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Abstract

Tree hydraulic status fluctuates throughout the day as solar radiation and vapor pressure deficit (VPD) regulate transpiration and
stomatal conductance. Remote Sensing (RS) can capture these dynamics, particularly through optical wavelengths in the “green
shoulder” region (490-550 nm), which are sensitive to physiological changes in vegetation. This study evaluates the performance of
the commonly employed Photochemical Reflectance Index (PRI) and four Green Shoulder Curvature Ratio (GSCR) indices derived
from hyperspectral imagery as indicators of hydraulic status and photosynthetic efficiency in Norway spruce. Data were collected in
the Tonnersjoheden experimental forest in southern Sweden. Four hyperspectral Unmanned Aerial Vehicles (UAV) flights were
conducted throughout the same day on two occasions: Week 33 (mid-August) and Week 39 (late September) of 2025. Spectral indices
were compared with sap flux density (Js) measurements (Week 33) through logistic regression leaf water potential (Wiear) data (Week
39) through linear models. Daily Green Shoulder Indices (GSI) time series were further compared with Photosynthetically Active
Radiation (PAR) daily trajectories using the approximate area between curves. GSCR indices consistently outperformed PRI in
following diurnal hydraulic status based on Js, while relationships with Wiear were mainly insignificant, likely due to the limited number
of measurements available and less precise time pairing with UAV imagery. However, linear regression of the Wier-GSI datasets
followed similar trajectories as the Js-GSI relationships. GSCR indices generally tracked PAR trajectories more closely than PRI;

however, results were mainly inconsistent between the two weeks, suggesting a lack of generalizability.

1. Introduction

The estimation of tree hydraulic status is a complex phenomenon
involving interaction between various factors, whether
environmental, such as climatic conditions and soil properties, or
genetic, involving differences among individual plants. Since the
investigation of tree hydraulic status depends on sensors
measuring single trees, Remote Sensing (RS) methods are used
to assess and widen the extent of the analysis over larger areas,
from stand to landscape level. When it comes to optical RS data,
integration within tree hydraulic status monitoring framework is
possible based on the fact that certain wavelengths in the
electromagnetic spectrum are sensitive to plant water content or
to physiological changes in the canopy associated with water
dynamics and allow to assess its status at a definite moment in
time or monitor its change when a time series is available.

Among the wavelengths that are sensitive to modifications in tree
water content there is the so-called “green shoulder”, a portion of
the spectrum between blue and green wavelengths (490-550 nm)
that has been shown to be directly connected to photosynthetic
activity and Light Use Efficiency (LUE; Huo et al., 2024); the
connection to hydraulic status estimation is given by the fact that
photosynthesis downregulation is initiated through drought-
induced stomatal closure, thus reducing atmospheric CO2 uptake.
This decreases the amount of light needed to saturate
photosynthesis, creating an excess of energy to be dissipated
(D’Odorico et al., 2021). The xanthophyll cycle represents an
adaptive strategy for excess energy dissipation throughout the
day, involving the conversion of violaxanthin to zeaxanthin as

temperatures increase (Demmig-Adams & Adams, 1996; Niyogi,
1999).

Among the Green Shoulder Indices (GSI), which are vegetation
indices (VIs) formulated using specific wavelengths from the
green shoulder region, the Photochemical Reflectance Index
(PRI, Gamon et al., 1997) is widely used to assess tree
ecophysiological mechanisms due to its link with photosynthetic
activity. In fact, PRI has been used to study photosynthetic
response in crops (Gitelson et al., 2017; Inoue & Pefiuelas, 2006;
Lin et al., 2026) and in Pinus sylvestris L. stands in boreal forests
(Mbttus et al., 2018) or to study drought stress in pine stands
under controlled drought experimental design (D’Odorico et al.,
2021); however, studies in natural forest ecosystems involving
collection of high-resolution hyperspectral images throughout
the same day to assess daily cycle of tree hydraulic status are still
lacking and few records, such as that by D’Odorico et al. (2021),
of similar study designs are available.

Previous studies highlight the limitations connected to PRI, such
as its tendency to be influenced by soil background (Gitelson et
al., 2017), canopy structure, pigment pools or changing solar-
viewing angles (D’Odorico et al., 2021; Lin et al., 2026) which
make it unsuitable to track daily LUE dynamics under certain
conditions. To address the limitations presented by PRI, Huo et
al. (2024) developed Green Shoulder Curvature Ratio (GSCR)
indices based on the observation that the peak and valley values
of the first and second derivative curves in the green shoulder
region are consistently related to shifts in photosynthetic
capacity. GSCR indices have already been proven by Huo et al.
(2024) to be suitable to detect reduction of photosynthetic

This contribution has been peer-reviewed.
https://doi.org/10.5194/isprs-archives-XLIX-B3-2026-1171-2026 | © Author(s) 2026. CC BY 4.0 License. 1171



The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XLIX-B3-2026
XXV ISPRS Congress 2026 “From Imagery to Understanding”, Commission Ill, 4-11 July 2026, Toronto, Canada

capacity in trees affected by the European spruce bark beetle (Ips
typographus L.).

This study aims to assess the performance of GSIs across high
spatial, spectral, and temporal resolutions, while also addressing
the need for further evaluation of GSCR indices in relation to tree
ecophysiology. These motivations are the drivers behind this
study, where We monitor the suitability of the GSCR indices to
track tree hydraulic status and follow Photosynthetically Active
Radiation (PAR) daily trajectory in a Norway spruce (Picea abies
(L.) Karst.) stand in southern Sweden. By integrating intra-daily
Unmanned Aerial Vehicles (UAV)-based hyperspectral imaging
with high-frequency physiological measurements, we aim to
establish a mechanistic link between canopy greenness dynamics
and hydraulic processes at the crown scale. The performance of
the proposed indices is tested against that of the established PRI.
Our objectives were:

i. Evaluate whether GSIs derived from high-
resolution hyperspectral data can capture the
diurnal water use cycle of Norway spruce trees
and explore how they relate to hydraulic traits
such as leaf water potential and sap flux density
derived from hyperspectral data;

il. Assess the effectiveness of GSIs in capturing
daily PAR trajectories (i.e. increase, peak timing,
and subsequent decline) and assess the
consistency and generalizability of these patterns
across the two weeks.

2. Materials and Methods

2.1. Study area and spectral data collection

The study area is a Norway spruce stand located in the
Tonnersjoheden Experimental Forest, southern Sweden (Figure
1). The stand has an even-aged and monospecific structure.

Figure 1: Location and boundaries of the Ténnersjoheden
Experimental Forest in southern Sweden. Location of the stand
in yellow.

On 2025-08-17 (Week 33 of the year), hyperspectral images were
acquired under clear sky conditions using a SPECIM AFX10
sensor (400-1000 nm, 5 nm FWHM) mounted on a FreeFly Alta

X drone. Images were acquired again on 2025-09-29 (Week 39),
with shorter intervals between flights due to the limitation of
shadows caused by lower sun angle. Since there is considerable
variability in the interval between the flight times, actual times of
the UAV flights and overall length of the interval between first
and last flight within the same day in each Week are reported in
Table 1.

Flight

Approxi Flight time T.otal
Week :;:Z;et time start end inttleT:al
. (HH:mm) (HH:m
time (hours)
m)
9 09:38 09:42
11 11:08 11:11
33 13 13:56 14:00 =7
16 16:39 16:43
11 11:25 11:28
12 12:11 12:14
39 13 13:20 13:24 =3
14 14:20 14:23

Table 1: Correspondence between approximate and actual UAV
flight times and total time interval between the first and last
flight in each Week.

Radiometric calibration and geo-rectification of the images were
performed in the CaliGeoPRO software
(https://www.specim.com/products/caligeo-pro/).  Reflectance
was estimated using ground targets with near-Lambertian
properties placed in the scene for every flight. Small shifts in the
processed images were corrected using the Georeferencer tool in
QGIS (https://qgis.org/) to match the positions of trees measured
in the field using a high-accuracy GNSS system. Crown
reflectance was then averaged after performing crown
segmentation through a marker-controlled watershed algorithm.

PRI was computed in two different formulations, hereby called
PRIs30-570 and PRIss0-530, according to Equations (Egs.) 1 (Gamon
et al., 1997) and 2 (Pefiuelas et al., 1994) respectively:

Rl _ R531—R570 o
530-5 ™ R531+ R570
R550 — R531

PRIsso-ss0 = peen RE31 @

where R is the reflectance at a specific wavelength.

GSCRs were initially derived from inflection and curvature
points identified in spectral derivative curves. They were
subsequently simplified into combinations of a limited number of
bands that capture these spectral features, enabling their
application in multispectral data. In this study, we use the
simplified multispectral (MS) versions of GSCR1 and GSCR2,
following Eqs. 3 and 4 as described in Huo et al. (2024).
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A modified formulation of the GSCR1 and GSCR2, more robust
against extreme values and hereby called Formulation n.2 (F2),
was also tested here (Egs. 5 and 6),

GSCR1p, = In (| R550 — R530+ « |) )
[R530 — 0.5 x (R490 + R550) + al

(R550 — R530 + @)? | ®
[R530 — 0.5 x (R490 + R550) + a X (R530 — R490)|

GSCR2, =1In <I

where a = 0.15.
2.2. Environmental and physiological data collection

In 2025, 20 trees were selected and monitored using sapflow
sensors throughout the growing season (approximately from
middle of June, Week 25, to middle of September, Week 38).
Sapflow sensor probes were positioned at 1.3 m of height on each
sample tree or moved to a lower position when installation at 1.3
m was not possible. Three probes were inserted at 1, 2 and 3 cm
of depth into the bark, and the sap flux density (Js) was measured
through the Maximum heat ratio (MHR) method (Lopez et al.,
2021) in J/s every 30 minutes and recorded by CR1000
dataloggers and multiplexers (Campbell Scientific Inc.). Js
represents the rate at which water moves through the conductive
tissue of a tree (Matheny & Bohrer, 2019), and can be used to
identify the underlying mechanisms that guide changes in water
movement in the plants as well as to examine the responses and
functions of vegetation related to water use and environmental
changes (Lopez et al., 2021).

In this study, we analyzed how GSIs behave in relation to the
outermost (1 cm depth) recorded Js. Upon data quality
assessment, we observed that sapflow data from Week 37
onwards were inconsistent due to sensor malfunction; we
therefore excluded them from analysis and focused on Js-GSI
relationships solely in Week 33. Js records for each tree were
normalized at the daily scale to constrain their values between 0
and 1. Records from the same day of the UAV flight (17/08/2025)
were matched as closely as possible to the hyperspectral imagery
by picking the half-hourly measurements closest to the flight time
stamp to ensure direct relation between physiological and
spectral information. Consequently, a dataset comprising of 80
Tree-Hour observations was obtained.

Leaf Water Potential (Wieat, MPa) measures the energy status of
water in plant leaves, influencing stomatal behavior and
transpiration rates (Zhou et al., 2024). Measurements were
collected on 24/09/2025 (Week 39) between 10:50 and 14:25
using a Scholander type pressure chamber (PMS Instrument
Company, Model 1505D, Albany, OR, USA) on the same 20
sample trees. One south-facing branch per tree was shot from the
upper half of the canopy using a shotgun, after which a small twig
at the distal end was cut for measurement of Wiear. To account for
the effect of time on the measurement, each record was associated
only to the closest available flight (i.e. records between 10:50 and
11:45 were associated to spectral data from the 11:00 flight, those
between 12:00 and 12:25 to the 12:00 flight, etc.). Figure 2
reports the location of the sample trees considered in the study.

® Wleaf sample trees

g 35 sample trees

Figure 2: Location of sample trees considered in the study.

The suitability of GSIs to track LUE daily patterns at stand and
week scale were analysed using hourly PAR data (W m2). Data
were downloaded via the STRANG extraction interface
(strang.smhi.se) for days concurrent with the UAV flights
(17/08/2025 and 29/09/2925) and interpolated to a 15-minute
time step. PAR represents the spectral range of solar radiation
(400-700 nm) that vegetation uses in the process of
photosynthesis (Azbar & Levin, 2011). The choice of comparing
GSI time series to PAR trajectories was made because PAR is a
fundamental component of LUE (Fang et al., 2025) which
represents the capability of vegetation in utilizing absorbed light
for carbon assimilation or biomass accumulation (Sheriff et al.,
1995), and as such comparing daily PAR trajectories to GSI time
series can offer insights into the suitability of GSIs for tracking
photosynthesis dynamics.

Figure 3 presents the time series of the physiological data (Js,
Wicaf, PAR) plotted against the GSI curves from both Weeks for
visual comparison.

This contribution has been peer-reviewed.

https://doi.org/10.5194/isprs-archives-XLIX-B3-2026-1171-2026 | © Author(s) 2026. CC BY 4.0 License.

1173



The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XLIX-B3-2026
XXV ISPRS Congress 2026 “From Imagery to Understanding”, Commission Ill, 4—-11 July 2026, Toronto, Canada

Week 33 - Data time series

GSCR1ys

GSCR1g,
.00
® 075
iz
© 0.
> 0.00
©
(]
= GSCR2,
©
1.00
E 075
S 0.50
Z 025
0.00
PRIs30-570
1.00
0.75
0.50
0.25
0.00
PRIss0-530
1.00
0.75
0.50
0.25
0.00
00:00 04:00 08:00 12:00 16:00 20:00 00:00
Time of day
Variable =—— GSI =——— OuterJs =—— PAR

Week 39 - Data time series

GSCR1ys

1.00
0.75 b
0.50
0.25
0.00

uuuuuu

GSCR1g,
1.00
o 075
$4
© 0.
> 0.00
°
(]
N GSCR2¢,
©
1.00
E 075
S 050
Z 025
0.00
PRIs30-570
1.00
0.75
0.50
0.25 \
0.00
PRIss0-530
1.00
0.75
0.50
0.25 \
0.00
00:00 04:00 08:00 12:00 16:00 20:00 00:00
Time of day
Variable —— GSI —— Wer =—— PAR

Figure 3: Time series of physiological and spectral data. All
time series were normalized between 0 and 1 at daily (Js, PAR)
or sub-daily (Wiear, GSI) scale to facilitate visual comparison. Js

time series represents an average of all trees in the stand. Top:
Week 33 data; bottom: Week 39 data.

2.3. Models and statistical analyses

Logistic regression was applied to evaluate the relationship
between Week 33 Js data and GSIs, whereas simple linear models
were used to assess the association between GSIs and Week 39
Wieat measurements. Pseudo-R? (logistic regression), R? (linear
regression), p-value and Root Mean Square Error (RMSE) were
used to assess the models and compare GSI performance.

The relationship between PAR and the GSI was assessed
separately for the two weeks. PAR records were subset based on
drone flight times (Table 1) and GSI values from the single
sample tree crowns were averaged. Since in this phase we were
interested in assessing general stand-level approximation of the
PAR curve by GSI records, outliers in the Tree-Hour dataset were
removed from the average stand value computation through
filtering based on the Interquartile Range (IQR). Both PAR and
GSI values were normalized between 0 and 1 within UAV flight
intervals to enable direct comparison of their temporal
trajectories. The normalization removed differences in
magnitude among the different GSIs, allowing us, in this phase,
to focus specifically on how accurately the GSI curves
approximate PAR dynamics.

The degree of similarity of the GSI curve to PAR trajectory was
assessed through means of approximate area between the curves
(AABC). The approximate difference between the GSI time
series and the corresponding PAR curve was then quantified
using the trapezoidal rule (Atkinson, 1989), providing an
estimate of the area between the curves over the measurement
period. Over the daily measurement period, assuming that the
curve between two time steps is roughly linear, the trapezoid area
between each time interval was calculated hourly as per Eq. 7

_ diffy—diffus

A
tr 2

t (7
where diff; is the difference between the two curves at time t,
dif f;+1 is the difference between the two curves at the next time
point, and At is the time interval between the two points (in
hours). The total difference between the two curves across the
entire daily measurement period was then computed according to
Eq. 8.

AABC = XA, (©))]
3. Results
3.1. Week 33 Js-GSI logistic regression

The results of the logistic regression between Js data and the GSI
in Week 33 (Figure 4) revealed significant relationships of Js with
GSCRI1 (in both formulations) and PRIss0.530, with a Pseudo-R?
ranging roughly between 0.2 and 0.3, considerably low p-value
(p <0.001) and RMSE within 0.3. Logistic regression failed to
converge for the GSCR2ms model due to low variability in the
dataset.
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Figure 4: Results of the Js-GSI logistic regression in Week 33.
Number of stars indicates p-value significance (* = 0.01-0.05;
**=0.001-0.01; *** <0.001).

3.2. Week 39 Yicar-GSI linear regression

Results of the linear regression between the Week 39 Wiear data
and GSI are presented in Figure 5. The models revealed no
significant relationships with most GSIs, except for a slightly
significant one with one of the PRI formulations (PRIss0-530), an
R? value of around 0.3 and a RMSE of 0.34.
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Figure 5: Results of the Wicar-GSI linear regression in Week 39.
Number of stars indicates p-value significance (* = 0.01-0.05;
**=0.001-0.01; *** <0.001).

3.3. PAR-GSI curve relationships

The normalized PAR and GSI curves for each Week are presented
in Figure 6. Daily patterns indicate that GSI temporal dynamics
varied significantly between the two weeks. Only GSCR2wms
consistently tracked PAR trajectories in both weeks.

PAR-GSIs, Week 33
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Figure 6: Normalized PAR and GSI curves for Week 33 (top)
and Week39 (bottom).

The specific AABCs (Table 3) confirm the findings deduced from
the curve plots and reveal that the GSIs that most closely
followed the daily PAR dynamics around peak time varied in
each Week, with the exception of GSCR2ms. GSCR indices
generally outperformed PRI, with two (Week 33) and three
(Week 39) formulations more closely following PAR dynamics
than both PRIs. To allow comparability between the weeks, per-
hour AABC was also computed to account for the effect of the
different intervals between the first and last UAV flight.

GSI Week AABC. over ﬂ.le AABC per

measuring period hour
GSCRl1wms 1.38 0.20
GSCR2wms 0.55 0.08
GSCR1 2 33 1.50 0.21
GSCR2 r2 0.56 0.08
PRIs30-570 4.22 0.60
PRIss0-530 1.28 0.18
GSCR1ums 0.29 0.10
GSCR2wms 0.17 0.06
GSCR1 2 39 0.28 0.09
GSCR2 r2 1.37 0.46
PRIs30-570 1.99 0.66
PRIss0-530 0.43 0.14

Table 3: Results of the area between curves computation for
each Week.

4. Discussion

The results of the Week 33 Js-GSI relationships reveal that
logistic regression is suitable to model the response of daily tree
hydraulic status using hyperspectral indices. Tree physiological
mechanisms rarely follow a linear dynamic, as they involve
complex interactions and interconnected processes (e.g. Li et al.,

2022; Nasiri et al., 2025; Osland et al., 2015), and the simple
linear function that we fitted precedingly and for the sake of
brevity didn’t report here didn’t capture as much variability in
our dataset as the logistic regression we later chose to employ,
which is better suited to follow daily Js dynamics through the
monitoring of changes in crown reflectance, as suggested by
previous studies where the relationship between sapflow data and
other environmental variables were investigated (e.g. Gimenez et
al., 2019; O’Brien et al., 2004).

The two GSCR1 formulations (Figure 4) capture a satisfactory
level of variability in the Js dataset, with moderate decrease
within certain GSI value ranges, preceded a plateau, suggesting a
decoupling between canopy greenness or photosynthetic activity
and Js, possibly due to the involvement of regulatory mechanisms
of photoprotection (Niyogi, 1999) or cooling (Krich et al., 2022).
PRIss0.530 also follows a similar trend. While the Pseudo-R?
values, roughly between 0.2 and 0.3, are not considerably high,
they are deemed acceptable in experimental designs involving
open-environment measurements such as the one we conducted
here, where there is a strong effect of external factors such as soil
characteristics, moisture, or single tree differences (Lin &
Wiegand, 2023). Furthermore, the goodness of these models is
proved by their significant p-value and acceptable RMSE (within
the limit of 0.3) for evaluation of trends in a dataset acquired
within open-environment conditions.

Moving to Week 39 Wier (Figure 5), the results of the linear
regression appear mostly insignificant, save for the PRIsso-s530
model, which, however, has higher than acceptable RMSE (>
0.3), pointing to the fact that the index poorly captures the
underlying trend in the Wiear data. This can be attributed to several
factors, such as the small number of observations (20 in total,
collected in a single day), lower temporal coupling accuracy with
the GSI dataset and larger error possibility due to human handling
of the samples. However, the Wiear-GSI relationships noticeably
show similar patterns to the Js-GSI ones, with similar trends,
suggesting that similar ecophysiological mechanisms could be at
play. It is therefore possible that, if a larger number of
observations were available, more solid conclusions could be
drawn regarding the Wieat-GSI relationship. This will be explored
further in subsequent work, as more Wieaf measures are going to
be collected in the stand presented here as well as in another
experimental site within the Tonnersjéheden forest.

The analysis of the relationship between PAR curves and GSI
time series (Figure 6) indicates that no robust, generalizable
pattern exists across both weeks, with the exception of GSCR2wms,
which consistently mirrors PAR. However, GSCR indices
generally outperform PRI, with at least two (Week 33, Figure 6 —
top) or three (Week 39, Figure 6 — bottom) indices capturing the
increase, peak, and decline of the PAR trajectory, as further
supported by the AABC results (Table 3). This supports what was
already suggested by Huo et al. (2024) regarding the greater
potential of GSCR indices in capturing the photochemical
functioning of vegetation.

Overall, the PAR-GSI time series relationships appear to be
week-specific. It is possible that at different times of the year,
different GSI may be more appropriate in tracking photosynthetic
dynamics in Norway spruce, due to shifts in pigment
concentrations (Hejtmanek et al., 2022). In this sense,
confronting GSI  curves with  photosynthesis-related
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physiological mechanisms, such as LUE and Sun-Induced
Fluorescence (SIF) measurements, might reveal additional
underlying patterns in the suitability of GSI when tracking these
dynamics. Additionally, the circumstances of image acquisition
(e.g. differences in illumination, sun-sensor geometry, and
imaging intervals between two separate times of the year) could
contribute to variability in the digital number values recorded by
the hyperspectral sensor, highlighting an additional source of
uncertainty to be addressed in future research. Ultimately,
additional studies at this stand, as well as at another site within
the Tonnersjoheden experimental forest, will further investigate
and clarify the drivers underlying differential GSI trajectories.
Such work will also incorporate comparisons with the additional
site within the experimental forest and address sources of
uncertainty and differential behaviors, not presented here for the
sake of brevity.

5. Conclusions

In this study, we compared the performance of six GSIs in
tracking daily hydraulic status dynamics in a Norway spruce
stand. We achieved this by comparing intra-daily drone
acquisitions in two different times of the year with daily, single-
tree Js and Wieaf measures as well as with PAR curves as a driver
of LUE.

Overall, GSIs proved effective in tracking daily variations in tree
hydraulic status through changes in crown reflectance. Among
the tested indices, the two GSCR1 formulations consistently
showed a significant relationship with Js measures, generally
outperforming the commonly employed PRI. In contrast, Wicar
measurements were less conclusive: although they exhibited
trends broadly consistent with Js-GSI relationships, their more
limited temporal resolution and potential mismatches between
measurement and flight timing likely reduced their explanatory
power. With improved temporal alignment and a larger dataset,
Wieat could provide more robust insights into their daily
dynamics. No clear relationships emerged between PAR and GSI
trajectories save for one GSI (GSCR2wms), suggesting that shifts
in greenness due to different times of the year, as well as imagery
acquisition circumstances, might be affecting these interactions.
This highlights the complexity of linking spectral indices directly
to radiation-driven physiological processes under field
conditions.

Overall, our findings demonstrate the potential of high-resolution
hyperspectral imaging for monitoring tree hydraulic processes at
fine temporal scales. However, some of the contrasting responses
observed between the two weeks regarding the PAR-GSI
relationship underscore the importance of accounting for specific
conditions, as assessing relationships between physiological and
spectral data at different times of the year, even on the same site,
can lead to divergent responses. Furthermore, caution should be
given to the imagery acquisition phase, as subtle differences in
flight timing, illumination and sun-sensor geometry can
significantly influence spectral values. Future work will focus on
expanding the dataset and refining acquisition protocols to
improve characterization of GSI behavior in relation to
ecophysiological processes, and to better disentangle the
environmental drivers underlying week-specific dynamics.
Incorporating data from an additional stand within the site, along
with a systematic assessment of the factors driving divergent
trajectories, will further clarify the relationships between tree

physiological variables and GSI. This will also enable a more
robust evaluation of the GSI’s suitability for tracking vegetation
dynamics across stands and throughout different periods of the
year.
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