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Abstract: Forest condition assessment based only on field observations can be limited when crown
deterioration is not clearly linked to recorded damage. This study integrates ICP Forests Level II
terrestrial observations with multi-sensor Earth Observation (EO) data to assess forest condition at two
Serbian monitoring plots, Odzaci and Fruska Gora, during the 2025 growing season. Field data
included crown defoliation, defoliation classes and tree damage records, while EO indicators included
Sentinel-2 vegetation, moisture and disturbance indices, Sentinel-1 radar backscatter and MODIS
daytime land surface temperature.

ICP observations showed poorer crown condition at OdzZaci, with higher mean and median defoliation
than Fruska Gora (35.5% and 30.0% vs. 24.1% and 15.0%), fewer trees in the low-defoliation class, and
more frequent recorded damage.

EO indicators showed statistically supported consistency with this terrestrial pattern. Mean Sentinel-2
greenness indices were similar between plots, including NDVI (0.858 + 0.042 at OdZzaci vs. 0.859 + 0.036
at Fruska Gora) and NDMI (0.329 + 0.044 vs. 0.329 + 0.037), but seasonal trajectories were more
informative. NDMI declined more strongly at Odzaci (-0.0289 vs. -0.0217 month; p = 0.046), while
MSI (+0.0332 vs. +0.0245 month; p = 0.033) and BSI (+0.0297 vs. +0.0208 month-?; p = 0.020) increased
more strongly. MODIS daytime LST was also significantly higher at Odzaci (28.49 + 4.94°C) than at
Fruska Gora (23.64 + 4.69°C; p <0.001), and Sentinel-1 VH and VV backscatter were significantly lower
at Odzaci.

The results show that satellite-derived indicators, particularly NDMI, MSI, BSI, MODIS LST and
Sentinel-1 backscatter, were statistically consistent with field-assessed crown condition at Odzaci. EO
data therefore complemented ICP Forests observations by identifying moisture, thermal and structural
signals associated with field-observed crown deterioration. The results should be interpreted as a pilot-
scale ICP-EO consistency assessment rather than a regional validation or direct causal attribution of
drought.

Keywords: ICP Forests Level II, Sentinel-2, Sentinel-1, MODIS LST, canopy defoliation, moisture stress,
forest health, Serbia.
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1. Introduction

Forests provide essential ecosystem services, including carbon sequestration, climate regulation
through biophysical feedbacks (e.g. albedo and evapotranspiration), biodiversity conservation, and
protection against natural hazards. However, forest ecosystems are increasingly exposed to interacting
pressures from climate change and air pollution, resulting in chronic stress, disturbance amplification,
and more frequent episodes of decline and mortality (Stojanovic et al. 2021). In Europe, rising
temperatures, altered precipitation regimes, and increasing frequency of drought and heat extremes
are widely recognized as major drivers of reduced vitality and forest dieback, often interacting with
additional stressors such as nitrogen deposition, tropospheric ozone, pests, pathogens, and legacy
effects of past management (de la Cruz et al. 2014; Galic et al. 2018; Gessler et al. 2022). These stressor
interactions are complex and frequently non-linear, making it challenging to distinguish gradual
decline from abrupt disturbance impacts and to attribute observed changes to specific drivers (Pavlovic
et al. 2017).

Long-term, standardized ground-based monitoring is therefore essential for detecting trends,
diagnosing causes, and supporting adaptive forest management and policy decisions. In Europe, the
International Co-operative Programme on Assessment and Monitoring of Air Pollution Effects on
Forests (ICP Forests) represents one of the most comprehensive transnational forest monitoring
networks worldwide (Eichhorn et al. 2020). It provides harmonized information on crown condition,
growth, deposition, soil and foliage chemistry, and multiple indicators of forest functioning (Bussotti
et al. 2024; Galic et al. 2025; Gessler et al. 2022). ICP Forests operates at two complementary levels. Level
I consists of a large-scale systematic grid of plots primarily focused on crown condition assessment and
damage symptoms, allowing representative evaluation of spatial and temporal variability in forest
condition. Level II comprises intensive monitoring plots designed to investigate cause—effect
relationships between forest condition and environmental stressors through detailed measurements of
tree growth, foliar chemistry, soil properties, atmospheric deposition, and ecosystem processes (Gessler
et al. 2022; Vasic et al. 2020). Since defoliation is not a cause-specific indicator of tree vitality, its
interpretation benefits from additional physiological, environmental, and remotely sensed indicators
that help distinguish between biotic damage, drought stress, and broader site-related effects (Bussotti
et al. 2024). Annual technical assessments provide a consistent overview of forest condition across
Europe and repeatedly identify drought and biotic disturbances among the dominant drivers of
damage (Michel et al. 2022).

Despite their scientific robustness, ground-based monitoring networks face practical limitations.
Field surveys are labor-intensive, costly, and spatially sparse relative to the landscape scale at which
disturbances unfold. Many crown condition indicators rely partly on expert assessment and are
difficult to upscale to regional or national levels. Furthermore, annual or multi-year observation cycles
may not capture within-season stress dynamics or rapidly developing disturbance events. For these
reasons, there is growing consensus that ground-based monitoring should be complemented by Earth
Observation (EO) systems capable of providing spatially continuous and temporally frequent
information (Ferretti et al. 2024; Guerrieri et al. 2025).

Remote sensing (RS) has become a central tool in forest health assessment because it enables
repetitive, synoptic, and objective observation of canopy condition. The contribution of RS to drought
impact assessment has been recognized for decades, particularly for mapping spatial patterns of stress
and quantifying recovery trajectories (Deshayes et al. 2006). Modern multispectral, radar, and LiDAR
sensors capture stress-related changes through variations in canopy reflectance, structure, and
moisture status. The conceptual framework of “spectral traits” and “spectral trait variations”
emphasizes that environmental stress modifies canopy biochemical and structural properties, which
can be detected as changes in spectral signals across space and time (Lausch et al. 2016, 2017). However,
similar spectral responses may arise from different stressors, limiting causal interpretation when RS is
used in isolation. Consequently, multiple reviews underline the necessity of integrating RS with
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standardized in situ measurements to ensure ecological validity and operational applicability (Drechsel
and Forkel, 2025; Pause et al. 2016).

Empirical studies increasingly demonstrate the value of combined ground and RS approaches.
For example, Moreno-Fernandez et al. (2022) integrated dendrochronological tree-ring data with
satellite-derived greenness and wetness indices to analyze drought-induced dieback in Mediterranean
pine forests. Their results showed that tree growth and spectral trajectories provide complementary
information, with drought impacts often more pronounced in radial growth than in canopy spectral
indices. Such multiscale analyses highlight the importance of integrating tree-level and stand-level
indicators to disentangle mechanisms driving forest decline. This approach is particularly relevant
within the ICP Forests framework, where plot-based assessments of defoliation and damage can be
contextualized using spatially continuous RS indicators.

The Copernicus Sentinel missions provide an especially strong foundation for operational
integration with ICP Forests data. Sentinel-2 MSI provides 13 spectral bands, including 10 m visible
and near-infrared bands and 20 m red-edge and short-wave infrared bands, which are widely used for
vegetation and forest-cover change assessment (Drusch et al 2012; Pelc-Mieczkowska et al. 2021).
Sentinel-1 radar imagery adds structural and moisture-related information independent of cloud
conditions (Hellwig et al. 2026; Paluba et al. 2025), while Sentinel-3 (ESA 2024) and Sentinel-5P provide
complementary data on land surface temperature (Ghent et al. 2024) and atmospheric pollutants,
respectively (Hoek van Dijke et al. 2023). Together, these missions support multi-sensor analyses
linking canopy condition, climatic stress, and pollution exposure (Le et al. 2024).

Recent studies explicitly connecting Sentinel data with ICP Forests plots demonstrate the
feasibility of such integration. Molnar et al. (2025) combined Sentinel-2 imagery, Google Earth Engine
cloud processing, and ICP Forests Level I and Level II observations in Hungary to produce
standardized NDVI anomaly maps and classify forest health severity. Their results showed agreement
between satellite-derived anomaly classes and field-based defoliation assessments, confirming the
usefulness of Sentinel-2 time series for complementing ICP Forests monitoring. Similarly, Alekseev and
Chernikhovskii (2022) demonstrated that statistical processing of Sentinel-2 data together with ICP-
style plot information enables scaling of forest condition assessment from plot samples to regional
mapping using machine learning approaches (Estrada et al. 2023). Beyond crown condition, ICP Forests
data have also been used to calibrate RS-derived ecological traits. Loozen et al. (2020) successfully
mapped canopy nitrogen across European forests using remotely sensed predictors combined with
environmental variables and ICP calibration data, illustrating how plot networks can anchor continent-
scale modelling efforts. Sentinel-2 time-series and change-detection approaches have been successfully
applied for detecting both gradual drought-related forest decline and sudden disturbance events,
particularly when supported by higher-resolution validation data (Acs et al. 2026; Vulova et al. 2025).

Level II measurements such as leaf area index (LAI) further support integration workflows.
Operational LAI determination at ICP Level II plots following standardized protocols provides reliable
ground reference data that can be compared with satellite-derived biophysical products (Mitrovi¢ et al.
2021). Moreover, studies analyzing spectral index sensitivity to defoliation (Marx and Kleinschmit,
2017) demonstrate that combining vegetation indices (NDVI and red-edge-based metrics) can improve
discrimination across stress severity gradients. Because individual vegetation indices may be primarily
sensitive to specific canopy properties, such as greenness or water content, multi-index approaches are
often preferred for vegetation health assessment under combined stress conditions (Kumar et al. 2025).
Long-term structural mapping using multi-sensor synergies, including multispectral and LiDAR data,
also shows that satellite time series can capture trends in biomass, canopy cover, and height (Matovic
et al. 2024; Tanase et al. 2024), reinforcing the potential of RS for monitoring structural forest attributes.

Despite rapid technological advances, systematic implementation of RS-based forest health
assessment aligned with ICP standards remains limited (Drechsel and Forkel, 2025). The literature
consistently emphasizes that future forest monitoring systems must integrate long-term ground
observations with EO products to achieve scalable, comparable, and policy-relevant assessments
(Ferretti et al. 2024; Guerrieri et al. 2025). The central methodological challenge is to harmonize field-
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measured parameters and satellite-derived proxies, ensuring conceptual alignment, reproducibility,
and uncertainty awareness.

Although the individual EO indicators used in this study are well established, their structured
application to Serbian ICP Forests Level II plots provides a pilot case for operationally linking national
ground-based forest monitoring with spatially continuous Sentinel-derived indicators. Against this
background, the present study aims to apply and evaluate a plot-scale ICP-EO integration workflow
at two Serbian ICP Forests Level II plots for the 2025 growing season. Specifically, the study seeks to (i)
establish a conceptual linkage between field-measured ICP variables and satellite-derived proxies, (ii)
evaluate the consistency between ground-based observations and EO indicators, and (iii) explore the
most likely stress signatures associated with canopy condition at the two study sites, based on the
combined interpretation of field observations and EO-derived indicators. Therefore, the novelty of this
study lies not in the development of a new spectral index or sensor-specific algorithm, but in the plot-
scale implementation and evaluation of an ICP-EO integration workflow under Serbian monitoring
conditions.

A key component of this study is the explicit linkage between ICP variables and EO proxies,
which enables consistent interpretation across observation scales and forms the conceptual basis of the
integration framework. By systematically comparing EO-derived indicators with field observations, the
study contributes to bridging the gap between standardized ground monitoring and spatially
continuous remote sensing-based assessment. Rather than replacing ICP monitoring, satellite data are
treated as a complementary layer that enhances spatial representativeness, temporal resolution, and
the detection of environmental stress signals, while field observations provide ecological interpretation
and validation (Gessler et al. 2022; Molnar et al. 2025; Pause et al. 2016).

2. Material and methods
2.1. Study plots, ICP Forests data and EO datasets

This study was conducted at two ICP Forests Level II monitoring plots in Serbia: Fruska Gora
(FG; 45.1569087° N, 19.8113405° E, Figure 1) and OdZaci (ODZ; 45.4553233° N, 19.1737379° E, Figure 2).
The analysis integrates terrestrial ICP Forests observations with multi-sensor Earth Observation (EO)
data for the 2025 growing season.

Figure 1. RGB drone overview of the Fruska Figure 2. RGB drone overview of the Odzaci ICP
Gora ICP Forests Level II monitoring plot. Forests Level II monitoring plot.
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ICP Forests data included tree-level crown condition and damage observations. Crown condition
was represented by defoliation values and defoliation classes, while damage information included tree
damage records and damage intensity. Tree-level crown-condition and damage records were linked
using unique tree identifiers, and only trees with matched records were included in the direct field-
data comparison. For EO integration, tree-level ICP observations were aggregated to the plot level and
used as terrestrial reference information for interpreting satellite-derived indicators.

EO datasets were selected according to their sensitivity to canopy condition, availability during
the 2025 growing season, and suitability for plot-scale extraction. Sentinel-2 multispectral imagery was
used as the main optical dataset. Reflectance bands in the visible, red-edge, near-infrared and short-
wave infrared domains were used to derive vegetation, pigment, moisture and disturbance-related
indices. Sentinel-1 C-band SAR data were used to complement optical observations with radar-based
information on canopy structure and moisture-related scattering properties. VV and VH backscatter
coefficients were derived from Ground Range Detected products and expressed in decibels. MODIS
daytime land surface temperature was used as the thermal indicator because of its high temporal
frequency and suitability for seasonal thermal characterization.

EO indicators were extracted at the plot level using buffer-based sampling around the ICP plot
coordinates. Sentinel-2 and Sentinel-1 variables were extracted using a 50 m plot buffer, while MODIS
LST was extracted using a 1000 m buffer to account for the coarser spatial resolution of the thermal
product. Sentinel-2 observations were cloud-masked before index calculation, and only valid
observations from May to September 2025 were retained for the seasonal EO analysis. For each valid
observation date and plot, EO values were summarized using mean values, while standard deviation
was used where applicable to describe variability.

To document the EO data basis used for statistical analysis, the number of valid observations
retained for each sensor and plot is summarized in Table 1. The analysis was restricted to the May—
September 2025 growing season in order to capture peak canopy activity and late-season stress
development. For each valid date, satellite values were extracted within the plot buffer and
summarized to a plot-level value. These plot-level time series were then used to calculate seasonal
means, standard deviations and monthly trends.

2.2. EO-derived indicators and ICP-EO conceptual linkage

EO-derived indicators were selected to represent canopy greenness, photosynthetic activity,
pigment and chlorophyll status, canopy moisture, moisture stress, surface/canopy opening,
productivity-related canopy function, thermal environment, and radar-based structural or moisture-
related properties. Sentinel-2 multispectral bands in the visible, red-edge, near-infrared (NIR), and
short-wave infrared (SWIR) domains were used to calculate vegetation, moisture, pigment, and
disturbance-related indices. Sentinel-1 VV and VH backscatter were used as radar indicators of canopy
structure and moisture-related scattering, while MODIS daytime land surface temperature (LST Day)
was used as a contextual thermal indicator.

The following Sentinel-2 indices and proxies were calculated:

NDVI - Normalized Difference Vegetation Index

NDVI = (NIR - Red) / (NIR + Red)

NDVI was used as an indicator of canopy greenness and photosynthetic activity. It is widely
applied in vegetation and forest monitoring, although its sensitivity may decrease in dense forest
canopies because of saturation effects (Huang et al. 2021; Huete, 2012; Yan et al. 2025).

EVI — Enhanced Vegetation Index

EVI=2.5x (NIR - Red) / (NIR + 6 x Red — 7.5 x Blue + 1)

EVI was used as an additional greenness and canopy-activity indicator because it reduces
atmospheric and soil-background effects and improves sensitivity in high-biomass vegetation
compared with NDVI (Huete, 2012; Yan et al. 2025).
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Table 1. Earth Observation datasets used for plot-level extraction during the 2025 growing season.

Valid Spatial
EO dataset  Period used Temp.oral observa‘fions resoluti.on/ Vari.ables Aggregation
basis used in extraction derived used
analysis buffer
Sentinel-2 May- Cloud- FG:50; ODZ: 10-20m NDVI, EVI, Mean value
MSI September masked valid 29 bands; 50 m NDRE, per valid
2025 observations plot buffer Clred-edge,  dateand
during MTCI, plot;
growing NDMI, MSI, seasonal
season BSI, FAPAR mean + SD;
proxy, linear
productivity ~ monthly
proxy trend
Sentinel-1 May- Available FG:76; ODZ: ~10m;50m VH and VV Mean value
SAR September VV/VHGRD 76 plot buffer backscatter per valid
2025 acquisitions date and
plot;
seasonal
mean * SD;
Mann-
Whitney U
comparison
MODIS LST May- Valid FG: 101; ~1 km; 1000 Daytime Mean value
Day September daytime LST ~ ODZ: 105 m plot buffer land surface  per valid
2025 observations temperature  date and
plot;
seasonal
mean + SD;
Mann—
Whitney U
comparison
MODIS May- Available NDVI/EVI: Product- LAI proxy, Seasonal
vegetation/b  September valid product FG: 10, ODZ: dependent; FAPAR mean + SD
iophysical 2025 observations  10; plot-level proxy and and
products LAI/FPAR: extraction productivity-  exploratory
FG: 39, ODZ: related proxy trend
39 comparison

Note: Valid observations refer to observations retained after sensor-specific preprocessing, cloud
masking or quality filtering. For each valid observation date, EO values were extracted within the
corresponding plot buffer and summarized at plot level. The reported mean + SD values in the Results
represent temporal variability among valid observations during May-September 2025, after plot-level
extraction, rather than raw pixel-level spatial variability.

NDRE - Normalized Difference Red Edge Index

NDRE = (NIR — Red-edge) / (NIR + Red-edge)

NDRE was used as a red-edge indicator sensitive to chlorophyll content and subtle physiological
changes in vegetation. Red-edge indices are particularly useful for detecting canopy stress before strong
changes are visible in broad greenness indices (Kumar et al. 2025; Yan et al. 2025).

Clred-edge — Chlorophyll Index Red Edge

Clred-edge = (NIR / Red-edge) - 1

Clred-edge was used as an additional chlorophyll-sensitive index, providing information on
pigment-related canopy condition and potential physiological stress (Kumar et al. 2025; Yan et al. 2025).

MTCI — MERIS Terrestrial Chlorophyll Index

10
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MTCI = (NIR - Red-edge2) / (Red-edge2 — Red-edgel)

MTCI was used as a chlorophyll-related index based on the red-edge spectral region. In this
study, it was interpreted as an additional pigment-sensitive indicator of canopy physiological
condition, complementary to NDRE and Clred-edge (Yan et al. 2025; Kulesza et al. 2025).

NDMI - Normalized Difference Moisture Index

NDMI = (NIR - SWIR1) / (NIR + SWIR1)

NDMI was used as an indicator of canopy water content and moisture-related stress. Because
SWIR reflectance is sensitive to vegetation water content, NDMI is suitable for detecting changes in
canopy moisture status (Deshayes et al. 2006; Gao, 1996; Le et al. 2024).

MSI - Moisture Stress Index

MSI = SWIR1 / NIR

MSI was used as a moisture-stress indicator. Higher MSI values indicate lower canopy water
content and stronger moisture stress. It was interpreted together with NDMI to evaluate seasonal
moisture limitation at the plot scale (Kumar et al. 2025; Le et al. 2024; Yan et al. 2025).

BSI — Bare Soil Index

BSI = (SWIR1 + Red — NIR - Blue) / (SWIR1 + Red + NIR + Blue)

BSI was used as an exploratory indicator of bare soil exposure, canopy opening, or mixed soil—
vegetation signal. Higher BSI values were interpreted as stronger surface exposure or canopy-opening
signal, particularly when considered together with defoliation and moisture indicators (Le et al. 2024;
Yan et al. 2025).

FAPAR proxy — Fraction of Absorbed Photosynthetically Active Radiation proxy

FAPAR proxy = EO-derived canopy absorption proxy based on Sentinel-2 vegetation-index
response

The FAPAR proxy was used as an exploratory indicator of canopy functional activity and
absorbed photosynthetically active radiation. It was interpreted only in relative terms between plots
and through seasonal dynamics, not as a direct biophysical FAPAR validation product. FAPAR and
related canopy-function indicators are commonly used to describe vegetation productivity and
photosynthetic functioning in remote-sensing-based forest assessment (Huete, 2012; Tigabu and
Gessesse, 2025; Yan et al. 2025).

Productivity proxy

Productivity proxy = NDVI x NDMI

The productivity proxy was used as an exploratory indicator combining canopy greenness and
canopy moisture status. Lower values or stronger seasonal decline were interpreted as reduced canopy
functional condition. This proxy was not treated as a direct estimate of carbon productivity, but as a
relative plot-scale indicator of vegetation condition combining greenness and water-status information
(Gao, 1996; Huete, 2012; Yan et al. 2025).

MODIS LST Day — daytime land surface temperature

MODIS daytime land surface temperature was used as a contextual thermal indicator. LST
values were converted to degrees Celsius and interpreted as indicators of the daytime surface thermal
environment. Higher LST may indicate reduced canopy cooling, lower evapotranspiration, increased
surface exposure, or a combination of these processes. Therefore, LST was used to support the
interpretation of thermal and moisture-related stress, but not as direct proof of drought causality
(Deshayes et al. 2006; Ghent et al. 2024; Hoek van Dijke et al. 2023).

Sentinel-1 VH and VV backscatter

Sentinel-1 VH and VV backscatter coefficients were used as radar-based indicators of canopy
structure and moisture-related scattering properties. Backscatter values were expressed in decibels
(dB). These variables were interpreted cautiously because radar response depends on canopy
architecture, biomass distribution, surface moisture, acquisition geometry, and phenological
conditions. Nevertheless, optical-radar integration is useful for forest structure, moisture, and
condition assessment (Paluba et al. 2025; Tanase et al. 2024; Vafaei et al. 2021).

11
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To ensure conceptual consistency between terrestrial ICP Forests observations and satellite-
derived indicators, a systematic linkage between ICP variables and EO proxies was established (Table
2). The table presents a broader integration framework showing how different ICP Level Il observations
may be linked with spectral, radar, thermal, atmospheric and productivity-related EO indicators. In the
present study, the statistical analysis was focused on crown condition, defoliation classes and damage
records, while EO indicators were used to characterize canopy greenness, pigment status, moisture
condition, surface exposure, thermal environment and radar-based structural or moisture-related
properties. Other variables listed in Table 2, such as atmospheric exposure, foliar chemistry, biomass
and growth-related indicators, are included as potential extensions of the ICP-EO framework, but were
not used for statistical inference in this pilot analysis.

Table 2. Conceptual framework for linking ICP Forests Level II variables with EO-derived proxies (Le
et al. 2024).

A) Foliage chemistry and canopy condition

ICP Level II What it Meani
¢ .eve Unit al EO proxy Satellite . eanlng./
variable represents interpretation
Nutrient status Red-edge indices
Foliar linked to NDRE; red- . often co-vary with
. % . . Sentinel-2 . .
nitrogen (N) photosynthetic ~ edge metrics pigment/nutrient-
capacity related signals
Pigment pool
Leaf and photo- Chlorophyll-
mg/cm?  synthetic CI(RE), NDRE  Sentinel-2 sensitive red-edge
chlorophyll .
apparatus indices
status
Chlorophyll NDRE/CI(RE)
Pigment relative degre.idatlc')n/ decl?ne Sentinel-2 Reduced pigment
stress physiological  (optional signal under stress
stress anomalies)
Water content/
Leaf i
eaf/canopy % drought NDMI, MSI Sentinel-2 M01sture/v-vzj1t?r
water status . stress sensitivity
impact
LAI (if Canopyleaf g inel-2 LAI , Biophysical
m?/m? area and Sentinel-2 canopy density
measured) product
structure product
B) Soil / surface condition (context + site-level stress)
ICP Level II What it Meani
¢ .eve Unit al EO proxy Satellite . eamng./
variable represents interpretation
Soil moisture Water VV/VH iaifi:teliseltiwty
(surface/near- m3/m? availability/ backscatter Sentinel-1
. structure (context-
surface) wetness (optional)
dependent)
Surface Open soil
dlsturb'ance / index pjatches, BSI Sentinel-2 ngher.BSI =more
bare soil disturbance bare soil exposure
exposure mixtures
Thermal Heating/ Sentinel-3 / Higher LST can'
°C dryness LST product reflect hotter/drier
stress context Landsat ..
context conditions

12
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Table 2. Continue.

C) Atmospheric pollution exposure (drivers)

Exposure Unit What it Product Satellite Interpretation
proxy represents
Spatial gradient . Used as a
1/m?2 T h
NO, column mo /'m of NOx-related ropospheric Sentinel-5P  driver/exposure
(typical) . NO; column
pollution proxy
1/m?2 Dri
SO, column mo /,m SOx .exposure SO, column Sentinel-5P river/exposure
(typical) gradient proxy
Exposure proxy
Os-related Broad -
relate DU road ozone O; product Sentinel-5P  with known
product related proxy .
limitations
A 1 loadi 1
Aerosols AOD erosol loading AOD Sentinel-3 Contextua. .
context atmospheric driver
D) Climate stress context
Variable Unit EO proxy Satellite Interpretation
Temperature MODIS / Sentinel-3/  Proxy for thermal
°C LST .
context Landsat environment
D ht
. roug . NDMI seasonal . Moisture limitation
intensity index . Sentinel-2
dynamics; MSI proxy
context

E) Growth, biomass, productivity (optional layers depending on available plot data)

Variable Unit EO proxy Satellite Interpretation
Aboveground SAR + optical Sentinel-1 + Sentinel-  Requires model-
. t/ha combined proxy . .
biomass . 2 based estimation
(optional)
FAPAR- 1-dri
Productivity gC/m?/yr . based proxy Sentinel-2 Mode c%rllven
(optional) productivity proxy
].DBH mm/yr NDV.I seasoTlal Sentinel-2 Proxy only; indirect
increment metrics (optional)

List of Abbreviations: EO: Earth Observation; RS: Remote sensing; MSI: MultiSpectral Instrument
(Sentinel-2); SAR: Synthetic Aperture Radar (Sentinel-1); NIR: Near-infrared; SWIR: Short-wave
infrared; NDVI, EVI, NDMI, NDRE, MSI, CI(RE), NBR, BSI: vegetation indices (defined above); LAI:
Leaf Area Index; FAPAR: Fraction of Absorbed Photosynthetically Active Radiation; LST: Land Surface
Temperature. The relationships defined in Table 2 were used to guide the selection and interpretation
of EO-derived indicators. The quantitative ICP-EO comparison was restricted to variables available for
both plots during the 2025 growing season.

Note: The table shows the broader potential for ICP-EO integration. The quantitative analysis in this
study used ICP crown condition and damage records, Sentinel-2 indices, Sentinel-1 VH/VV backscatter
and MODIS daytime LST. Atmospheric exposure variables, foliar chemistry, biomass and growth-
related indicators were included as conceptual extensions but were not analyzed statistically.

2.3 Statistical analysis

Descriptive statistics were calculated for ICP and EO-derived variables. For ICP field
observations, tree-level data were summarized at the plot level using mean and median defoliation,
defoliation classes, and the proportion of trees with non-zero damage records. Differences between
plots in categorical ICP variables were evaluated using Fisher’s exact test because of the small sample
size and categorical structure of the data. In the statistical tables, mean + SD values represent temporal

13
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variability among valid observation dates during May-September 2025, after plot-level extraction for
each date. Therefore, these values should be interpreted as seasonal temporal variability rather than
within-plot spatial variability, unless explicitly stated otherwise.

EO-derived indicators were analyzed for the May-September 2025 growing-season period. For
each plot and indicator, valid observations were summarized using mean and standard deviation.
Between-plot differences in EO indicator distributions were evaluated using the Mann-Whitney U test.
Seasonal EO trends were calculated using linear regression slopes for each indicator and plot, expressed
as index units per month. For MODIS daytime LST, slopes were expressed as °C per month. Differences
in seasonal trends between OdZaci and Fruska Gora were evaluated using a site x time interaction term.
EO preprocessing and extraction were performed in Google Earth Engine, while statistical analyses and
tabular summaries were performed in Python. Statistical tests included Fisher’s exact test, Mann—
Whitney U tests and linear regression models with site x time interaction.

Because only two ICP Forests Level II plots were included, formal correlation analysis between
plot-level ICP variables and EO indicators was not used for statistical inference. Instead, the
relationship between terrestrial and satellite observations was evaluated using an exploratory ICP-EO
consistency assessment. Odzaci was treated as the plot with poorer field-assessed crown condition
based on higher defoliation and more frequent recorded damage. EO indicators were then evaluated
according to whether they showed the expected response at OdZzaci relative to Fruska Gora. For
greenness, pigment, moisture and productivity-related indicators, the expected response was lower
values or stronger seasonal decline. For moisture-stress, disturbance, thermal and radar indicators, the
expected response was stronger seasonal increase, higher LST, or altered/lower radar backscatter.
Statistical significance was evaluated at p<0.05, and all results were interpreted as exploratory plot-
scale evidence rather than regional validation or causal attribution.

3. Results
3.1. Integrated field and remote sensing assessment of canopy condition

The integrated analysis of field observations and satellite-derived indicators revealed a clear
difference in crown condition between the two study plots, while also showing that field-recorded
damage alone did not fully explain the observed defoliation pattern. The combined dataset indicated
an EO pattern consistent with moisture limitation and thermal stress, especially at the Odzaci site.
Crown condition (TRC/TRE) refers to defoliation-based assessments, while TRD/TRF variables describe
damage symptoms and identified causal agents.

Field observations indicated poorer crown condition at OdZaci compared with Fruska Gora.
Odzaci had higher mean and median defoliation, a lower proportion of trees in the low-defoliation
class (<25%), and a higher proportion of trees in the moderate defoliation class (25-59%). Fisher exact
tests confirmed a significant difference in the proportion of trees with low defoliation (<25%; p = 0.040)
and in the proportion of trees with non-zero TRD records (p < 0.001). The difference in the proportion
of trees with moderate defoliation was marginal (p = 0.054), while differences in severely defoliated
trees (260%) and completely defoliated trees were not statistically significant. Nevertheless, both severe
and complete defoliation were numerically more frequent at Odzaci, suggesting a less favorable crown
condition at this plot (Table 3).

Although damage records were more frequent at Odzaci, the dominant damage intensity
remained low to moderate. This indicates that higher defoliation was not fully proportional to recorded
damage intensity, supporting the need to interpret ICP crown condition together with EO-derived
indicators of canopy moisture, thermal conditions, and structural change.

Sentinel-2 optical indicators showed generally similar mean values between the two plots during
the May-September 2025 growing season (Table 4). Mean NDVI was almost identical at Fruska Gora
and Odzaci (0.859 + 0.036 vs. 0.858 + 0.042; p = 0.883), indicating that average canopy greenness did not
clearly separate the two plots. However, the seasonal NDVI trend was more negative at OdZzaci than at
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Fruska Gora (-0.0142 vs. —0.0053 month), suggesting a stronger seasonal decline in greenness at the
plot with poorer ICP crown condition, although the difference in slope was not statistically significant

(interaction p = 0.157).

Table 3. TRC-TRD summary and exploratory statistical comparison between plots.

Frusk istical -
Indicator ruska Odzaci Difference Statistica P Interpretation

Gora test value
Number of 40 18 i ) ) =
trees
Mean Higher mean
defoliation 241 35.5 +11.4 Descriptive - defoliation at OdZzaci
(%)
Median Higher median
defoliation 15.0 30.0 +15.0 Descriptive - defoliation at OdZzaci
(%)
Trees with . Significantly fewer
defoliation 27 (67.5%) @ zlfo/ ) -25.4 pp Flsh:;[zxact 0.040 low-defoliation trees
<25% o at OdZaci
Trees with . Marginally higher

17 Fish t
defoliation 9 (22.5%) (44.7%) +22.2 pp s fersfixac 0.054 moderate defoliation
25-59% o at Odzaci
Trees with Fisher exact Not significant
defoliation 4(10.0%) 5(13.2%) +32pp 0.734
test
260%
Trees with Fisher exact Not significant
100% 1(25%) 4(105%) +8.0pp 0.195
Gy test
defoliation
Trees with . Significantly more
Fish
non-zero TRD 27 (67.5%) 58 +32.5 pp isher exact <0.001 trees with recorded
(100.0%) test ..
record damage at Odzaci
Pomlr.lant Mostly o Low—mtensrcy
intensity Mostly 1 12 = Descriptive = damage dominates
at both plots
Extreme 3 trees Mortality more
intensity class 6; 1 4 trees . frequent at Odzaci
- Descriptive -
tree class class 7
7

Note: Fisher exact tests were applied to categorical tree-count data because of small group sizes. Mean
and median defoliation values are presented descriptively in this table; categorical defoliation classes
were used for statistical comparison because they directly correspond to the ICP crown-condition
classification used in the plot-level assessment.

A similar pattern was observed for EVI and red-edge indicators. Mean EVI was slightly higher
at Odzaci than at FruSka Gora (0.645 + 0.070 vs. 0.635 + 0.083; p = 0.467), while both plots showed a
declining seasonal trend, with a somewhat stronger decrease at Odzaci (-0.0462 vs. —=0.0398 month?;
interaction p = 0.483). Mean NDRE values were also very similar between Odzaci and Fruska Gora
(0.652 £ 0.039 vs. 0.651 + 0.035; p = 0.629), but the seasonal decline was stronger at Odzaci (-0.0144
month™) than at Fruska Gora (-0.0050 month). Although this trend difference was not statistically
significant (interaction p = 0.117), it was directionally consistent with the poorer ICP crown condition
observed at Odzaci.
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Table 4. Statistical consistency between ICP crown condition and EO-derived seasonal indicators
during the 2025 growing season.

Expected Frugka
EO response Gora Odzaci p- FG OoDZ .Trend ICP—EO
. 1 under poorer mean + trend trend difference .
indicator mean * value consistency
ICP crown SD SD month' month-! p-value
condition
Lower / Directional
NDVI stronger 0859x 088 63 0003 -00142 0157 trend, not
. 0.036 0.042 ot
decline significant
Lower / Weak
.635 = .645 =
EVI stronger 0635+ 0685 167 00398 -00462 0483 directional
. 0.083 0.070
decline trend
Lower red- Directional
edgesignal/  0.651+ 0.652+ ~ ~ trend, not
NDRE stronger 0.035 0.039 0629 0.0050 00144 0117 significant
decline
Lower Directional
824 831+
Clred-edge  chlorophyll. e ® 3815006 00968 -02556 0103 trend, not
. 0.566 0.667 s
related signal significant
Lower Directional
chlorophyll- 3925+ 3.775% level and
WAORCI related signal 0.581 0.498 LIk Lt YU L2 trend, not
significant
Lower Supported
canopy by
. 0329+ 0329+ Do
NDMI moisture / 0.037 0.044 0.915 0.0217 0.0289 0.046 significant
stronger trend
decline
Higher Supported
moisture by
MSI stress / 0507+ 0308+ 507 100245 400332 0033 significant
0.041 0.050
stronger trend
increase
Higher bare- Supported
BSI soilfeanopy  ~0301 0299 015 o008 400207 0020 Y
opening +0.036  +0.046 significant
signal trend
Lower Weak
2179+ 2215+
LAIproxy  canopy 0% > 0467 01438 01673 0483 directional
: 0.299 0.255
density trend
Lower Directional
Fi}:{AR canopy 0(.)9(4)1;31 0(')9356 f 0.756  -0.0055 -0.0168 0.138  trend, not
proxy function ' ' significant
Productivity 0" 0816+ 0.815+ Directional
Y productivity 0 U °% 0883 -00101 -0.0280 0129 trend, not
proxy . 0.068 0.079 o
signal significant
Higher Supported
daytime by
g[gms LT thermal 21'.66? ziéii <0001 +1.119  +1.130 0981  significant
stress mean
difference

Chlorophyll-related indicators showed the same general tendency. Clred-edge had similar mean
values at both plots (Odzaci: 3.831 + 0.667; Fruska Gora: 3.824 + 0.566; p = 0.586), but declined more

16



Topola/Poplar 2026, 217, 5-22 www.ilfe.org

strongly at Odzaci (-0.2556 month™1) than at Fruska Gora (-0.0968 month-?; interaction p = 0.103). MTCI
was numerically lower at Odzaci than at Fruska Gora (3.775 + 0.498 vs. 3.925 + 0.581; p = 0.198), and
also showed a stronger seasonal decline at Odzaci (—0.2015 vs. -0.1141 month™?; interaction p = 0.327).
These results suggest that pigment- and red-edge-related EO indicators showed directional consistency
with ICP crown condition, but without statistically significant between-plot differences.

Moisture-related indicators provided stronger support for the ICP-based interpretation. Mean
NDMI values were nearly identical between OdZaci and Fruska Gora (0.329 + 0.044 vs. 0.329 + 0.037; p
= 0.915), but the seasonal decline was significantly stronger at Odzaci (-0.0289 month) than at Fruska
Gora (-0.0217 month™; interaction p = 0.046). Similarly, mean MSI values were very similar between
plots (Odzaci: 0.508 + 0.050; Fruska Gora: 0.507 + 0.041; p = 0.907), but MSI increased more strongly at
OdZzaci (+0.0332 month) than at Fruska Gora (+0.0245 month), and this difference in seasonal trend
was statistically significant (interaction p = 0.033). This indicates that the plot with poorer ICP crown
condition also showed a stronger seasonal tendency toward decreasing canopy moisture and increasing
moisture stress.

The disturbance-related BSI showed a similar pattern. Mean BSI values did not differ
significantly between OdZaci and Fruska Gora (-0.299 + 0.046 vs. —0.301 + 0.036; p = 0.819), but BSI
increased more strongly at Odzaci (+0.0297 month™) than at Fruska Gora (+0.0208 month), with a
statistically significant difference in seasonal trend (interaction p = 0.020). This suggests a stronger
seasonal increase in bare-soil, canopy-opening, or mixed soil-vegetation signal at Odzaci, which is
consistent with the higher field-observed defoliation.

Overall, mean Sentinel-2 index values alone provided limited statistical separation between the
two ICP Level II plots. In contrast, seasonal trends were more informative. The strongest ICP-EO
consistency was observed for moisture- and disturbance-related indicators: NDMI declined
significantly more strongly at OdZaci, while MSI and BSI increased significantly more strongly. These
results indicate that the poorer ICP crown condition at OdZaci is better reflected in EO-derived seasonal
trajectories than in mean optical index values alone.

To evaluate whether satellite observations followed the field-observed ICP pattern, Odzaci was
treated as the plot with poorer terrestrial crown condition. EO indicators were then assessed according
to whether they showed the expected response at OdZaci relative to Fruska Gora. The strongest
statistical consistency was observed for moisture-, disturbance-, thermal-, and radar-related indicators.
NDMI declined significantly more strongly at Odzaci, while MSI and BSI increased significantly more
strongly, indicating reduced canopy moisture, increased moisture stress, and a stronger
surface/canopy-opening signal at the plot with poorer crown condition. MODIS daytime LST was also
significantly higher at OdZaci, and Sentinel-1 VH and V'V backscatter differed significantly between the
plots.

Greenness and pigment-related indicators, including NDVI, NDRE, Clred-edge, MTCI, FAPAR
proxy and productivity proxy, generally changed in the expected direction but did not show
statistically significant trend differences. Therefore, these indicators provide directional but weaker
support. Overall, EO data did not provide a formal ICP-EO correlation because only two Level II plots
were analyzed, but they showed clear exploratory consistency with the terrestrial crown-condition
pattern.

Thermal indicators provided strong additional support for the interpretation of increased
environmental stress at Odzaci. MODIS daytime land surface temperature during the May—-September
2025 period was significantly higher at OdZaci than at Fruska Gora (Table 5). Mean daytime LST
reached 28.49 + 4.94°C at Odzaci, compared with 23.64 + 4.69°C at Fruska Gora, and the difference was
statistically significant (Mann—-Whitney U test, p < 0.001). This indicates that the plot with poorer ICP
crown condition was also characterized by a warmer daytime surface environment. Although LST
alone cannot identify the cause of canopy decline, the elevated daytime thermal signal is consistent
with reduced canopy cooling, lower water availability, or increased surface heating under stress
conditions.
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Structural indicators derived from Sentinel-1 radar data also showed clear between-plot
differences. At Odzaci, VH backscatter averaged -16.05 + 0.80 dB, while Fruska Gora showed higher
values of -13.19 + 3.17 dB. The difference was statistically significant (p <0.001). VV backscatter showed
a similar pattern, with OdZzaci averaging -9.79 + 0.75 dB and Fruska Gora —6.23 + 3.73 dB, again with a
statistically significant between-plot difference (p <0.001). These radar differences indicate that the two
plots differed in structural and/or moisture-related scattering properties. In the context of the field
observations, the lower backscatter values at OdZzaci are consistent with poorer crown condition and
altered canopy structure, although radar responses should be interpreted cautiously because they are
influenced by both vegetation structure and surface moisture.

Table 5. Thermal and structural EO indicators with exploratory statistical comparison.

Indicator Odzaci Fruska  Difference  Statistical P Interpretation
Gora ODZ-FG test value P
MODIS LST 2849+  23.64 4 Mann Slgm‘ﬁcantly higher
Day mean +4.85 . <0.001 daytime surface
494 4.69 Whitney U . .

(°O) temperature at OdZzaci
VH 1605+ -13.19 Mann- Significant
backscatter 0.80 +317 -2.86 Whitnev U <0.001 structural/moisture-
(dB) ' e y related radar difference
A 979+ 623+ Mann- Significant
backscatter 0.75 373 -3.56 Whitnev U <0.001 structural/moisture-
(dB) ' ' y related radar difference

4. Discussion

The combined analysis of ICP Forests field observations and satellite-derived EO indicators
provided a consistent plot-scale interpretation of forest condition at the two study sites. ICP data
indicated poorer crown condition at OdZaci than at FruSka Gora, with higher mean and median
defoliation, fewer trees in the low-defoliation class, and more frequent recorded damage. However,
recorded damage intensity did not fully explain the observed crown deterioration, confirming that
defoliation should be interpreted as an integrative indicator of tree condition rather than as direct
evidence of a single causal agent (Bussotti et al. 2024; Eichhorn et al. 2020).

EO indicators partly confirmed this terrestrial pattern. Mean Sentinel-2 greenness and pigment-
related indices showed limited separation between the plots, which suggests that average optical index
values alone were not sufficient to clearly distinguish crown condition. This is consistent with previous
studies showing that vegetation indices are useful for forest monitoring but may saturate in dense
canopies or respond weakly to moderate physiological stress (Huang et al. 2021; Huete, 2012; Yan et al.
2025). Therefore, forest health interpretation benefits from combining spectral, moisture, thermal and
structural indicators (Drechsel and Forkel, 2025; Lausch et al. 2016; Pause et al. 2016).

Seasonal EO trajectories were more informative than seasonal mean values. OdZaci showed a
significantly stronger decline in NDMI and significantly stronger increases in MSI and BS], indicating
reduced canopy moisture, increased moisture stress and a stronger surface or canopy-opening signal
at the plot with poorer field-assessed crown condition. These findings are consistent with the
established use of SWIR-based indices for detecting vegetation water content and forest dryness (Gao,
1996; Le et al. 2024), as well as with studies linking drought and heat stress to crown defoliation and
forest decline (de la Cruz et al. 2014; Gessler et al. 2022; Michel et al. 2022).

Thermal and radar indicators provided additional support. MODIS daytime LST was
significantly higher at Odzaci, suggesting a warmer daytime surface environment consistent with
reduced canopy cooling, lower evapotranspiration or increased surface exposure. Sentinel-1 VH and
VV backscatter were also significantly lower at OdZaci, indicating differences in structural or moisture-
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related scattering properties. However, these EO signals should not be interpreted as direct proof of a
specific causal driver, because LST and radar backscatter are influenced by multiple environmental and
structural factors (Deshayes et al. 2006; Lausch et al. 2016; Paluba et al. 2025; Vafaei et al. 2021).

The comparison between the two plots demonstrates the added value of integrating ICP and EO
data. Field observations provide tree-level information on defoliation and damage, while satellite data
provide spatially and temporally explicit information on canopy greenness, moisture status, surface
temperature and structural properties. Similar integrative approaches have been recommended for
improving forest health monitoring and linking ground-based forest observations with EO indicators
(Alekseev and Chernikhovskii, 2022; Ferretti et al. 2024; Molnar et al. 2025; Pause et al. 2016).

Overall, the strongest ICP-EO consistency was observed for moisture-related, disturbance-
related, thermal and radar indicators, while greenness and pigment-related indices provided mainly
directional but weaker support. Because only two ICP Level II plots were analyzed, the results should
be interpreted as an exploratory consistency assessment rather than a formal correlation or regional
validation. Nevertheless, the study demonstrates that EO-derived indicators can provide valuable
contextual information for interpreting ICP Forests crown-condition data at plot scale, especially where
field-observed defoliation is not fully explained by recorded damage intensity.

5. Conclusion

This study showed that the Odzaci ICP Level II plot had poorer terrestrial crown condition than
Fruska Gora, with higher mean and median defoliation, fewer trees with low defoliation, more trees in
moderate and severe defoliation classes, and more frequent recorded damage. However, the mostly
low to moderate damage intensity did not fully explain the level of crown deterioration, indicating that
defoliation should not be interpreted only through field-recorded damage categories.

The satellite indicators did not all respond equally to this terrestrial pattern. Mean Sentinel-2
greenness and pigment indices, including NDVI, EVI, NDRE, ClIred-edge and MTCI, showed limited
statistical separation between plots. In contrast, seasonal trajectories were more informative. Odzaci
showed stronger declines in several vegetation and productivity-related indicators, while the clearest
statistical consistency with ICP crown condition was observed for NDMI, MSI and BSI. NDMI declined
more strongly at Odzaci, whereas MSI and BSI increased more strongly, indicating reduced canopy
moisture, increased moisture stress and a stronger surface or canopy-opening signal.

Multi-sensor indicators strengthened this interpretation. MODIS daytime LST was significantly
higher at Odzaci, and Sentinel-1 VH and VV backscatter were significantly lower, showing that the plot
with poorer field-assessed crown condition also had a warmer surface environment and different
structural or moisture-related radar properties. These results indicate that the EO signal associated with
Odzaci was strongest in moisture, thermal, disturbance-related and radar indicators, rather than in
mean greenness indices alone.

The main contribution of this study is the plot-scale integration of ICP Forests Level II
observations with Sentinel-2, Sentinel-1 and MODIS indicators under Serbian monitoring conditions.
The results demonstrate that EO data can support the interpretation of ICP crown-condition
assessments by providing seasonal information on canopy moisture, stress development, surface
temperature and structural contrast. However, because only two plots were analyzed, the findings
should be considered an exploratory consistency assessment, not a formal ICP-EO correlation or
regional validation. Future work should include additional ICP plots, multi-year EO time series, and
independent meteorological, soil-moisture or drought-index data to confirm the environmental drivers
of crown decline.
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