The degree of deviation between healthy and infested
trees in the late weeks was lower for GSCR 12026 compared to
GSCR1wms, indicating reduced extremes and smoother transitions.
In contrast, GSCR22026 showed little to no differentiation
between healthy and infested trees.

When evaluating the relationship between GSI indices and
weekly cumulative Js, weak associations were observed during
the initial weeks, when trees were hydraulically stable and Js
fluctuations largely reflected environmental variability (Figure 6,
Figure 7a). Therefore, GSI were highly insensitive to natural Js
variation between trees and weeks.
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Nevertheless, as hydraulic dysfunction developed — particularly
in the outer sensor depth — strong linear relationships emerged
(Figure 6). These relationships became significant from week 26,
when R? values ranged between 0.22 and 0.53 across spectral
indices. Based on Table 3, the emergence of these relationships
occurred, on average, three weeks after hydraulic stress was first
detected in infested trees. These relationships strengthened
further as the infestation progressed. For instance, R? exceeded
0.70 for the relationships between PRIssos31, PRIs3is7o,
GSCR2wms, and GSCR 12026 and weekly cumulative Js in the outer
sensor depth in weeks 30 and 32 (Figure 6a). The results from
regression models fitted for PRIsso/s31 can be visualized in Figure
6a, which was the index with highest R* in most weeks.
Furthermore, these relationships were observed from the
combined analysis of data from both field plots, indicating
robustness to inter-site differences (e.g., soil moisture, slope, and
tree variability).
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Figure 5. Time series of selected green-shoulder indices, for
trees equipped with sap flow sensors in each plot.

Importantly, introducing a 2-week lag in cumulative Js did not
substantially improve model performance (Figure 6b). Although
lagged relationships remained significant in several cases, their
explanatory power was generally comparable to that obtained
using same-period Js, particularly during weeks 28-32 when
hydraulic decline intensified. This suggests that GSIs can
respond well to ongoing hydraulic impairment.
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Figure 6. Coefficients of determination (R?) from simple linear
regression models relating green-shoulder indices to weekly
cumulative sap flux density (Js) measured at different sensor

depths. Models were fitted using Js from the same week as

hyperspectral image acquisition (a) and from a 2-week lag (b).

Analyses were conducted separately for each week and sensor

depth (Outer, Middle, Inner), as well as for all depths combined

(Total). Asterisks indicate statistically significant relationships

(*p<0.05, **p<0.01, *** p <0.001). In panel (b), sap flux

data for the 2-week lag were not available for week 18.
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Figure 7. Relationships between PRIsso/531 and the weekly cumulative sap flux density (Js) across sensor depths. (a) Simple linear
regressions between PRIsso531 and the weekly cumulative Js, shown by week of hyperspectral image acquisition and sensor depths:

Outer, Middle, Inner, and Total (i.e., all depths combined). (b) Simple linear regressions between PRIssos531 and the weekly
cumulative Js with a 2-week lag pooled across weeks for each sensor depth.

Mechanistically, this behaviour is consistent with the activation
of the xanthophyll cycle under hydraulic stress. Reductions in
water transport constrain stomatal conductance and carbon
assimilation, increasing excess excitation energy in the
photosynthetic apparatus (Chaves et al., 2009; Ruban, 2016). To
mitigate damage, trees enhance non-photochemical quenching
through xanthophyll cycle activity, which alters reflectance in the
green-shoulder region (D’Odorico et al., 2025). The strong
associations observed between GSIs and Js during periods of
hydraulic decline therefore likely reflect this rapid
photoprotective adjustment, linking canopy-level spectral
properties directly to needle-level responses to hydraulic
functioning.

The strongest relationships were consistently observed in the
outer sensor depth, which is generally associated with the most
hydraulically active sapwood layer and typically the first to
experience conductivity loss during stress. Middle and inner
depths showed weaker or delayed associations, consistent with
sapwood layers with reduced contribution to transpiration and
slower hydraulic deterioration.

Collectively, these results demonstrate that GSIs effectively
capture the onset of hydraulic stress in near real time, through
their sensitivity to photoprotective responses, reinforcing their
potential utility for the detection of bark beetle-induced hydraulic
dysfunction.

When the temporal structure was removed from the analysis and
data were pooled across weeks, the performance of all GSI
indices decreased substantially (Table 4, Figure 7b). This
reduction in explanatory power is primarily attributable to the
weak associations observed during the initial weeks, when trees
were hydraulically stable and spectral responses had not yet
diverged.

Under these temporally aggregated conditions, weekly
cumulative Js was only slightly explained by GSI, particularly for
the middle and inner sensor depths. In contrast, when weekly
cumulative Js over the preceding two weeks was considered,
model performance improved consistently across indices. The

strongest relationships were observed in the outer sensor depth,
where PRIs3is570 reached an R? of 0.46 (Table 4). Similar
relationships were also observed for GSCR1ms and PRIssoss3i
(Table 4, Figure 7b).

Js Depth  GSCR1ms  GSCR2ms  PRIssossn — PRIs3ism
Weekly out 0.02 0.03 0.15%** 0.11%*
cumul. Js mid 0.01 0.04 0.00 0.00

inn 0.05* 0.05* 0.01 0.02

tot 0.01 0.01 0.02 0.01
Weekly out 0.45%%* 0.16%** 0.42%%* 0.46%%*
cumul. Js mid 0.36%** 0.07* 0.23%%* 0.20%%**
(2-week lag)  inn 0.19%** 0.02 0.10%* 0.14%%*

tot 0.42%%* 0.11%* 0.31%%* 0.39%%**

Table 4. Coefficients of determination (R?) from simple linear
regression models relating green-shoulder indices to weekly
cumulative sap flux density (Js) measured at different sensor

depths. Models were fitted using Js from the same week as
hyperspectral image acquisition and from a 2-week lag. Data
from all weeks were pooled together, and analyses were
conducted separately for each sensor depth (out = Outer, mid=

Middle, inn= Inner), as well as for all depths combined (tot =

Total). Asterisks indicate statistically significant relationships (*
p <0.05, ** p <0.01, *** p <0.001).

These results indicate that, when temporal progression is not
explicitly considered, GSIs are more strongly associated with
accumulated hydraulic stress than with instantaneous weekly sap
flux. The improvement observed with lagged Js suggests that
canopy spectral responses integrate hydraulic constraints over
short time windows, particularly in the hydraulically active outer
sensor depth. However, the moderate R? values also highlight
that temporal dynamics play a critical role in strengthening the
linkage between hydraulic dysfunction and spectral response.

Overall, our results indicate that GSIs show strong potential for
detecting hydraulic stress, as their temporal dynamics closely
track changes in sap flow in infested trees. While the
hyperspectral system used in this study is not readily suitable for
operational applications due to its high payload, limited flight
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time, and complex data processing, PRI and simplified GSCR
formulations rely on few spectral bands and therefore offer clear
opportunities for operational monitoring using multispectral
drone systems. Such approaches could enable the upscaling of
tree health assessments across larger forest areas. However,
multispectral systems with optimal sensor characteristics (e.g.,
band position and bandwidth) are yet to be developed and
validated for broader application.

Further research is needed to evaluate the robustness of these
relationships across other stress contexts beyond bark beetle
infestation, where hydraulic responses may be less pronounced
and more difficult to detect. In addition, the limited sample size
in this study constrains the statistical strength of the analyses,
meaning that the regression results should be interpreted as
exploratory rather than definitive. Nevertheless, the consistent
patterns observed between spectral indices and sap flow
dynamics provide meaningful insights and a valuable basis for
future studies aimed at linking remote sensing signals with tree
hydraulic functioning.

4. Conclusion

This study highlights the potential of GSI to reveal physiological
changes associated with declining tree hydraulic functioning. By
linking canopy spectral responses with sap flow dynamics, this
study provides evidence that remotely sensed signals can capture
key processes linked to water-related stress. These findings
support the development of spectral approaches for tree health
monitoring using green-shoulder indices, while emphasizing the
need for further research across larger datasets and a wider range
of stress conditions to confirm their robustness and operational
applicability.
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