Ecological Indicators 183 (2026) 114670

ECOLOGICAL
INDICATORS

Contents lists available at ScienceDirect

Ecological Indicators

o %

ELSEVIER

journal homepage: www.elsevier.com/locate/ecolind

Check for

Climate-adjusted time-series analysis of vegetation dynamics following | e
pipeline disturbance and restoration: A proof-of-concept framework

a,b,* a

. . . sy P | . Y . .
Bojana Petrovic , Mattia Balestra *, Tomas Mikita “, Stefano Chiappini “, Roberto Pierdicca
2 Department of Construction, Civil Engineering and Architecture (DICEA), Universita Politecnica delle Marche, 60131 Ancona, Italy

Y Department of Geology and Soil Science, Faculty of Forestry and Wood Technology, Mendel University in Brno, Czech Republic

¢ Department of Agricultural, Food and Environmental Sciences (D3A), Universita Politecnica delle Marche, 60131 Ancona, Italy

4 Department of Forest Management and Applied Geoinformatics, Faculty of Forestry and Wood Technology, Mendel University in Brno, Czech Republic

ARTICLE INFO ABSTRACT

Keywords:

Sentinel-2

Vegetation indices
Interrupted time-series
Pipeline disturbance
ERAS5-land

Vegetation recovery
Climate adjustment

Pipeline infrastructure causes abrupt vegetation disturbance, yet restoration effectiveness remains poorly
quantified because climate variability and lagged vegetation responses confound observational studies. This
proof-of-concept study developed a climate-adjusted interrupted time-series (ITS) framework to evaluate vege-
tation dynamics following pipeline clearing (November 2020) and replanting (March 2023). The analysis used 65
monthly observations per polygon (3 polygons, 0.42 ha; 195 polygon-month observations) at a study site in Italy.
Monthly Sentinel-2 vegetation indices (NDVI, NDRE) and ERA5-Land climate variables (January 2020-May
2025) were analyzed using interrupted time-series models with fixed breakpoints, Fourier seasonality, stan-
dardized climate covariates, and polygon fixed effects. UAV multispectral surveys (May 2025, 2 cm resolution)
and field measurements validated that fine-scale vegetation establishment was occurring below Sentinel-2's 10 m
detection threshold. The framework successfully detected large disturbances: pipeline clearing caused immediate
vegetation loss (NDVI -0.536, NDRE —0.368; both p < 0.001) followed by significant natural recovery during
2021-2022 (NDVI +0.074 yr’l, NDRE +0.049 yr’l; both p = 0.015). After accounting for climate and sea-
sonality, replanting showed no statistically significant site-wide effect (NDVI +0.019, 95% CI: —0.064 to +0.103,
p = 0.650). UAV validation confirmed localized vegetation establishment (NDVIr = 0.918, NDRE r = 0.841 with
field survival), demonstrating that recovery was occurring at sub-pixel scales but remained below Sentinel-2's
detection threshold due to spatial averaging. The climate-adjusted ITS framework provides a replicable, trans-
ferable approach for disentangling anthropogenic and environmental drivers where traditional control designs
are infeasible. While detecting subtle restoration effects requires larger samples, extended monitoring, or higher-
resolution imagery, this demonstrates a methodological advance for climate-aware evaluation of small-scale
restoration interventions.

1. Introduction

Linear infrastructure development, including pipeline installations,
creates persistent disturbances to vegetation that often alter ecosystem
structure and function for years or decades (Shi et al., 2014; Xiao et al.,
2016). Such projects can cause lasting soil disturbance, vegetation
removal, and altered recovery trajectories, particularly in ecologically
fragile regions (Xiao et al., 2014). These disturbances remove existing
vegetation through clearing and soil disruption, fragmenting habitats
and creating conditions that can slow down natural recovery (Brehm
and Culman, 2022). While restoration efforts such as replanting are
commonly implemented to accelerate the process, their effectiveness

remains difficult to quantify without systematic monitoring frameworks
that account for both intervention timing and environmental variability
(Wortley et al., 2013; Flemming et al., 2023). As linear infrastructure
networks continue to expand globally (Raiter et al., 2018; WWF and
Center for Large Landscape Conservation, 2025), quantifying their
ecological impacts and restoration outcomes has become increasingly
urgent. The challenge is especially pronounced for small-scale restora-
tion, where traditional before-after-control-impact (BACI) designs are
often infeasible due to difficulties in identifying suitable untreated
control areas (Smokorowski and Randall, 2017). Moreover, disen-
tangling anthropogenic disturbance from climate-driven growth or
decline requires integrative monitoring frameworks (England et al.,
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2021).

Remote sensing, particularly through vegetation indices (VIs), offers
a practical way to monitor vegetation recovery over extended timescales
and has been widely used to detect disturbances such as wildfires, forest
harvesting, and infrastructure development (Monroe et al., 2020; Tad-
deo et al., 2022; Lasaponara et al., 2022; Balata et al., 2022). Common
indices such as the Normalized Difference Vegetation Index (NDVI) and
the Normalized Difference Red Edge (NDRE) provide continuous,
repeatable measures of canopy cover, chlorophyll content, and photo-
synthetic vigor (Tucker, 1979; Barnes et al., 2000; Delegido et al., 2011).
Although widely used, these indices are affected by saturation at high
biomass levels and soil background effects, particularly in disturbed
areas (Yan et al., 2025). Related indices, including the Green NDVI
(GNDVI; Gitelson et al., 1996), Soil-Adjusted Vegetation Index (SAVI;
Huete, 1988), and Normalized Difference Water Index (NDWI; McFee-
ters, 1996), provide complementary information on canopy greenness,
soil-adjusted vegetation signals, and water content.

However, vegetation index (VI) time series are influenced by sea-
sonal phenology and climate variability, including precipitation, tem-
perature, and soil moisture fluctuations, which complicate the detection
of discrete disturbance events. Precipitation regulates soil moisture
availability, which in turn influences photosynthetic activity and canopy
greenness (Al-Kindi et al., 2023; Mehmood et al., 2024). Disentangling
these natural drivers from anthropogenic disturbance requires explicit
modeling of lagged climate effects and careful selection of analytical
frameworks (Kang et al., 2024). In addition, vegetation responses are
often delayed, reflecting antecedent moisture conditions accumulated
over weeks to months. The strength of these relationships varies with
ecosystem type and seasonal context (Vicente-Serrano et al., 2013; Gao
et al.,, 2024). Temperature affects metabolic rates, growing season
length, and vegetation water use, while evapotranspiration integrates
the combined effects of energy availability, atmospheric demand, and
plant regulation (Baldocchi et al., 2010; Cheng et al., 2024). As vege-
tation integrates both past and present climatic influences, lagged re-
sponses are common and should be explicitly considered in analyses.
Integrating VI time series with climate data in interrupted time-series
(ITS) analyses helps isolate disturbance effects from seasonal and cli-
matic variability, producing more robust estimates of vegetation impact
and recovery (Lopez Bernal et al., 2017; Lopez Bernal et al., 2018).

ITS analysis provides a quasi-experimental framework for estimating
intervention effects from observational data by comparing temporal
trajectories before and after a defined breakpoint (Linden, 2015).
Originally developed for policy evaluation and medical research
(Wagner et al., 2002; Ramsay et al., 2003), ITS methods have been
adapted for environmental applications where randomized experiments
are infeasible (Wauchope et al., 2021). In parallel, remote sensing ap-
plications for continuous change detection and land cover classification
using high temporal resolution satellite time series (Burkholder et al.,
2004; Zhu and Woodcock, 2014) have advanced the ability to capture
disturbances and recovery trajectories. Critical to ecological applica-
tions is the explicit modeling of seasonality and climate covariates, as
phenological cycles and inter-annual climate variability can produce
temporal patterns that mimic or obscure intervention effects
(Burkholder et al., 2004; Asmala et al., 2021; Delaporte et al., 2022).

Despite these advances in time-series and climate-integrated ana-
lyses, few studies have quantified the time lag between restoration
implementation and detectable vegetation recovery with satellite ob-
servations. Quasi-experimental designs such as BACI analyses have
successfully isolated restoration effects in semi-arid and grassland eco-
systems using spatial controls (Conner et al., 2016; Smokorowski and
Randall, 2017). The BACI designs are constrained by the availability of
spatially matched control areas with comparable baseline conditions
and climate exposure, which are often absent in linear infrastructure
contexts. The ITS framework with climate adjustment provides an
alternative approach, allowing intervention effects to be isolated
through explicit modeling of temporal trends, seasonality, and climatic
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covariates rather than spatial controls. For pipeline installations, suit-
able control sites are rarely available because linear projects lack
designated reference areas, and parallel corridors with comparable pre-
disturbance vegetation and climate exposure are difficult to identify
once disturbance has occurred (Smokorowski and Randall, 2017; Xiao
et al., 2014). Other quasi-experimental approaches, such as difference-
in-differences or synthetic control methods, similarly depend on
appropriate comparison units that are often unavailable for localized
infrastructure restoration (Angrist and Pischke, 2009; Abadie et al.,
2010; Wauchope et al., 2021). Climate-adjusted interrupted time-series
analysis addresses this constraint by using the pre-disturbance period
within the same site as the counterfactual baseline (Linden, 2015; Lopez
Bernal et al., 2017). In this framework, confounding influences are
controlled through explicit modeling of seasonality and climatic vari-
ability rather than spatial matching (Delaporte et al., 2022). Fusion of
ground-based and satellite observations, with explicit control for
phenology and climate variability, offers a robust framework for
assessing restoration outcomes and detecting the onset of intervention
effects (Meroni et al., 2017; Dronova and Taddeo, 2022; Del Rio-Mena
etal., 2023). However, previous research has primarily focused on large-
scale or natural disturbances such as wildfires and deforestation
(Kennedy et al., 2010; Zhao et al., 2018; Zhu et al., 2020), leaving un-
certainty about how small-scale infrastructure disturbances recover
under active restoration.

This study addresses these gaps through a proof-of-concept appli-
cation with two objectives: (1) develop a climate-adjusted ITS frame-
work that controls phenology and climatic drivers in vegetation
monitoring, and (2) quantify the magnitude and timing of vegetation
responses to pipeline disturbance (clearing) and subsequent restoration
(replanting). The framework disentangles anthropogenic and environ-
mental drivers of vegetation change in contexts where traditional
spatially replicated control-impact designs are logistically infeasible.
The single-site proof-of-concept validates the methodology and provides
a foundation for multi-site applications across linear infrastructure
restoration.

2. Material and methods
2.1. Study area

The monitoring activities took place in a reforestation area at Ponte
Baffoni (municipality of Novafeltria, Province of Rimini, Italy; 43.87° N,
12.28° E) (Fig. 1). The site lies in hilly terrain typical of the central
Apennines. Within this area, three representative polygons (P1 =
972.86 m?, P2 = 1735.64 m?, P3 = 1507.06 m?, total = 4216 m?> =
0.4216 ha) were selected for detailed time-series analysis to track
vegetation recovery following pipeline installation/clearing in
November 2020 and subsequent replanting in March 2023. The poly-
gons were distributed along the pipeline corridor in collaboration with
the pipeline operator's environmental monitoring team and correspond
to the same compartments that are usually inspected during standard
ground-based post-restoration surveys (Fig. 2A). Satellite imagery pro-
vides a clear visual record of vegetation change from pre-disturbance
conditions through recovery phases (Fig. 2B-D). The region experi-
ences a Mediterranean sub-humid climate (Koppen-Geiger classification
Csa) characterized by warm dry summers and cool wet winters (Peel
et al., 2007; Beck et al., 2018). Mean annual temperature in the area
ranges from approximately 13-14 °C, with July as the warmest month
and January as the coldest. Mean annual precipitation is about
850-1000 mm, concentrated between October and April (based on
ERA5-Land reanalysis for the study period 2020-2025; Munoz-Sabater
et al.,, 2021). These seasonal precipitation patterns strongly influence
soil moisture availability and vegetation phenology, with peak green-
ness typically occurring in late spring to early summer.
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Fig. 1. Geographic location of the study area.

Polygons

Pre-disturbance (2020)

Replanting (2023)

Recovery (2025)

Fig. 2. Visual sequence of polygons, disturbance and recovery at Ponte Baffoni (2020-2025). *Imagery source: Google Earth Pro; © Google 2025, Maxar

Technologies.

2.2. Study design

At this site, BACI designs were not feasible due to the absence of
suitable control areas with comparable pre-disturbance vegetation
structure and climate exposure. Therefore, the study utilized a polygon-
month panel design from January 2020 to May 2025, focusing on three
fixed polygons (P1-P3) subject to the two interventions described above.
This approach allowed for an interrupted time-series analysis to estimate
immediate changes in VI levels and subsequent trend shifts after each
intervention, while controlling for seasonality and monthly climate
variability. The primary VIs analyzed were NDVI and NDRE because
they provide complementary information on vegetation structure and
physiology. NDVI (near-infrared-red ratio) is strongly correlated with
leaf area index and chlorophyll content, making it effective for tracking
canopy development (Tucker, 1979; Gitelson et al., 2003). NDRE (near-
infrared-red edge ratio) utilizes the red edge band (~705 nm), which is
more sensitive to chlorophyll concentration at moderate-to-high leaf
area index (LAI) and less prone to saturation under dense canopy con-
ditions (Delegido et al., 2011; Delloye et al., 2018). Together, these
indices enable detection of both sparse early regrowth and later-stage
canopy recovery. This analytical framework integrated various data
sources, including Sentinel-2 satellite imagery, ERA5-Land climate

reanalysis, UAV multispectral data, and ground measurements (Fig. 3).

The panel design yielded 195 polygon-month observations (65
months x 3 polygons) for primary interrupted time-series models. The
0-3-month lag window was selected based on evidence that vegetation
responses to moisture availability typically manifest within 1-3 months
in Mediterranean ecosystems (Vicente-Serrano et al., 2018; Walther
et al., 2019), with lag-0 representing immediate effects and longer lags
capturing cumulative antecedent conditions. In distributed-lag climate
analyses requiring 0-3-month lagged variables, the first three months of
each polygon's time series (January—March 2020) were excluded due to
insufficient historical data for constructing lag-3 terms, resulting in 186
usable observations (62 months x 3 polygons).

2.3. Data collection, processing and harmonization

Sentinel-2 Level-2 A surface reflectance data (COPERNICUS/
S2_SR_HARMONIZED; 10-20 m; MSI) were accessed via Google Earth
Engine (GEE) (Gorelick et al., 2017; Drusch et al., 2012) for January
2020-May 2025. Sentinel-2 imagery has proven effective for forest
disturbance monitoring (Patas and Zawadzki, 2020), providing suitable
spectral and temporal resolution for detecting anthropogenic impacts.
With global availability beginning in 2017, Sentinel-2 provides a 5-day
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Interrupted Time-Series Analysis Workflow

Data Sources

Sentinel-2 (2020-2025)

Data Processing

Vegetation Indices (NDVI, NDRE)

ITS Model

Breakpoints: Nov-2020, Mar-2023

ERA5-Land Climate Data _> Climate Standardization _) Seasonality + Climate Controls
UAV/Field Validation (May 2025) Polygon-Month Panel Assembly Polygon Fixed Effects
Nov 2020 Study Timeline Mar 2023
Pre-disturbance
Pipeline Installation Recovery Period Replanting Post-replanting

Fig. 3. Study workflow.

revisit period and 10 m spatial resolution, offering sufficient temporal
and spatial coverage for monitoring vegetation changes and evaluating
recovery. For each calendar month, the single Sentinel-2 scene with the
lowest cloud cover percentage (CLOUDY_PIXEL_PERCENTAGE) over the
study area was selected. This single-scene approach was adopted to
preserve temporal precision for ITS analysis, avoiding temporal aver-
aging artifacts that could obscure abrupt changes at the monthly
breakpoints. Vegetation indices (NDVI, NDRE, GNDVI, SAVI, NDWI)
were computed from each monthly scene using band arithmetic, and
polygon-mean values were extracted at 10 m resolution using reduc-
eRegions function (scale: 10, tileScale: 4) in GEE (Table 1). For indices
requiring 20 m resolution bands (e.g., NDRE via B5), GEE's default
bilinear resampling upsampled B5 to 10 m so that all band arithmetic
operated on a common 10 m grid. The monthly series represent polygon-
level spatial averages rather than per-pixel or per-tree measurements.
Monthly climate variables were obtained from ERA5-Land reanalysis
(Munoz-Sabater et al., 2021; Copernicus Climate Change Service, 2019)
via GEE for the same period. Variables included 2-m air temperature,
total precipitation, evapotranspiration, and top-layer soil moisture (0-7
cm). These variables were selected to represent key climatic drivers of
vegetation greenness: temperature controls metabolic rates and growing
season length; precipitation provides water inputs; evapotranspiration
represents atmospheric demand; and top-layer soil moisture (0-7 cm)
directly reflects plant-available water in the root zone. A water-deficit
index (precipitation minus evapotranspiration) was derived to capture
the balance between water supply and demand, and a lag-1 soil-mois-
ture series was created. Daily ERA5-Land fields were aggregated to
monthly values: temperature as monthly means (converted from Kelvin
to °C); precipitation and evapotranspiration as monthly sums (converted
from meters to millimeters by x1000, with evapotranspiration

Table 1

Selected spectral indices and their equations using Sentinel-2 bands.
Index Index formula Reference
NDVI (B8 — B4) / (B8 + B4) Tucker, 1979

NDRE (B8 — B5) / (B8 + B5)
GNDVI (B8 — B3) / (B8 + B3)
SAVI (1 +L)(B8 —B4) / (B8 + B4 + L) with L = 0.5
NDWI (B3 - B8) / (B3 + B8)

Barnes et al., 2000
Gitelson et al., 1996
Huete, 1988
McFeeters, 1996

converted to positive values representing water loss); soil moisture as
monthly means. Since ERA5-Land has a native resolution of ~0.1°
(~9-11 km), climate conditions were treated as site-level with the same
monthly values assigned to all polygons.

To validate whether fine-scale vegetation recovery was occurring
below Sentinel-2's detection threshold, UAV multispectral surveys and
field measurements were conducted at the end of the monitoring period
(May 2025). This timing coincided with peak vegetation period in the
Mediterranean climate, when canopy development is complete and
chlorophyll activity is at maximum, providing optimal conditions for
vegetation index assessment. This single-date survey captured VI-field
relationships at peak growing conditions. Seasonal variation in these
correlations (e.g., during winter dormancy) was not assessed but would
provide insight into temporal stability across phenological stages. UAV
surveys used a MicaSense Altum-PT multispectral sensor mounted on a
DJI Matrice 350 RTK platform. Flight missions were planned using DJI
Fly 2 and executed at 45 m above ground level with a cruising speed of 4
m/s, achieving 80% forward and 70% side overlap and yielding a
ground sampling distance (GSD) of 2 cm/pixel-approximately 500 x
finer pixel size than Sentinel-2's 10 m pixels. The sensor captured five
spectral bands (Blue, Green, Red, Red Edge, Near-Infrared; 475-840
nm), with radiometric calibration performed using certified reflectance
targets and georeferencing via ground control points (GCPs) to ensure
positional accuracy. Vegetation indices (NDVI, NDRE, GNDVI, SAVI,
NDWI) were computed using the same band-ratio formulas as Sentinel-2
(Table 1), adapted to the Altum-PT spectral configuration. Polygon-level
VI values were extracted as spatial means across all 2 cm pixels within
each polygon boundary using zonal statistics in ArcGIS Pro, providing
single representative values per polygon directly comparable to
Sentinel-2's polygon-averaged observations. The validation framework
quantified whether UAV-derived VIs could detect fine-scale establish-
ment patterns not resolvable at Sentinel-2's 10 m resolution by
computing Pearson correlation coefficients between UAV VI values and
field-measured tree survival rates (n = 3 polygons), with scatter plots
provided in Supplementary Figs. S4 and S5. Ground-based observations
collected concurrently included tree survival rate (%), mean height (m),
and mean stem diameter (cm) for each polygon.

This validation assessed two aspects of restoration effectiveness: (1)
the relationship between remotely sensed vegetation indices and field-
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measured vegetation establishment (survival, growth), and (2) the
spatial heterogeneity of recovery at fine scales (2 cm) that would be
averaged within Sentinel-2's 10 m pixels. These single-date observations
were not incorporated into the interrupted time-series model parameter
estimation.

2.4. Methodology

2.4.1. ITS specification and estimation

Level and post-breakpoint trend changes were estimated using
segmented (interrupted) time-series regression with seasonality (sin/
cos) and climate covariates. Breakpoints were fixed a priori at November
2020 (pipeline installation and clearing) and March 2023 (replanting).
Following Lopez Bernal et al. (2017), we specified an interrupted time-
series model with Fourier seasonality terms and climate covariates, for
outcome VIit, the model specification was:

2 2.
VIie = a + ¢1sin< ﬂmt) + ¢2cos< nmt)

12 12
+ B1post2020, + p,time_since_2020,
+ B,p0st2023, + B,time_since_2023,
+ y1Temp,* + y2Deficit, ™ + yaSoilM,_,**
+6i+ € 1

where: Vit = vegetation index (NDVI or NDRE) for polygon i at time t.a
= overall intercept (baseline vegetation index level)Seasonality = ¢+ sin
(2nmt/12) + ¢2 cos(2nmt/12), where:d1, ¢p2 = seasonality coefficientsme
= month index (1—-12) in the sin/cos terms

Higher-order Fourier harmonics were explored during model
development. They were not retained because they provided negligible
improvement in model fit while increasing parameter complexity rela-
tive to the limited spatial sample.

Intervention terms:

B+ = level change coefficient at November 2020 breakpoint

B2 = slope change coefficient after November 2020

Bs = level change coefficient at March 2023 breakpoint

Ba = slope change coefficient after March 2023

post2020:, post2023: = post-intervention indicators (0 before, 1
after breakpoint)

time_since2020t, time_since2023: = time since each breakpoint (in
years). Time was indexed in monthly steps and rescaled to years for
interpretability of slope coefficients

Climate covariates (sc = standardized/z-scored):

Y1, Y2, Y3 = climate effect coefficients

Tempt(sc) = standardized temperature

Deficitt(sc) = standardized water
evapotranspiration)

SoilMt-1(sc) = standardized lagged soil moisture (1-month lag)

8i = polygon fixed effects (polygon-specific intercepts controlling for
time-invariant differences among the three polygons)

€it = error term

A lag sensitivity analysis was conducted for soil moisture at 0-3-
month lags to evaluate delayed vegetation responses. Distributed-lag ITS
models were used to compare alternative lag structures and climate
drivers based on changes in model fit (Partial R? and AIC; Supplemen-
tary Table S4). Based on these criteria, a one-month lagged soil moisture
term (SoilMt-1) was selected for the primary ITS specification, as it
captures short-term antecedent water availability while maintaining
model parsimony. Longer lag structures were not retained because they
did not provide sufficient improvement in fit relative to the increase in
parameter complexity given the limited spatial sample. Potential mul-
ticollinearity among climate variables was addressed through this model

deficit  (precipitation-
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selection approach. Soil moisture was chosen over other climate drivers
(precipitation, evapotranspiration, water deficit) based on superior
model fit as assessed by Partial R and AIC (Supplementary Table S4).
Testing climate drivers separately rather than simultaneously minimizes
multicollinearity concerns. Overall R? is reported for the full ITS model,
along with the partial R? for the intervention block. Partial R? quantifies
the increase in explained variance obtained by adding the four inter-
vention terms (post2020, time_since_2020, post2023, time_since_2023)
to a baseline model that already includes seasonality, climate covariates,
and polygon fixed effects. In this way, partial R? quantifies the unique
contribution of the interventions beyond climate, seasonality, and
polygon effects. Standard errors were clustered by month to account for
shared climate conditions across polygons within each time period. 95%
confidence intervals (CIs) were reported for all regression coefficients as
direct measures of estimation precision and to indicate the range of ef-
fect sizes consistent with the data. Under this specification, p1 and f2
quantify the immediate impact and recovery trend following pipeline
clearing. s and fa represent the immediate level change and subsequent
trend following replanting. These terms implicitly assume that inter-
vention effects are detectable at the satellite observation scale.

2.4.2. Counterfactual predictions

To visualize the impact of the interventions by polygon, model-based
counterfactual trajectories were generated from the pooled ITS fit.
Predictions were computed twice for each polygon-month: (i) the fitted
trajectory using the estimated model as specified (seasonality, stan-
dardized climate covariates, polygon fixed effects, and the four inter-
vention terms), and (ii) a no-intervention counterfactual obtained by
setting the intervention variables to zero (post2020 = time_since_2020
= post2023 = time_since_2023 = 0) while keeping month, climate, and
polygon effects exactly as observed. Counterfactuals are descriptive
outputs from the same fitted model (no re-fitting); inference in the paper
relies on the ITS coefficients with month-clustered standard errors.

2.4.3. Climate-vegetation index sensitivity

Drivers of month-to-month variability were evaluated using lags 0-3
months of precipitation, evapotranspiration, water deficit (precipita-
tion-evapotranspiration), and soil moisture. Lag-3 variables require
three prior months of climate data for each vegetation observation.
Consequently, the first three months of the time series (January—March
2020) were excluded from the distributed-lag analysis, as these months
lacked sufficient historical climate data (October-December 2019).
Analyses used the 186 polygon-month observations (excluding the first
three months for lag-3 construction, as described in Study Design).
Firstly, descriptive Pearson correlations were computed at lags 0-3 on
polygon-level monthly means (heatmaps). Secondly, each driver's 0-3-
month lag block was added in separate models to the baseline ITS
(seasonality + intervention terms + polygon fixed effects), and partial
R? for the lag block and AAIC (full-baseline) were calculated; standard
errors were clustered by month to account for shared site-level climate
shocks.

2.4.4. Seasonal anomalies

Monthly anomalies were obtained by subtracting the polygon-
specific month-of-year mean (2020-2025) from each polygon-month
value (i.e., VI minus seasonal climatology). Anomalies were summa-
rized for three periods: Pre-clearing 2020 (Jan-Oct 2020), Post-clearing
(November 2020-December 2022), and Post-replant (March 2023-May
2025). Between-period differences are reported as mean contrasts with
bootstrap 95% Cls.

2.4.5. Sensitivity analyses and software

Sensitivity analyses repeated the same ITS specification for GNDVI,
SAVI, and NDWI using the same model structure as the primary analyses
(seasonality via sin/cos, standardized climate covariates, polygon fixed
effects, month-clustered SEs, breakpoints at November 2020 and March
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2023). Per-polygon heterogeneity was explored in a supplementary
analysis by interacting intervention terms with polygon. Residual di-
agnostics were inspected and showed patterns comparable to NDVI/
NDRE. Accordingly, for these indices, coefficients and model fit are re-
ported in Supplementary Tables S1 and S2 and include observed-fitted
plots (Supplementary Figs. S1, S2 and S3).

2.4.6. Statistical power and detectability analysis

Given the proof-of-concept design with n = 3 polygons, we con-
ducted a model-based detectability analysis to quantify the minimum
detectable effect size (MDES) for intervention effects. The MDES
calculation follows standard power analysis conventions (Cohen, 1988;
Bloom, 1995), using a = 0.05 (two-tailed) and 80% power as conven-
tional thresholds for adequately powered studies. The MDES represents
the smallest effect that could be detected with these criteria, calculated
as:

MDES = (z_{a/2} +2_{B}) x SE (2)

where z_{a/2} = 1.96 (critical value for two-tailed a = 0.05), z_{p} =
0.84 (critical value for 80% power), and SE is the cluster-robust standard
error of the intervention coefficient from the ITS model (Eq. (1)). This
calculation quantifies the design's capability to detect effects of varying
magnitudes. All analyses were performed in Python (Jupyter), using
pandas for data wrangling, statsmodels for OLS with cluster-robust SEs,
and matplotlib for figures. Satellite preprocessing was carried out in
Google Earth Engine; ERA5-Land data were aggregated to monthly
values before merge.

3. Results
3.1. Effects of pipeline installation (2020) and replanting (2023)

Interrupted time-series models detected a large, immediate decline
in vegetation following the November 2020 pipeline installation for
both indices (Table 2; per-polygon results in Supplementary Table S3).
NDVI decreased by 0.536 (95% CI —0.630, —0.443; p < 0.001) and
NDRE by 0.368 (95% CI —0.437, —0.298; p < 0.001). After this break-
point, both indices exhibited significant positive recovery trends during
2021-2022: NDVI slope + 0.074 yr’1 (95% CI +0.014, +0.134; p =
0.015) and NDRE slope + 0.049 yr ! (95% CI +0.009, +0.088; p =
0.015).

In models that controlled for climate and seasonality, replanting
(March 2023) showed no statistically significant effect on either index
(NDVI: fs = +0.019, 95% CI: —0.064 to +0.103, p = 0.650; NDRE: fz =
+0.004, 95% CI: —0.051 to +0.060, p = 0.874). The wide confidence
intervals and non-significant p-values indicate that the replanting effect,
if present, was not detectable at the Sentinel-2 spatial resolution (10 m)
and sample size (n = 3 polygons) used in this analysis. However, multi-
scale validation using high-resolution UAV observations (Part 3.6
below) demonstrated that localized vegetation establishment was
occurring (NDVI r = 0.918, NDRE r = 0.841) confirming that the non-

Table 2

Key intervention effects (NDVI & NDRE).*
VI Effect Estimate 95% CI p-value
NDVI Level change at Nov 2020 -0.536 —0.630, —0.443 <0.001

NDVI Slope after 2020 +0.074 +0.014, +0.134 0.015
NDVI Level change at Mar 2023 +0.019 —0.064, +0.103 0.650
NDVI Slope after 2023 —0.022 —0.087, +0.044 0.512
NDRE Level change at Nov 2020 —0.368 —0.437, —0.298 <0.001
NDRE Slope after 2020 +0.049 +0.009, +0.088 0.015
NDRE Level change at Mar 2023 +0.004 —0.051, +0.060 0.874
NDRE Slope after 2023 —-0.018 —0.061, +0.025 0.401

* Note: Cluster-robust standard errors by month; slopes are per year; 95%
confidence intervals.
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significant result across both vegetation indices reflects spatial scale
constraints rather than absence of vegetation response.

3.2. Per-polygon counterfactuals

Per-polygon trajectories compared with modelled no-intervention
counterfactuals illustrate the magnitude and persistence of the 2020
disturbance (Fig. 4A and B). For both indices, all polygons show a sharp
drop immediately after November 2020, with observed values well
below the counterfactual during 2021-2022. The gap narrows through
2024-2025, indicating recovery, and there is no clear additional step at
March 2023 once seasonality and climate are held constant, consistent
with the pooled ITS estimates (Table 2; per-polygon Supplementary
Table S3). Although differences among polygons are modest overall,
post-2023 slopes are not identical for NDVI: P1 is slightly negative while
P2 and P3 are near zero to slightly positive, indicating mild heteroge-
neity in recovery trajectories.

3.3. Sensitivity analyses

Sensitivity analyses using alternative vegetation indices GNDVI,
SAVI, and NDWI confirmed the main disturbance and recovery patterns
observed with NDVI and NDRE, though effect magnitudes and directions
varied by index (Supplementary Table S1). GNDVI showed a moderate
negative disturbance (—0.411, 95% CI -0.490, —0.331; p < 0.001) with
non-significant post-2020 recovery slope (+0.045 yr™1, p = 0.105),
suggesting less pronounced recovery signal in the green-NIR domain.
SAVI exhibited the largest disturbance magnitude (—0.804, 95% CI-
0.944, —0.664; p < 0.001) followed by significant recovery (+0.110
yr’l, 95% CI +0.021, +0.200; p = 0.015), reflecting its enhanced
sensitivity to bare-soil exposure. NDWI displayed an inverted response,
with a positive level change in November 2020 (+0.411, 95% CI
+0.331, +0.490; p < 0.001), consistent with exposed soil moisture
following canopy removal. As with NDVI and NDRE, none of the alter-
native indices detected a significant level or slope change following the
March 2023 replanting (all p > 0.24). Observed vs fitted trajectories for
GNDVI, SAVI, and NDWI are presented in Supplementary Figs. S1-S3,
showing model fits comparable to NDVI and NDRE (overall R? =
0.72-0.75; Supplementary Table S2).

3.4. Model fit and variance

The intervention terms (level and slope changes at both breakpoints)
explained a large share of variation beyond climate, seasonality, and
polygon effects: Partial R> = 0.675 for NDVI and 0.659 for NDRE
(Table 3). Overall model fit was high (R? = 0.753 for NDVI; 0.743 for
NDRE), indicating that the ITS models captured the main temporal
signals.

The observed and fitted mean trajectories (Figs. 5-6) show no clear
additional level shift at March 2023. Fitted lines closely track the ob-
servations, consistent with the high overall R? values reported in Table 3
(NDVI 0.753; NDRE 0.743). These patterns align with the formal
interrupted time-series estimates in Table 2. The models indicate a large
negative level shift at the 2020 breakpoint for both NDVI and NDRE,
followed by significant positive recovery slopes through 2021-2022,
with no statistically significant additional level or slope change at the
2023 breakpoint after adjusting for climate and seasonality.

3.5. Climate-vegetation index sensitivity

Pearson correlations between climate variables and vegetation
indices showed varied patterns across lag intervals (Fig. 7A and B). Both
indices co-varied positively with evapotranspiration at 1-2-month lags
(NDVIr = 0.33-0.37; NDRE r ~ 0.38-0.40), while precipitation showed
weaker, short-lived positive associations (r =~ 0.16-0.21 at lag 0-1). Soil
moisture exhibited modest negative correlations (~ — 0.13 to —0.19),
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Fig. 4. Per-polygon observed vs counterfactual trajectories (A) NDVI (B) NDRE. Blue dots: observed monthly values; blue line: fitted ITS model; orange dashed line:
counterfactual (no interventions). Vertical dashed lines mark intervention dates (November 2020 clearing, March 2023 replanting). Shaded area represents dif-
ference between observed and counterfactual trajectories. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version

of this article.)

Table 3

Model fit-Partial R? (intervention block) & overall R%.
VI Partial R? Overall R?
NDVI 0.675 0.753
NDRE 0.659 0.743

*Partial R? quantifies variance explained by intervention terms beyond sea-
sonality, climate covariates, and polygon effects. Overall R? is for the full model.

and water deficit became more negative by lag 3 (=~ —0.24 to —0.28).
The distributed-lag ITS (Supplementary Table S4) indicated that the soil-
moisture lag block (0-3 months) provided the largest unique improve-
ment in model fit once seasonality and the 2020/2023 breakpoints were
controlled.

In contrast to the raw negative correlations (as mentioned above,
Fig. 7A and B), the distributed-lag ITS after controlling for seasonality
and interventions revealed positive coefficients for soil moisture (Fig. 8A
and B), showing that soil moisture adds the largest unique explanatory
power for monthly VI fluctuations. The per-lag coefficients show posi-
tive effects at lag 0-1 that decline toward zero by lag 3, indicating that
the raw negative correlations were confounded by seasonality (high
moisture in winter when VIs are naturally low). This pattern indicates
that vegetation greenness is most strongly influenced by soil moisture
from the current month and 1 month prior, with effects declining to
negligible levels by 3 months.

NDVI: observed vs fitted mean (breakpoints: Nov 2020, Mar 2023)
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Fig. 5. Observed vs fitted mean NDVI (Jan 2020-May 2025).
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NDRE: observed vs fitted mean (breakpoints: Nov 2020, Mar 2023)
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Fig. 6. Observed vs fitted mean NDRE (Jan 2020-May 2025).
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Fig. 7. Lagged climate-vegetation correlations (0-3 months), A-NDVI, B-NDRE. Evap_mm = evapotranspiration; Precip_mm = precipitation; Soil_Lm = soil moisture;
deficit = water deficit.
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Fig. 8. Distributed-lag ITS coefficients for the best climate driver (soil moisture), standardized coefficients +95% CI (A-NDVI, B-NDRE).

3.6. Seasonal anomaly contrasts across intervention periods and UAV- back toward zero in the Post-replant period (Mar 2023-May 2025).
field observations High-resolution UAV validation (May 2025) confirmed localized vege-
tation establishment below Sentinel-2's detection threshold. UAV vege-

Seasonally de-trended anomalies corroborated the ITS findings tation indices showed strong correlations with field-measured tree

(Fig. 9). Relative to Pre-clearing 2020, mean anomalies were negative survival across the three polygons (NDVIL: r = 0.918; NDRE: r = 0.841;
during the Post-clearing period (Nov 2020-Dec 2022) and then moved Supplementary Table S5, Supplementary Figs. S4 and S5). Tree survival
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ranged from 29% (Polygon 2) to 70% (Polygon 1), with corresponding
variation in UAV-derived indices (NDVI: 0.63-0.73; NDRE: 0.31-0.39).
Correlations with mean tree height were negligible (NDVL: r = —0.112;
NDRE: r = 0.051), while correlations with mean stem diameter were
strongly negative (NDVI: r = —0.852; NDRE: r = —0.926). Visual ex-
amination of UAV imagery (2 cm GSD) revealed substantial within-
polygon spatial heterogeneity, with replanted trees and naturally
regenerating vegetation occurring in discrete patches interspersed with
bare soil and herbaceous cover. Each polygon contained only 10-17
Sentinel-2 pixels (10 m resolution).

3.7. Model diagnostics

Residual series for both NDVI and NDRE fluctuated around zero with
no sustained drift across the November 2020 and March 2023 break-
points (Fig. 10), indicating no missing trend/seasonality and no evi-
dence that the intervention dates were mis-specified. Together with
month-clustered standard errors, these checks support the validity of
the ITS estimates.

3.8. Detectability analysis

The minimum detectable effect size (MDES) analysis quantified the
study's ability to detect site-wide replanting effects. For the replanting
level effect (fs), the observed cluster-robust standard errors yielded
MDES = +0.119 for NDVI and + 0.079 for NDRE at 80% power (o =
0.05, two-tailed), corresponding to approximately 22% of the respective
clearing effect magnitudes. The observed replanting effects (NDVI
+0.019, 95% CI: —0.064 to +0.103; NDRE +0.004, 95% CI: —0.051 to
+0.060) were substantially smaller than these detection thresholds. In
contrast, the pipeline clearing disturbance (NDVI -0.536, NDRE —0.368)
exceeded the MDES by a factor of 4.5-4.6, enabling robust detection
(both p < 0.001). This confirms that the n = 3 polygon design was
adequate for detecting large anthropogenic disturbances but under-
powered for subtle site-wide restoration effects.

4. Discussion

The observed disturbance magnitude and recovery rates provide
quantitative benchmarks for Mediterranean forest ecosystems. The im-
mediate vegetation loss following pipeline installation (NDVI -0.536,
NDRE -0.368) aligns with prior reports showing that pipeline con-
struction removes canopy and topsoil, creating linear open areas with
abrupt transitions to adjacent forest (Balbuena et al., 2019; Naeth et al.,
2020; MacDonald et al., 2020). By explicitly controlling for seasonality
and climate variability, these findings demonstrate that pipeline con-
struction produces statistically robust and persistent reductions in

-
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canopy greenness requiring multi-year recovery. The recovery rates
observed during 2021-2022 (NDVI +0.074 yr~!, NDRE +0.049 yr™!)
were slower than those following natural disturbances such as wildfire
or harvest (Pickell et al., 2016; White et al., 2017) but comparable to
other linear infrastructure projects (Filicetti and Nielsen, 2020). These
moderate rates likely reflect soil compaction, altered drainage, and
limited seed dispersal that constrain regrowth-a pattern consistent with
post-disturbance soil structure changes described by Brehm and Culman
(2022).

These findings complement pipeline restoration research spanning
multiple continents and ecosystems (Table 4). Comparative studies have
employed field-based monitoring from single-year chronosequences
(Finnegan et al., 2023) to multi-decadal surveys (Filicetti and Nielsen,
2020; Shaughnessy et al., 2021). They span boreal peatlands and forests,
temperate mixed forests (Flemming et al., 2023), grasslands (Naeth
et al., 2020; Eduardo-Palomino et al., 2025), semi-arid steppes
(Bayramov et al., 2016), and native rangelands (Ostermann et al., 2023),
incorporating both field surveys and remote sensing approaches
(Bayramov et al., 2016; Eduardo-Palomino et al., 2025). While these
studies have primarily used empirical monitoring or chronosequence
designs, recent methodological advances have introduced Al-based
forecasting approaches to vegetation recovery monitoring. Galdelli
et al. (2025), studying a gas pipeline in Mediterranean mixed forests in
Italy (Rimini-Sansepolcro), integrated multi-sensor satellite data
(Sentinel-2, Landsat-8, PlanetScope) with deep learning models
(Prophet, NeuralProphet, LSTM, N-BEATS) to predict NDVI recovery
trajectories over 90-day horizons. While their approach demonstrated
strong predictive performance in controlled scenarios, it did not incor-
porate climate covariates or account for confounding environmental
variability-a critical limitation when distinguishing recovery from sea-
sonal or climatic effects (Vicente-Serrano et al., 2013; Lopez Bernal
et al., 2018).

The broadly consistent responses across multiple vegetation indices
(NDVI, NDRE, GNDVI, SAVI) provide convergent evidence of distur-
bance and subsequent recovery, though effect magnitudes differed by
index. SAVI showed the largest negative disturbance signal (—0.804), as
expected under sparse cover, because SAVI explicitly reduces soil-
background effects, accentuating canopy loss when bare soil is
exposed (Huete, 1988; Qi et al., 1994). In contrast, NDWI increased after
clearing, consistent with greater visibility of moist substrate/open water
following canopy removal; NDWI is designed to enhance water signals
(green-NIR) and/or canopy liquid water (NIR-SWIR) (McFeeters, 1996;
Gao, 1996). The red-edge/green indices (NDRE, GNDVI) were compar-
atively stable yet responsive, aligning with evidence that these bands are
sensitive to chlorophyll and less prone to NDVI-type saturation at low-
moderate LAI suited to early regrowth before full canopy closure
(Delegido et al., 2011; Delloye et al., 2018).

=
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Fig. 9. Mean seasonal anomalies for NDVI (A) and NDRE (B). Bars show polygon-level monthly anomalies (index minus month-of-year mean per polygon) sum-
marized for Pre-clearing 2020 (Jan-Oct 2020), Post-clearing (Nov 2020-Dec 2022), and Post-replant (Mar 2023-May 2025). Error bars are bootstrap 95% Cis.
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NDVI: Mean residual over time (across polygons)
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NDRE: Mean residual over time (across polygons)
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Fig. 10. Residuals over time for NDVI (A) and NDRE (B).

Table 4
Pipeline restoration studies: methodological comparison.

Study Location Ecosystem Monitoring Primary methods Key approach
duration

This study Italy Mixed forest 5.5 years VIs (remote sensing) Satellite time-series with climate adjustment

Galdelli et al. (2025) Italy Mixed forest 6+ years Multi-sensor NDVI + AI Deep learning forecasting (Prophet, LSTM, N-
BEATS)

Filicetti and Nielsen Canada Treed peatlands 15+ years Tree density (field) Multi-decadal field monitoring

(2020)

Flemming et al. (2023) USA Mixed forest 10 years Cover, richness, diversity (field) Chronosequence comparison to reference
sites

Naeth et al. (2020) Canada Mixed-grass prairie 10 years Cover, composition (field) Long-term plot monitoring with treatments

Finnegan et al. (2023) Canada Boreal forest 1-10 years Field surveys (cover, seedling density) Chronosequence with natural recovery
thresholds

Bayramov et al. (2016) Azerbaijan  Semi-arid steppe 5-10 years Landsat/IKONOS NDVI + GIS Multi-temporal remote sensing assessment

Ostermann et al. (2023) Canada Native rangeland 12 years Field surveys (cover, composition) Long-term monitoring with grazing
treatments

Shaughnessy et al. (2021) Canada Boreal forest 26-34 years Field surveys (composition, richness) Multi-decadal natural recovery assessment

stockpiles
Eduardo-Palomino et al. Peru Andean grasslands 9 years Field surveys (species abundance, paired  Yearly longitudinal monitoring with control

(2025)

transects)

comparisons

The absence of a statistically significant replanting effect (p = 0.650)
reflects both methodological and temporal limitations. Limited sample
size (n = 3 polygons) reduced statistical power, while Sentinel-2's 10 m
resolution averaged localized vegetation gains across mixed planted and
bare areas. The 95% CI (—0.064 to +0.103) encompasses modest posi-
tive effects typical of early restoration (Bright et al., 2019; Flemming
et al., 2023). This indicates that the null result reflects a detection
challenge rather than restoration inefficacy. The relatively short moni-
toring period post-intervention (27 months) may be insufficient to
detect delayed establishment effects. The interrupted time-series speci-
fication assumes immediate detectability of intervention effects at the
defined breakpoints. In the case of replanting, biological establishment
and canopy development may involve delayed responses that are not
immediately detectable at satellite resolution, particularly in Mediter-
ranean climates.

A formal detectability analysis further clarifies this interpretation
(Bloom, 1995; Bernal et al., 2017). Given the current design (n = 3
polygons), the minimum detectable site-wide level change at 80% power
was £0.119 NDVI and + 0.079 NDRE. These thresholds exceed the
observed replanting effects and are 1.7-4.0x larger than early-stage
restoration signals commonly reported in forest systems (0.03-0.07
NDVTI units). In contrast, the clearing disturbance substantially exceeded
the detectability threshold, enabling robust detection. Together, these
results confirm that the non-significant replanting effect reflects limited
detectability at Sentinel-2 spatial resolution rather than a lack of vege-
tation establishment.

High-resolution UAV validation confirmed that localized vegetation

10

establishment is occurring at fine spatial scales: UAV-derived NDVI and
NDRE showed strong correlations with field-measured tree survival
rates (r = 0.918 and 0.841, respectively). Each polygon contains only
10-17 Sentinel-2 pixels, and only a fraction of each polygon was
replanted. This spatial scale mismatch is a well-documented challenge in
moderate-resolution satellite monitoring of heterogeneous landscapes,
where spectral responses represent unknown mixtures of vegetated and
non-vegetated components (Vrieling et al., 2018; Malenovsky et al.,
2017; Dash et al., 2018; Daryaei et al., 2020). Field validation focused on
early-stage restoration, where planted individuals were seedlings and
saplings rather than mature trees. Structural metrics such as stem
diameter were therefore not biologically meaningful at the time of
survey. Correlation analyses were used descriptively to support inter-
pretation rather than as primary inferential results, and Pearson corre-
lation was applied for consistency with regression-based validation.
Natural recovery initiated during 2021-2022 may have further
reduced the marginal contribution of replanting to overall greenness
gains. This is consistent with Flemming et al. (2023), who showed that
natural regeneration can offset early restoration effects where seed
sources and soil seed banks persist. Per-polygon ITS estimates (Supple-
mentary Table S3) revealed heterogeneity in natural recovery rates,
with faster recovery in P1 (4+0.126 NDVI yr‘l), moderate recovery in P3
(+0.064 yr’l), and slower recovery in P2 (+0.031 yr’l). However,
replanting effects remained non-significant across all three polygons,
suggesting that limited detectability reflects spatial resolution and
sample size constraints rather than natural recovery masking effects in
specific polygons. Climatic variability during the post-planting period
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likely moderated recovery potential. The distributed-lag analysis iden-
tified soil moisture as the dominant driver of vegetation variability, with
positive effects at 0-1-month lags diminishing by 3 months, suggesting
that short-term water deficits could have constrained early establish-
ment. This interpretation is consistent with findings from Mediterranean
and temperate ecosystems where water availability and energy supply
are seasonally decoupled (Baldocchi et al., 2010; Jongen et al., 2011).

The apparent counterintuitive negative correlation between soil
moisture and VIs in raw correlations (Fig. 7A and B) likely reflects the
complex relationship between water availability and vegetation
phenology in this system. High soil moisture often occurs during cooler
periods with reduced photosynthetic activity, while moderate moisture
stress during warmer periods can coincide with peak growing season
vigor (Baldocchi et al., 2010; Jongen et al., 2011). In other words,
months with higher evaporative demand tend to be followed by higher
VI within 1-2 months, whereas moisture deficit relates to lower VI after
a few months. Once seasonality is controlled for in the ITS framework,
soil moisture's positive effect on vegetation becomes evident through the
distributed-lag models. The climate-adjusted ITS framework effectively
isolates anthropogenic intervention effects from seasonal and climatic
confounding. Partial R? for the intervention block (Table 3) demon-
strates that pipeline clearing and replanting explain substantial unique
variance beyond seasonality, climate covariates, and polygon effects.
This highlights the framework's ability to disentangle management in-
terventions from background environmental variability. The climate-
adjusted ITS framework requires known intervention dates and is best
suited for abrupt, discrete disturbances. For unknown disturbance
timing, breakpoint detection methods (e.g., BFAST; Verbesselt et al.,
2010) can identify change dates, which can then be used as inputs to the
ITS specification. For gradual changes, smooth functional forms could
replace the immediate level-and-slope specification. The fixed-
breakpoint approach represents a parsimonious proof-of-concept for
known intervention timing.

Soil moisture emerged as the dominant climatic driver of NDVI and
NDRE variability (Partial R? = 0.19-0.22), confirming that vegetation
greenness in this system is primarily regulated by antecedent hydro-
logical conditions rather than by instantaneous precipitation. This
agrees with recent studies showing that vegetation integrates short-term
cumulative water availability rather than discrete rainfall events (Ding
et al., 2020; Walther et al., 2019; Vicente-Serrano et al., 2018). The
relatively weak correlations with precipitation (r ~ 0.16-0.21) reinforce
the value of including soil-moisture data in vegetation monitoring
frameworks (Al-Kindi et al., 2023). The observed positive co-variation of
evapotranspiration with NDVI and NDRE at short lags (r ~ 0.33-0.40)
supports this seasonal coupling between evaporative demand and pro-
ductivity. Neglecting lagged climatic influences can substantially bias
estimates of disturbance and restoration effects (Lopez Bernal et al.,
2018). Despite limited spatial replication, internal validity is strength-
ened by several design choices. Polygon fixed effects (&) control for
time-invariant differences among sites, including baseline vegetation,
soil properties, and microsite conditions, isolating temporal intervention
effects from static spatial heterogeneity. Month-clustered standard er-
rors account for shared climatic shocks across polygons, providing
conservative inference appropriate for the panel structure.

4.1. Limitations and future directions

Several methodological constraints affect interpretation and gener-
alizability. The single-site design (n = 3 polygons, 0.42 ha) provides
proof-of-concept but requires replication across diverse pipeline corri-
dors and climatic contexts. This limitation is quantitatively demon-
strated by the detectability analysis presented above. The relatively
short post-replanting monitoring period (March 2023-May 2025, 27
months) may be insufficient to detect restoration benefits that emerge
over longer timescales, particularly in temperate forest ecosystems
where canopy closure can require 5-10 years. In addition, the ITS
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framework models replanting as an immediate level and trend change.
However, seedling establishment and canopy development may involve
delayed biological responses that only become spectrally detectable
after several months to years. The use of ERA5-Land climate data
(~9-11 km resolution) represents a necessary compromise when
monitoring small, heterogeneous areas. Microclimatic heterogeneity
related to slope, aspect, soil depth, or canopy structure may modulate
vegetation responses to temperature and moisture, affecting climate VI
relationships at fine spatial scales. In this study, ERA5-Land variables
were included primarily to control for broad-scale temporal climate
variability rather than to resolve within-site microclimatic gradients.
Polygon fixed effects absorb time-invariant site characteristics such as
slope, exposure, and soil properties, while the climate covariates capture
regional month-to-month forcing shared across polygons. Any remain-
ing microclimatic heterogeneity is therefore expected to increase re-
sidual variance rather than systematically bias intervention estimates,
rendering inference conservative. Future applications may benefit from
higher-resolution climate products or site-specific weather stations
where available. Ground-based predictive models (height, biomass from
VIs) were not attempted due to limited sampling (n = 3 polygons, single
time point); such models require substantially larger and temporally
replicated training datasets to avoid overfitting. Future applications
monitoring small restoration projects should consider: (1) increasing
polygon replication and size, (2) combining Sentinel-2 time-series with
periodic UAV surveys to validate fine-scale heterogeneity, (3) imple-
menting spatially replicated designs with paired treatment-control
polygons where feasible, and (4) extending monitoring periods beyond
3-5 years to capture full restoration trajectories.

5. Conclusion

This proof-of-concept study demonstrates that climate-adjusted
interrupted time-series analysis can robustly quantify vegetation
disturbance and multi-year recovery at small spatial scales. Pipeline
clearing caused immediate and substantial vegetation loss, followed by
gradual natural recovery, while replanting in March 2023 showed no
statistically detectable site-wide effect after accounting for climate and
seasonality.

Multi-scale UAV validation confirmed that vegetation establishment
was occurring at sub-pixel scales, highlighting the limitations of
moderate-resolution satellite data for detecting early or spatially het-
erogeneous restoration signals. Taken together, these results underscore
that the absence of a statistically significant replanting signal reflects
detectability limits at moderate satellite resolution rather than a lack of
ecological recovery. A formal detectability analysis further quantified
these constraints, providing practical thresholds for future monitoring
designs. By integrating Sentinel-2 and ERA5-Land observations, the
proposed framework enables climate-aware attribution of vegetation
change where traditional field-based controls are infeasible. Soil mois-
ture emerged as the dominant short-lag climatic driver of vegetation
variability, emphasizing the importance of hydrological conditions for
post-disturbance recovery. The framework is broadly transferable to
infrastructure-impacted landscapes, with the caveat that detecting
subtle restoration effects requires larger sample sizes, longer monitoring
periods, or higher-resolution imagery. From a management perspective,
effective evaluation of restoration outcomes benefits from multi-year
monitoring (>3-5 years), attention to moisture constraints, and tar-
geted high-resolution validation. Where seed sources persist, natural
regeneration may provide a cost-effective pathway to recovery.

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.ecolind.2026.114670.
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