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Wildfires significantly alter terrestrial carbon cycling by reducing vegetation productivity and reshaping
ecosystem functioning, yet satellite-based estimates of gross primary productivity (GPP) remain highly uncertain
under fire disturbance. Here, we evaluated five global GPP products—BESS GPP (process-based), FLUXCOM and
FluxSat GPP (machine learning-based), GOSIF GPP (derived from reconstructed solar-induced chlorophyll
fluorescence, SIF), MODIS GPP (light-use efficiency-based)—together with three complementary proxies: GOSIF
(reconstructed SIF), the near-infrared reflectance of vegetation (NIRv), and leaf area index (LAI). These products
were benchmarked against eddy covariance (EC) tower GPP measurements from ten fire-affected sites (five forest
sites, five grass/shrub sites) with multi-year pre- and post-fire records. Results show that satellite proxies
generally underestimated fire-induced GPP loss, with forest sites showing the largest discrepancy: EC GPP
declined by ~94%, compared to 47-88% from satellites. During recovery, most satellite products overestimated
post-fire carbon gain and underestimated recovery time, often signaling premature recovery in forests. In
contrast, grass and shrub ecosystems showed faster rebound and closer agreement with satellite estimates.
Among these products, BESS GPP and GOSIF better reproduced immediate loss and recovery time, though still
underestimated persistent suppression and overestimated cumulative uptake. Moreover, EC data further revealed
reduced post-fire GPP sensitivity to light, temperature, and vapor pressure deficit in forests, which satellite
products failed to capture. These findings highlight systematic biases in current satellite proxies, emphasize the
challenges in monitoring forest recovery, and underscore the need for disturbance-responsive models and
expanded flux benchmarks to improve post-fire carbon cycle assessments.

1. Introduction

Wildfire is a major disturbance in terrestrial ecosystems, profoundly
affecting vegetation structure, productivity, and biogeochemical cycles
(Lv et al., 2025; Xu et al., 2024). In recent years, intensified global
warming has increased the frequency of extreme heat and drought
events, prolonging fire seasons and amplifying fire severity (Flannigan
etal., 2013). Between 2001 and 2020, the global average annual burned
area (BA) was approximately 7.74 x 10° km? (Chen et al., 2023).
Although the overall global BA declined, high-intensity and large-scale
wildfire events have continued to rise in key regions such as Canada,

* Corresponding authors.
E-mail addresses: yuq@nwafu.edu.cn (Q. Yu), wugh@nwafu.edu.cn (G. Wu).

https://doi.org/10.1016/j.agrformet.2025.110963

Siberia, and Australia (Andela et al., 2017; Canadell et al., 2021; Gui
et al., 2025; Huang et al., 2024; Jones et al., 2024). These disturbances
can result in immediate vegetation mortality and trigger long-term
ecosystem shifts (Xu et al. 2025; Zhou et al. 2023), with cascading im-
pacts on the carbon cycle (Burton et al., 2024; Hung et al., 2024; Walker
et al., 2019), hydrology (Baur et al., 2024; Shakesby and Doerr, 2006;
Wine and Cadol, 2016), and land-atmosphere interactions (Tian et al.,
2022; Zhao et al., 2024). Accurately quantifying the magnitude and
trajectory of post-fire ecosystem recovery is essential for understanding
terrestrial carbon dynamics and for improving climate-biosphere feed-
back models.
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Earth observation (EO) remote sensing has become an essential tool
for monitoring post-disturbance vegetation dynamics, owing to its broad
spatial coverage and increasing availability of long-term datasets
(Runge et al., 2025; Wooster et al, 2021). Among various
satellite-derived indicators, gross primary production (GPP) is widely
recognized as a functionally meaningful metric for assessing produc-
tivity loss and recovery after fire (Huang et al., 2013; Sun et al., 2020; Xu
et al., 2024). Because GPP cannot be directly measured from space,
current satellite GPP products are mostly generated through models that
integrate satellite observations (e.g., surface reflectance, vegetation
indices) with meteorological data (Prentice et al., 2024; Ryu et al., 2019;
Wang et al., 2025; Xiao et al., 2019). These products can be broadly
classified into three methodological categories: (1) Process-based
models, such as the Breathing Earth System Simulator (BESS) and the
Boreal Ecosystem Productivity Simulator (BEPS), which explicitly
simulate canopy photosynthesis and energy fluxes by coupling radiative
transfer, biochemical, and biophysical processes (Jiang and Ryu, 2016;
Liu et al., 1997); (2) Machine learning approaches, which empirically
learn relationships between satellite predictors and in situ GPP from
eddy covariance (EC) towers, including FLUXCOM and FluxSat (Joiner
et al., 2018; Jung et al., 2020; Nelson et al., 2024); and (3) Light use
efficiency (LUE) models, such as MODIS GPP (MOD17) and the Vege-
tation Photosynthesis Model (VPM), which estimate GPP as the product
of absorbed photosynthetically active radiation (APAR), maximum LUE,
and downregulating scalars representing environmental stress (e.g.,
temperature, vapor pressure deficit) (Haxeltine and Prentice, 1996;
Running et al., 2004; Zhang et al., 2017). These GPP products have been
widely applied to quantify post-fire reductions in ecosystem productiv-
ity (Bandopadhyay and Sanchez, 2020; Wu et al., 2024; Zong et al.,
2024), to evaluate the magnitude and duration of fire-induced declines
(Kelly et al., 2024; Lv et al., 2025; Xu et al., 2024), and to characterize
long-term recovery trajectories across diverse biomes (Gu et al., 2025;
Hemes et al., 2023; Sun et al., 2020; Ueyama et al., 2019).

In parallel, solar-induced chlorophyll fluorescence (SIF) has emerged
as a direct optical proxy of photosynthetic activity, offering an alter-
native pathway for GPP estimation (Frankenberg et al., 2011; Ryu et al.,
2019). SIF-based products such as GOSIF GPP generate spatially
continuous GPP estimates through biome-specific empirical scaling of
reconstructed OCO-2 SIF observations (Li et al. 2019a). Beyond its role
in GPP estimation, SIF—whether from original satellite retrievals,
spatially reconstructed datasets (e.g., GOSIF), or downscaled pro-
ducts—has proven valuable for detecting fire-induced vegetation stress,
tracking recovery trajectories, and identifying the timing of photosyn-
thetic rebound (Guo et al., 2021; Kim et al., 2024; Shen et al., 2025).
Complementing these functional indicators, structural and spectral
proxies such as leaf area index (LAI) and near-infrared reflectance of
vegetation (NIRv) have been widely used to capture post-fire canopy
defoliation and regrowth dynamics (Badgley et al. 2017; Zhou et al.
2025). NIRv, in particular, effectively isolates vegetation signals from
soil background and has demonstrated strong correlation with GPP
across biomes (Badgley et al., 2019). Classic vegetation indices such as
normalized difference vegetation index (NDVI) and enhanced vegeta-
tion index (EVI) continue to serve as simple yet informative indicators of
fire-induced changes in greenness and canopy structure (Ba et al., 2022;
Giilci and Wing, 2025; Singh and Jeganathan, 2023; Srivastava et al.,
2025). The combination of functional indicators (e.g., GPP, SIF) and
structural metrics (e.g., LAI, NIRv, EVI) provides a more comprehensive
assessment of fire impacts and post-disturbance ecosystem recovery
pathways.

Although a wide range of satellite GPP products and vegetation
proxies have been used to assess fire-induced carbon loss and post-fire
recovery, the choice of products varies considerably across studies
(Bastos et al., 2011; Fan et al., 2023; Hemes et al., 2023; Pan et al., 2025;
Xu et al., 2024), and few have been systematically validated against in
situ measurements such as EC fluxes across different ecosystems. This
lack of benchmarking limits the comparability and interpretability of
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results, particularly when extrapolated to regional or global scales. For
instance, Hemes et al. (2023) combined Landsat-derived NIRv with EC
data in Californian forests, reporting sharp GPP declines post-fire, with
full recovery taking over a decade in severely burned areas. In contrast,
Pan et al. (2025) found rapid GPP recovery in Australian savannas and
woodlands using multiple satellite products, including MODIS, VPM,
BESS, and GOSIF GPP, with most sites recovering to or exceeding
pre-fire productivity within two years. Xu et al. (2024) conducted a
global assessment based on GOSIF GPP and vegetation indices, revealing
biome-specific recovery patterns—rapid in grasslands and shrublands,
but substantially delayed in evergreen forests. At the site scale, Wood-
gate et al. (2025) observed post-fire mismatches between
satellite-derived SIF and EC-based GPP in an Australian eucalypt forest,
where satellite proxies underestimated recovery duration. Collectively,
these studies highlight the inconsistency in recovery trajectories across
products and ecosystems, underscoring the need for systematic,
cross-product validation using EC benchmarks. Furthermore, the ability
of satellite products to capture post-fire shifts in GPP sensitivity to
environmental drivers—such as light, temperature, and vapor pressure
deficit (VPD)—remains insufficiently tested, especially in forest systems
where canopy damage may alter land-atmosphere coupling.

To address these gaps, we systematically evaluate multiple remote
sensing proxies—including five global GPP products (BESS, FLUXCOM,
FluxSat, GOSIF and MODIS GPP) and three complementary proxies (SIF,
NIRv, and LAI)—against EC-derived GPP across ten fire-affected sites
(five forest sites and five grass/shrub sites). Specifically, we assess their
capacity to capture fire-induced GPP loss, post-fire GPP accumulation,
time to recovery, and recovery rate, as well as their ability to reproduce
observed shifts in GPP sensitivity to meteorological drivers before and
after fire. This study focuses on sites in Australia and North America,
representing two major fire-prone regions of the Southern and Northern
Hemispheres (Bradstock, 2010; Phillips et al., 2022; Schoennagel et al.,
2017; Williams et al., 2012). These regions offer a diverse range of
fire-impacted ecosystems, from forests to grasslands and shrublands,
and are equipped with extensive EC measurements (Baldocchi et al.,
2024; Beringer et al., 2016), making them ideal for systematically
benchmarking satellite products. Integrating EC flux observations with
multiple remote sensing proxies enables a comprehensive assessment of
wildfire impacts and post-fire recovery across distinct ecosystems.
Building on this foundation, our study introduces a evaluation frame-
work that combines functional and structural indicators to clarify the
mechanisms underlying satellite-EC discrepancies. This integrative,
cross-ecosystem benchmark represents the first coordinated evaluation
of major global GPP products in fire-affected forests and grass/shrub
systems, providing clearer guidance for selecting robust proxies and
informing the development of next-generation satellite products.

2. Data and methods
2.1. Eddy covariance flux data

We selected ten EC tower sites from the OzFlux and AmeriFlux net-
works that provide multi-year, continuous observations spanning both
pre-fire and post-fire periods (Fig. 1; Table 1). These sites represent the
limited set of globally available locations with publicly accessible flux
records covering the full fire disturbance timeline. Of the ten, four were
in Australia (AU-Wac, AU-Cpr, AU-Tum, AU-Wrr) and six in the United
States (US-Vem, US-Me2, US-Seg, US-Scg, US-Scs, US-S02), collectively
encompassing a variety of ecosystems including evergreen needleleaf
and broadleaf forests, shrublands, grasslands, and savannas. Based on
the relative differenced Normalized Burn Ratio (RANBR) method (Miller
and Thode, 2007; Pan et al., 2025), we classified fire severity at all sites
using established thresholds: low severity (RANBR < 0.4), moderate
severity (0.4 < RANBR < 0.8), and high severity (RANBR > 0.8). The
results (Fig. S1) indicate that AU-Tum, AU-Wac, US-Scg, and US-Scs
experienced moderate-severity fires, while all other sites were affected
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Fig. 1. Geographic distribution of eddy covariance flux tower sites used in this study. Stars represent sites with observational records spanning the pre- and post-fire
periods, while diamonds denote sites where observations began within five years after the fire event. Sites are color-coded by the dominant fire-affected vegetation
type: magenta for forest-dominated sites, and blue for grass, shrub, or understory-dominated sites. The AU-Cpr site is classified as forest following Sun et al. (2020).

Table 1
Overview of the eddy covariance flux tower sites with observational records spanning the pre- and post-fire period. For each site, the fire event date, geographic
coordinates, pre-fire dominant plant functional type (based on IGBP classification), data coverage period, and data source (OzFlux or AmeriFlux) are listed.

Site ID Site Name Fire Event Lon, Lat Pre-fire plant functional type Data Coverage Database
AU-Cpr Calperum Chowilla 2014/01 140.59°E, 34.00°S Savannas 2010-2024 OzFlux
AU-Tum Tumbarumba 2019/12 148.15°E, 35.66°S Evergreen Broadleaf Forests 2002-2022 OzFlux
AU-Wac Wallaby Creek 2009/02 145.19°E, 37.43°S Evergreen Broadleaf Forests 2005-2013 OzFlux
AU-Wrr Warra 2019/01 146.65°E, 43.10°S Evergreen Broadleaf Forests 2013-2021 OzFlux
US-Vem Valles Caldera Mixed Conifer 2013/05 106.53°W, 35.89°N Evergreen Needleleaf Forests 2007-2021 AmeriFlux
US-S02 Sky Oaks- Old Stand 2003/07 116.62°W, 33.37°N Closed Shrublands 1997-2006 AmeriFlux
US-Seg Sevilleta grassland 2009/08 106.72°W, 34.36°N Grasslands 2007-2021 AmeriFlux
US-Scs Southern California Climate Gradient - Coastal Sage 2007/10 117.70°W, 33.73°N Open Shrublands 2006-2016 AmeriFlux
US-Scg Southern California Climate Gradient - Grassland 2007/10 117.69°W, 33.74°N Grasslands 2006-2016 AmeriFlux
US-Me2 Metolius mature ponderosa pine 2020/08 121.56°W, 44.45°N Evergreen Needleleaf Forests 2002-2022 AmeriFlux

by low-severity fires. s://dap.tern.org.au). GPP_LT was derived using a daytime light-

For simplicity, all sites were categorized into two broad plant func-
tional types (PFTs) based on the dominant vegetation affected by
wildfire: forest, representing evergreen needleleaf and evergreen
broadleaf forests (US-Vem, US-Me2, AU-Wac, AU-Cpr, AU-Tum), and
grass/shrub, representing ecosystems dominated by grasslands, shrub-
lands and understory vegetation (US-Seg, US-Scg, US-Scs, AU-Wrr, US-
SO2). The selected sites typically provide 9-21 years of EC data,
including 2-19 years of pre-fire records and 2-12 years of post-fire re-
covery. Additionally, six supplementary U.S. sites with EC observations
beginning within five years after fire (but lacking pre-fire coverage)
were identified (Table. S1). These were excluded from our main pre/
post-fire analysis but may offer insights into early recovery patterns.

For all sites, 30-minute GPP and key meteorological variables,
including photosynthetic photon flux density (PPFD), air temperature
(Ta), and VPD, were extracted. For Australian sites, we used the Level 6
“GPP_LT” product, accessed via the TERN THREDDS data portal (http

response method , in which ecosystem Re was parameterized with the
Lloyd-Taylor model to represent its temperature dependence (Lloyd and
Taylor, 1994). The raw 30-minute flux measurements were processed
according to OzFlux quality assurance and quality control (QA/QC)
protocols and corrected for known biases (Isaac et al., 2017). For U.S.
sites in the AmeriFlux network (https://ameriflux.lbl.gov/), we used the
GPP_NT _VUT_USTARS5O0 product, following the FLUXNET standardized
pipeline. This product estimated GPP using nighttime partitioning
(Reichstein et al., 2005), with Re parameterized from nighttime NEE and
Ta. To ensure data reliability, an annually varying friction velocity (u*)
threshold was derived via bootstrapping and applied to remove
low-turbulence periods known to cause underestimation (Papale et al.,
2006). All 30-minute records were screened to remove low-quality or
physically implausible GPP values (e.g., negatives). The cleaned data
were aggregated to 8-day and monthly intervals to match the temporal
resolution of remote sensing products, retaining aggregates only when
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more than 60 % of the underlying high-frequency data passed QA filters
to ensure consistency and reliability in subsequent analyses.

2.2. Remote sensing proxies

To evaluate post-fire changes in carbon uptake and vegetation con-
dition, we compiled a suite of widely used remote sensing proxies,
including five GPP products, one reconstructed SIF dataset, one struc-
tural variable (LAI), and one spectral vegetation index (NIRv). All
selected products provided continuous temporal coverage across every
fire-affected site, spanning both pre- and post-fire periods.

2.2.1. Satellite-based GPP products

The five GPP products used in this study cover the major methodo-
logical categories of satellite-based GPP estimation, including process-
based models, machine learning approaches, and LUE models, as well
as an SIF-based empirical product. These products represented diverse
modeling approaches and input sources. BESS v2.0 is a process-based
model that integrates canopy radiative transfer, biochemical photosyn-
thesis, and energy balance, driven by MODIS surface parameters and
meteorological data, providing daily GPP at 0.05° resolution (Li et al.,
2023) (https://www.environment.snu.ac.kr/bessv2). FLUXCOM-X-BA
SE uses machine learning (XGBoost) to upscale tower GPP based on
MODIS vegetation indices and ERA5 climate data, available at 0.25°
daily and 0.05° monthly resolution (Nelson et al., 2024) (https://gitlab.
gwdg.de/fluxcom/fluxcomxdata). FluxSat v2.2 is a neural network-
based GPP product trained on FLUXNET observations using MODIS
BRDF-corrected reflectance and incident photosynthetically active ra-
diation (PAR) as inputs, also delivered at 0.05° and daily scale (Joiner
et al., 2018) (https://avdc.gsfc.nasa.gov/pub/tmp/FluxSat GPP/).
MODIS GPP (MYD17A2H) is a widely used LUE-based product esti-
mating GPP as a function of APAR, maximum LUE, and meteorological
stress scalars, available at 500 m resolution and 8-day composites
(Running et al., 2004) (https://ladsweb.modaps.eosdis.nasa.gov/missi
ons-and-measurements/products/MYD17A2H/). GOSIF GPP is derived
by applying empirical SIF-GPP regressions to the global GOSIF SIF
dataset, producing 0.05° GPP at 8-day intervals (Li and Xiao, 2019b)
(https://globalecology.unh.edu/data/GOSIF-GPP.html). For simplicity,
we refer to these datasets as BESS GPP, FLUXCOM GPP, FluxSat GPP,
GOSIF GPP, and MODIS GPP in subsequent sections. To reduce un-
certainties from individual products, we also calculated an ensemble
mean GPP (RS GPP,yg) across the five datasets.

2.2.2. Other functional and structural proxies

To complement GPP, we included three additional proxies. GOSIF
provides 8-day reconstructed SIF estimates at 0.05° resolution using
machine learning models trained on OCO-2 data and MODIS reflectance,
and MERRA-2 meteorology (Li and Xiao, 2019a) (https://globalecology.
unh.edu/data/GOSIF.html). GLASS LAI v6 is a globally consistent LAI
dataset generated using a bidirectional long short-term memory
(Bi-LSTM) model trained on MODIS reflectance and multiple reference
LAI datasets, offering improved seasonal dynamics (Ma and Liang,
2022) (https://glass.bnu.edu.cn/introduction/LALhtml). NIRv was
calculated from the MODIS MCD43A4 BRDF-adjusted surface reflec-
tance product (500 m) using the following equation:
NIR — RED

NIRy = (NIR + RED

> x NIR (€))]
where NIR and RED are reflectance in the near-infrared and red bands,
respectively. NIRv is a spectral proxy for photosynthetic capacity and
has been shown to correlate well with GPP across biomes (Badgley et al.,
2019, 2017).

All remote sensing datasets were resampled to a common 0.05°
spatial resolution using bilinear interpolation and aggregated to 8-day
and monthly temporal scales for consistency. At each flux tower site,
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remote sensing variables were extracted from the 0.05° grid cell con-
taining the tower coordinates. FLUXCOM-X-BASE GPP was used at a
spatial resolution of 0.25° with an 8-day temporal resolution, and at
0.05° with a monthly temporal resolution. Dataset specifications were
summarized in Table 2. To illustrate the temporal coverage and seasonal
dynamics of the remote sensing proxies, Fig. S2 showed representative
time series from one forest site (US-Vecm) and one shrub site (US-SO2),
alongside EC GPP. The figure demonstrated multi-year consistency and
variability across GPP, SIF, LAI, and NIRv before and after fire.

2.3. Evaluation of remote sensing proxy performance in capturing fire-
induced vegetation response

To evaluate the performance of remote sensing proxies in capturing
vegetation responses to wildfire, we conducted comparative analyses
between EC GPP and multiple satellite-derived products across all
selected flux tower sites. To explore potential biome-specific differences
in disturbance impacts and recovery patterns, sites were grouped into
two PFTs—forest and grass/shrub, and all subsequent analyses were
conducted and presented separately for these two PFTs.

2.3.1. Proxy-EC GPP relationship analysis

We first assessed the relationship between each satellite-based proxy
and EC GPP before and after fire disturbance. For each site, equal-length
pre- and post-fire periods were defined, with the post-fire window
starting from the first available EC GPP record following the fire event.
Linear regression was applied to both pre- and post-fire periods sepa-
rately using all eight remote sensing variables: five GPP products (BESS
GPP, FLUXCOM GPP, FluxSat GPP, GOSIF GPP, MODIS GPP), GOSIF SIF,
GLASS LAI, and NIRv. Regression slope and coefficient of determination
(R?) were used to evaluate the temporal consistency and disturbance
sensitivity of each proxy. This analysis revealed how well each satellite
proxy reproduced the carbon fluxes observed by EC towers, and whether
this relationship shifted under fire disturbance. To statistically evaluate
fire-induced alterations in the relationship between satellite proxies and
EC GPP, we conducted independent samples t-tests to compare regres-
sion slopes from pre- and post-fire periods. Statistical significance was
assessed at three levels: ***p < 0.001, **p < 0.01, and *p < 0.05.

2.3.2. Fire-induced loss and change metrics

To quantify the magnitude of fire-induced loss and functional/
structure shifts, we calculated two complementary indicators for each
remote sensing proxy. The maximum relative decrease (MRD) charac-
terizes the most severe immediate decline following fire, defined as the
relative difference between the pre-fire mean and the post-fire minimum
value:

Table 2

Overview of remote sensing datasets used in this study. Listed products include
gross primary production (GPP), leaf area index (LAI), solar-induced chlorophyll
fluorescence (SIF), and near-infrared reflectance of vegetation (NIRv). Spatial
and temporal resolutions correspond to the native format of each dataset.

Product Variable  Spatial Temporal Data
resolution resolution coverage
BESS (v2.0) GPP 0.05° daily, 1982-2022
monthly
FLUXCOM GPP 0.25°, daily daily, 2001-2021
(FLUXCOM-X- (0.05°, monthly
BASE) monthly)
FluxSat (v2.2) GPP 0.05° daily 2000-2024
GOSIF GPP 0.05° 8 d, monthly 2000-2024
MODIS GPP 500 m 8d 2002—
(MYD17A2H) present
GLASS (v60) LAI 0.05° 8d 2000-2024
GOSIF SIF 0.05° 8 d, monthly 2000-2024
MODIS NIRv 500 m daily 2000-present
(MCD43A4)



https://www.environment.snu.ac.kr/bessv2
https://gitlab.gwdg.de/fluxcom/fluxcomxdata
https://gitlab.gwdg.de/fluxcom/fluxcomxdata
https://avdc.gsfc.nasa.gov/pub/tmp/FluxSat_GPP/
https://ladsweb.modaps.eosdis.nasa.gov/missions-and-measurements/products/MYD17A2H/
https://ladsweb.modaps.eosdis.nasa.gov/missions-and-measurements/products/MYD17A2H/
https://globalecology.unh.edu/data/GOSIF-GPP.html
https://globalecology.unh.edu/data/GOSIF.html
https://globalecology.unh.edu/data/GOSIF.html
https://glass.bnu.edu.cn/introduction/LAI.html

X. Fan et al.

MRD = XPre—ﬁre mean Xposr—ﬁre min )

Xpre —fire mean

where X denotes the value of a given proxy such as GPP, SIF, LAI, or
NIRv. To assess longer-term changes, we computed the mean relative
change (MRC), calculated as the relative difference between post-fire
and pre-fire mean values:

|Xpost —fire mean

- X re—fire mean
MRC = oo | 3)

Xpre—ﬁre mean

MRD highlights the acute severity of fire-induced degradation, while
MRC captures the persistent shifts in vegetation functional/structural
state. Together, they offer a dual perspective on proxy sensitivity to fire
disturbances. For consistency, the pre- and post-fire periods used in MRD
and MRC calculations were identical to those applied in the proxy—EC
GPP relationship analysis.

2.3.3. Post-fire carbon gain estimation

To assess ecosystem productivity recovery, we calculated accumu-
lated GPP for each site and GPP product, from the first available EC GPP
record post-fire through the end of the analysis period. This metric re-
flected the total post-disturbance carbon uptake and enabled direct
comparison between ground-based and remote estimates of carbon gain.
Only GPP products were included due to the requirement for absolute
flux quantification. Accumulated GPP integrated temporal recovery and
provided insights into potential under- or over-estimation of post-fire
productivity by remote sensing proxies.

2.3.4. Vegetation recovery trajectory metrics

To characterize post-fire vegetation recovery dynamics, we calcu-
lated two commonly used metrics: time to recovery (TTR) and GPP re-
covery rate (RecR). TTR was defined as the number of days between the
post-fire minimum and the point at which the proxy value returned to 80
% of its pre-fire mean, a threshold chosen to ensure consistent recovery
estimates across sites and products where full recovery was often not
reached. We also evaluated a 50 % threshold to assess the robustness of
our recovery metrics. Based on TTR, the RecR was computed as the slope
of the recovery trajectory, representing the speed of return toward pre-
disturbance conditions. It was calculated as:

Xpre—ﬁre A% — Xpoxt—ﬁre min ( 4)

RecR =
TTR

where Xyre_fire a% is 50 % or 80 %of the pre-fire mean. RecR was
computed only for GPP products due to its dependence on absolute
carbon uptake values. Prior to metric calculation, all-time series were
smoothed using a three-point moving average and then detrended and
deseasonalized to isolate fire-induced signals (Fig. 2). These trajectory-

Anomaly Index
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based indicators complemented magnitude-based metrics (MRD, MRC,
accumulated GPP) by explicitly capturing the timing and pace of
ecosystem functional return.

To further evaluate the consistency between remote sensing proxies
and EC GPP in depicting TTR and RecR, we employed Taylor diagrams.
These diagrams provided a concise statistical summary by simulta-
neously representing the correlation coefficient (r), the standard devi-
ation (SD), and the centered root mean square difference (CRMSD)
between each remote sensing proxy and EC GPP. This approach allowed
for a comprehensive comparison of the performance of different proxies
in capturing the magnitude and temporal patterns of ecosystem
recovery.

2.3.5. Climate sensitivity analysis

To assess whether fire altered GPP—climate coupling, and whether
such shifts were detectable by remote sensing proxies, we selected two
representative sites—one forest and one grass/shrub—with the most
complete GPP and meteorological data before and after fire. For each
GPP product and GOSIF, we applied linear regressions relating their
values to three key drivers: PPFD, Ta, and VPD, separately for the pre-
and post-fire periods. By applying independent samples t-tests to assess
the significance of pre- versus post-fire regression slope differences (***p
< 0.001, **p < 0.01, *p < 0.05), in conjunction with comparisons of R*
values, we systematically evaluated the whether proxies consistently
captured shifts in climate sensitivity under fire-modified conditions.

All data preprocessing and statistical analyses were performed in
Python (v3.9). Results reported in the main text were based on 8-day
resolution data, while complementary monthly-scale results were pre-
sented in the Supplementary Materials.

3. Result
3.1. Shifts in proxy—EC GPP relationships before and after fire in forest

The relationships between remote sensing proxies and EC GPP
exhibited pronounced shifts following fire disturbances at forest sites.
Across all satellite proxies, regression slopes increased markedly after
fire (Fig. 3 and Fig. 5a). Among satellite GPP products, FLUXCOM GPP,
FluxSat GPP, and GOSIF GPP showed substantially underestimated pre-
fire slopes (0.69, 0.57, and 0.66), which rose to near or above 1 post-fire
(1.00, 0.91, and 1.07), indicating reduced underestimation after fire. In
contrast, BESS GPP and MODIS GPP had pre-fire slopes already close to 1
(0.98 and 0.93), but increased disproportionately after fire, reaching
1.53 and 1.45, suggesting post-fire overcompensation. RS GPPyg fol-
lowed a similar trend, increasing from 0.77 to 1.19. Notably, the post-
fire scatter points for most GPP products were distributed above the
1:1 line, indicating a tendency to overestimate GPP relative to EC GPP
under post-disturbance conditions. Vegetation indices also showed

Baseline

Time

Fire Event

Fig. 2. Conceptual diagram of post-fire vegetation recovery indicators. The Anomaly Index represents the smoothed and detrended time series of vegetation proxies.
The red vertical line marks the timing of the wildfire. TTR indicates the duration from the post-fire minimum to the point when the variable reaches 50 % or 80 % of
its pre-fire baseline. RecR represents the slope of this recovery trajectory and quantifies how quickly the ecosystem returns toward its pre-fire condition.



X. Fan et al. Agricultural and Forest Meteorology 378 (2026) 110963
1511 2840 1511 2840 1511 2840
= i = P = P
72} wn 1 wn 1
g g ; Density g ; Density
a a 2
(a) . o 601(c) .
—-+ 1{1Liné* -
0 00 95%, C1: A 100 % SN
% A 40 - oot Pre
B (&) = “Slope::0.69
G0 w o ¢ R%0.92
@ 50 &) p <0.001
z = %20 Post
20 Slope: 1.53 — Slope: 1.00
R%: 0.86 R?: 0.84 = R2: 0.79
0 p <0.001 0 p <0.001 0 . p <0.001
0 50 0 50
EC GPP EC GPP
,.:‘ 5 ll: :28 40 ; ; 5 ]l: :28 40
7} H w» @ 1
= 1 = . = ] .
3 S Density 5‘ Density
60 60 100
=] o ]
A o =N 75
Q 40 Qo 40 &
~N
2 = Z 50
¢ ! 4 8
=220 Post :
= Slope: 0.91 o 20 = 25 : Slope: 1.45
R%:0.77 R?: 0.85 R?: 0.82
0 - p <0.001 0 p <0.001 0 = p <0.001
0 50 0 50 0 50
EC GPP EC GPP EC GPP
:E‘ %II: 28.40 % 511: :2840 ?
7} 7] H 7]
G Density S : Densit g Densit
& ensi & ensity & ensity
0.3 4
L‘t 0 2 3 o >
z 12| 2 e
3 1 =2 & p<0.001
0.1 ¥ Post BEEEY2
Slope: 0.0028 -2, Slope: 0.047 71
R% 0.84 R% 0.69 1 : R?: 0.60
0.0 : p <0.001 p <0.001 p <0.001
0 50 0 50 0 50
EC GPP EC GPP EC GPP

Fig. 3. The relationship between 8-day EC GPP and various remote sensing proxies at forest sites, separated by pre-fire (blue) and post-fire (red) periods. Each panel
compares EC GPP with RS GPPg (a), BESS GPP (b), FLUXCOM GPP (c), FluxSat GPP (d), GOSIF GPP (e), MODIS GPP (f), GOSIF (g), NIRv (h), and LAI (i). Solid lines
represent linear regression fits for pre- and post-fire periods, and dashed lines indicate the 1:1 line for reference (a—f). Regression slopes and coefficients of deter-
mination (R?) for pre- and post-fire periods are shown in each panel. Marginal density plots show distributions of pre- and post-fire values along both axes. Numerical
annotations indicate the mean EC GPP and proxy values before and after fire. Units: GPP (g C m™? 8 p™), GOSIF (W m™? pm™ sr?), LAI (m? m™).

enhanced coupling with EC GPP after fire. The slope of GOSIF increased
from 0.0030 to 0.0049, NIRv from 0.0019 to 0.0028, and LAI from 0.032
to 0.047, indicating stronger post-fire correspondence with flux obser-
vations despite lower absolute magnitude. In terms of model perfor-
mance, R* declined for most satellite GPP products after fire, e.g.,
FLUXCOM GPP from 0.92 to 0.79 and FluxSat GPP from 0.86 to 0.77
(Fig. 5b), reflecting weakened agreement with EC GPP under distur-
bance. Conversely, LAl and NIRv exhibited slight R> improvements, from
0.50 to 0.60 and 0.61 to 0.69, respectively, though they remained less
predictive overall. The mean EC GPP at forest sites decreased from 28.40
to 15.11 g C m™ 8 p™ after fire, while satellite proxies showed smaller
reductions, e.g., MODIS GPP from 26.53 to 23.73 g Cm™ 8 p’, and BESS
GPP from 27.18 to 24.08 gCm™? 8 p™.

In contrast, grass and shrub sites showed relatively stable proxy—GPP
relationships across fire disturbance (Fig. 4 and Fig. 5¢—d). Most GPP
products exhibited minimal changes in slope, e.g., RS GPPayg changed
slightly from 0.73 pre-fire to 0.72 after fire. Regression lines consistently
fell below the 1:1 line, reflecting continued underestimation before and

after fire. Post-fire R? values declined slightly across all proxies. The
mean EC GPP declined modestly from 26.44 to 21.73 g C m™2 8 v}, and
satellite proxies exhibited similar reductions (e.g., BESS GPP: from
22.63 to 16.69 g C m™ 8 p’}; MODIS GPP: from 26.67 to 20.78 gC m™2 8
p!), suggesting better agreement between proxy and observation in
capturing fire-driven declines in grass/shrub ecosystems. These patterns
of slope and R? changes were consistent when using monthly-aggregated
data (Fig. S3-S5), confirming the robustness of fire-induced shifts in
proxy—GPP relationships across temporal resolutions.

3.2. Underestimation of fire-induced loss by remote sensing proxies

Remote sensing proxies systematically underestimated fire-induced
reductions in vegetation loss relative to EC GPP (Fig. 6a-d), particu-
larly at forest sites. At forest sites, EC GPP exhibited the MRD of 94.3 %,
whereas MODIS GPP (87.0 %) and BESS GPP (75.4 %) provided the
closest estimates among satellite GPP products. FLUXCOM GPP (61.4
%), and FluxSat GPP (58.5 %) showed more substantial
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Fig. 4. The relationship between 8-day EC GPP and various remote sensing proxies at grass/shrub sites, separated by pre-fire (blue) and post-fire (red) periods. Each
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underestimation, while the ensemble RS GPPayg and GOSIF GPP recor-
ded 68.4 % and 67.2 %, respectively. GOSIF, while not a GPP product,
yielded an MRD of 80.3 %, performing between the higher-sensitivity
MODIS/BESS GPP and the lower-sensitivity FLUXCOM/FluxSat GPP.
By contrast, NIRv (53.7 %) and LAI (47.3 %) captured only minor de-
clines, indicating limited sensitivity to fire-induced functional loss. At
grass/shrub sites, EC GPP declined by 83.4 %, while MODIS GPP, BESS
GPP, GOSIF GPP and GOSIF recorded MRDs of 85.0 %, 84.9 %, 79.9 %,
and 89.2 %, respectively. Other proxies, including FLUXCOM GPP,
FluxSat GPP, and NIRv ranged from 50 % to 62 %, while LAI remained
the lowest (28.1 %). Overall, MODIS GPP, BESS GPP and GOSIF pro-
vided the closest MRD estimates to EC GPP across sites.

The MRC results demonstrated even larger gaps between remote
sensing proxies and EC GPP. At forest sites, EC GPP declined by 52.8 %,
while satellite GPP products showed notably smaller changes: MODIS
GPP (19.2 %), BESS GPP (32.7 %), FLUXCOM GPP (16.6 %), FluxSat
GPP (15.7 %), GOSIF GPP (15.3 %), and RS GPPayg (19.8 %). NIRv, LAI
and GOSIF were 16.1 %, 19.1 %, and 18.7 %, respectively. At grass and

shrub sites, MRC was overall lower compared to forest sites. EC GPP
declined by 34.3 %, while BESS GPP (23.5 %), and GOSIF (21.2 %) again
showed relatively close alignment. Other proxies ranged from 10 % to
18 %. Similar trends in MRD and MRC were observed when using
monthly data (Fig. S6), suggesting that the underestimation was not
substantially influenced by temporal resolution.

3.3. Overestimation of post-fire carbon gain in forests

Satellite GPP products generally overestimated post-fire carbon gain
relative to EC GPP, particularly at forest sites (Fig. 7a—e, Fig. 8a-b).
Across the five forest sites, cumulative EC GPP exhibited slower and
more gradual recovery trajectories, whereas BESS GPP and MODIS GPP
often estimated —650-2100 g C m™® higher cumulative carbon uptake
over the post-fire period. For example, within five years post-fire,
MODIS GPP exceeded EC GPP by 23 % at US-Vem and 46 % at AU-
Wac, whereas BESS GPP overestimated EC GPP by 61 % and 44 % at
the same sites. FLUXCOM GPP, FluxSat GPP and GOSIF GPP also showed
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overestimations, albeit to a lesser extent (—500 to 1400 g C m™ across
the five sites within the post-fire period). An exception was the AU-Cpr
site, where all remote sensing GPP products were largely consistent with
EC GPP and showed no systematic overestimation. Sites with observa-
tions limited to the post-fire period likewise exhibited a comparable
overestimation pattern (Fig. S7). First-year post-fire comparisons
(Fig. 8a-b) further underscore this discrepancy: the mean cumulative EC
GPP in forest sites during the first post-fire year was 338 g C m™? yr'!,
whereas MODIS and BESS GPP averaged over 710 g C m™? yr''. Other
satellite GPP products showed smaller differences relative to EC GPP
(ranging from 240 to 320 g C m™ yr!) but still exhibited a tendency
toward overestimation. Additionally, the absolute difference between
EC GPP and remote sensing products increased progressively with time
since the fire, especially at forest sites with longer recovery periods. This

pattern was observed in both full-cycle and post-fire-only sites
(Fig. S8a—d, S9a-c). For example, at the US-Vcm site, the difference in RS
GPP,,, increased from 199 g C m™ in the first-year post-fire to 1322 g C
m™ by the eighth-year post-fire.

At grass and shrub sites, post-fire remote sensing GPP was generally
more consistent with EC GPP, though modest overestimation remained
at some sites (Fig. 7f—j, Fig. 8c—d). For example, at the US-Seg and US-Scs
sites, multi-year cumulative differences between EC GPP and most
remote sensing products remained within £30 %, indicating relatively
good agreement. In contrast, at the US-Scg and AU-Wrr sites, substantial
discrepancies were observed among products, with the difference be-
tween MODIS GPP and EC GPP reaching 2427 g C m™? yr™* and 902 g C
m™yr’, respectively. First-year post-fire cumulative EC GPP at grass and
shrub sites ranged widely from 213 g C m™? yr™ at US-Seg to 1955 g C m>
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Fig. 6. Post-fire reductions in 8-day EC GPP and remote sensing proxies. Maximum relative decrease (MRD, %) in EC GPP and remote sensing proxies at forest (a)
and grass/shrub (b) sites. Mean relative change (MRC, %) before and after fire for the same set of variables at forest (c) and grass/shrub sites (d). Error bars indicate
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yr! at AU-Wrr. Similar to forests, differences between remote sensing
GPP and EC GPP increased with time (Fig. S8e-i, Fig. S9d—e). When
averaged across all grass/shrub sites, however, the cumulative post-fire
GPP from remote sensing products remained relatively close to EC GPP,
indicating better overall agreement than in forest ecosystems (Fig. 8d).

Overall, these findings indicated that satellite GPP products-
especially MODIS and BESS, tended to overestimate post-fire carbon
gain in forest ecosystems. This overestimation became more pronounced
over longer time spans and was less evident in grass and shrub systems.

3.4. Differences in post-fire recovery time and rate among proxies

We further examined post-fire vegetation recovery dynamics using
two quantitative metrics—TTR and RecR—across forest and grass/shrub
sites (Fig. 9). Only proxies whose TTR fell entirely within the study
period were included.

At forest sites, EC GPP showed a mean TTR of ~350 days (Fig. 9a).
BESS GPP, GOSIF GPP, and GOSIF produced relatively close estimates
(270-360 days), whereas FLUXCOM GPP, FluxSat GPP, MODIS GPP, RS
GPPpy; and NIRv reported notably shorter recovery times (60-200
days), suggesting an earlier recovery signal in satellite products. At
grass/shrub sites (Fig. 9b), TTRs were much lower for all proxies, with
EC GPP averaging ~50 days. Most GPP products (BESS GPP, FLUXCOM
GPP, FluxSat GPP, GOSIF GPP, MODIS GPP, RS GPPayg) fell within
45-75 days, while LAI had a slightly higher mean TTR (~105 days) and
large variability. LAI recovery was not estimated for forest sites due to
incomplete recovery within the observation period.

For RecR, EC GPP showed higher post-fire growth rates at both forest
and grass/shrub sites compared to most satellite proxies (Fig. 9c—d). At

forest sites, the RecR of EC GPP averaged 0.018 g C m™ p. BESS GPP
exhibited a comparable recovery rate (0.018 g C m™ p?), while MODIS
GPP showed a slightly higher rate (0.029 g C m™ p®). In contrast,
FLUXCOM GPP, FluxSat GPP, RS GPPy,; and GOSIF GPP displayed
lower recovery rates (0.008-0.013 g C m™p2), indicating a slower re-
covery pace (Fig. 9¢). At grass/shrub sites, EC GPP exhibited a mean
RecR of 0.038 g C m™p?, higher than most satellite proxies except for
MODIS GPP (0.032 g C m™? p2) and BESS GPP (0.036 g C m™ p?), which
showed good agreement (Fig. 9d). GOSIF GPP, FluxSat GPP, FLUXCOM
GPP and RS GPP4,y, tended to underestimate recovery rates across both
ecosystems. Additionally, we found that these observed patterns and
conclusions were consistent and robust across both the 50 % and 80 %
recovery thresholds (Fig. S10).

To further evaluate the consistency of remote sensing proxies in
capturing vegetation recovery dynamics across sites, we compared TTR
and RecR performance using Taylor diagrams based on the 80 % re-
covery threshold (Fig. 10). For TTR, BESS GPP, GOSIF GPP, and GOSIF
demonstrated the highest agreement with EC GPP, showing SD ratio to 1
and high correlation coefficients (r > 0.95), along with low CRMSE
values (CRMSE < 1). Other proxies, such as FLUXCOM GPP, RS GPPyy,
MODIS GPP and NIRv, exhibited high correlations but underestimated
variability, resulting in SD ratios that deviated further from 1 (SD ratio <
0.5) (Fig. 10a). For RecR, MODIS GPP and BESS GPP showed stronger
correspondence with EC GPP in both correlation (r > 0.6) and vari-
ability. In contrast, FluxSat GPP, GOSIF GPP, RS GPPy; and FLUXCOM
GPP presented larger deviations (SD ratio < 0.5), indicating underesti-
mation of recovery rates or inconsistent patterns (Fig. 10b). The Taylor
diagram results support earlier findings from Fig. 9, reaffirming that
BESS GPP, GOSIF GPP, and GOSIF provided the most consistent
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Fig. 7. Cumulative GPP following fire across flux tower sites. (a—e) show forest sites, and (f—j) show grass and shrub sites. The purple dashed line marks the start of

the post-fire observation window for all products.

estimates of recovery timing, while MODIS GPP and BESS GPP showed
better agreement in terms of recovery rates.

3.5. Fire-induced shifts in GPP—climate coupling not captured by satellite
GPP

To evaluate whether remote sensing proxies reflect post-fire shifts in
GPP-climate coupling, we compared their sensitivities to key meteoro-
logical drivers before and after fire at one representative forest site (US-
Vem) (Fig. 11, Fig. S11) and one shrub site (US-SO2) (Fig. S12-13). At
the forest site, EC GPP exhibited marked declines in sensitivity (i.e.,
regression slope) to all three variables—PPFD, Ta, and VPD-after fire
disturbance. Specifically, the mean regression slope of EC GPP to PPFD
decreased from 0.088 to 0.054, to Ta from 1.60 to 0.94, and to VPD from

3.32to 1.17. By contrast, satellite GPP products largely failed to capture
such declines. Most proxies exhibited stable or even slightly increased
sensitivity to PPFD and Ta after fire (Fig. 11a-b), and only moderate
reductions in VPD sensitivity (Fig. 11c). For instance, BESS GPP showed
minimal or positive shifts in their coupling to light and temperature,
diverging from EC GPP patterns. Similarly, MODIS GPP, GOSIF GPP, and
FluxSat GPP retained stronger VPD coupling than EC GPP post-fire.
GOSIF remained nearly unchanged in its sensitivity to all variables. EC
GPP consistently exhibited lower R? (Fig. 11d-F) and flatter regression
slopes after fire, whereas most remote sensing products also showed
reduced R? but maintained stable or only slightly altered relationships,
particularly in response to Ta and PPFD. This indicates that satellite-
based proxies may not adequately capture the physiological response
changes of ecosystems or shifts in their climate sensitivity following fire

10
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disturbances.

In contrast to the forest site, the shrub site (US-SO2) demonstrated
only minor changes in sensitivity to key meteorological variables before
and after fire (Fig. S12-13). The regression slope of EC GPP in response
to PPFD increased slightly from 0.015 to 0.026, for Ta from 0.25 to 0.19,
and for VPD from 1.64 to 1.06. Remote sensing proxies exhibited similar
patterns, with no statistically significant changes in regression slopes to
PPFD, Ta, or VPD after fire. The consistency of these sensitivity patterns
implies that, within shrub ecosystems, remote sensing indices effectively
capture the coupling between carbon fluxes and meteorological vari-
ables. This finding contrasts markedly with the forest ecosystem, where
sensitivity decreased substantially and satellite products demonstrated
inconsistent trend, underscoring ecosystem-specific variability in re-
sponses to fire disturbance.

4. Discussion

Wildfires alter carbon dynamics through rapid carbon loss and long-
term recovery processes. By comparing remote sensing proxies with EC
GPP across burned sites, we found that satellite products generally
captured the direction of fire impacts but differed in magnitude and
recovery metrics. Remote sensing proxies (satellite GPP, SIF, LAI, NIRv)
tended to underestimate carbon loss and overestimate post-fire recov-
ery, with limited sensitivity to changes in climate coupling after fire.
These findings highlight key limitations and methodological challenges
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in current satellite-based assessments. In the following sections, we
synthesize our findings from three perspectives: the performance of
remote sensing proxies across different fire stages, contrasts between
forest and grass/shrub ecosystems, and key methodological un-
certainties and implications for post-fire carbon monitoring.

4.1. Performance of remote sensing proxies in tracking fire-induced GPP
dynamics

Our evaluation revealed that different remote sensing proxies varied
substantially in their ability to capture fire-induced loss, post-fire re-
covery, and cumulative carbon gain. While all products broadly repro-
duced the direction of change, their accuracy diverged across
disturbance stages. For fire-induced GPP loss, some satellite GPP prod-
ucts successfully captured the immediate impact but underestimated
persistent suppression. MODIS GPP (LUE-based), BESS GPP (process-
based) and GOSIF provided the closest estimates of the immediate
maximum loss indicated by MRD (Fig. 6a-b). Their relative advantages
lie in incorporating physical or semi-empirical representations of
photosynthesis, which more directly reflect canopy function and its
decline after fire (Running et al., 2004; Ryu et al., 2011). GOSIF—a
direct physiological signal of photosynthesis—was more sensitive to
functional suppression (Li and Xiao, 2019a). In contrast, machine
learning models (FLUXCOM, FluxSat), largely trained on undisturbed
ecosystems (Jung et al., 2020; Schimel et al., 2015; Tramontana et al.,
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2016), underestimated MRD due to limited representation of
disturbance-driven processes. However, when considering the persistent
change indicated by MRC across recovery periods, all remote sensing
products underestimated long-term GPP reduction compared with EC
towers (Fig. 6¢—d). This mismatch indicates that while some proxies
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detect acute canopy loss, they tend to portray ecosystems as recovering
too quickly, failing to capture persistent post-fire suppression.

These systematic biases became more evident when examining
recovery-related metrics. EC GPP indicated longer TTR in forests, often
exceeding one year. While BESS GPP, GOSIF GPP, and GOSIF provided
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estimates that were relatively close to EC GPP, several satellite products
(e.g., MODIS, FLUXCOM, FluxSat) signaled recovery within only a few
months (Fig. 9a-b). It is worth noting that EC GPP exhibited high re-
covery rates (RecR) because absolute flux values were very low imme-
diately after fire, leading to steep relative growth (Fig. 9c—d). Moreover,
EC GPP showed slow and gradual carbon uptake after fire, and its lower
accumulated GPP was also a consequence of the lowered post-fire
baseline. In contrast, satellite products maintained higher post-fire
baselines, resulting in lower RecR despite showing faster recovery in
terms of TTR and accumulated GPP. This apparent discrepancy high-
lights that “recovery speed” depends on the metric used: EC GPP
captured rapid relative growth from a depressed baseline but still
accumulated less carbon overall, whereas satellite products signaled
premature recovery in timing and magnitude but underestimated rela-
tive growth rates. Differences among satellite GPP products likely reflect
their structural assumptions. MODIS GPP directly scales productivity
with APAR and LUE, so canopy regreening is often interpreted as
functional recovery (Running et al., 2004; Zhang et al., 2017), leading to
premature carbon gain. BESS GPP includes more explicit physiological
constraints and thus capture recovery timing better, but they assume
fixed climate—photosynthesis responses and consequently overestimate
accumulated GPP (Jiang and Ryu, 2016; Ryu et al., 2011). Machine
learning products (FLUXCOM and FluxSat) extrapolate recovery from
undisturbed training data, leading to unrealistically short TTR under
disturbance (Barnes et al., 2021; Gaber et al., 2024).

These discrepancies were not limited to GPP products. The recon-
structed SIF dataset (GOSIF) showed performance patterns largely
consistent with GOSIF GPP, since the latter is derived through biome-
specific scaling of GOSIF (Li and Xiao, 2019b). For fire-induced loss,
both captured immediate strong declines, closer to EC GPP than struc-
tural indices, confirming the functional sensitivity of SIF (Fig. 6). During
recovery, GOSIF tracked the timing of rebound relatively well, with TTR
estimates comparable to EC GPP (Fig. 9). However, similar to GPP
products, GOSIF underestimated the long-term GPP suppression during
the recovery period, suggesting overly fast recovery. This is consistent
with a recent study which reported post-fire mismatches between
satellite-derived SIF and EC-based GPP in Australian eucalypt forests,
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where SIF underestimated recovery duration (Woodgate et al., 2025).
Overall, GOSIF provides a physiologically meaningful signal and com-
plements GPP products by more directly capturing photosynthetic re-
sponses, while its reconstruction framework may smooth some
disturbance dynamics.

Structural proxies showed systematic biases that help explain in-
consistencies in satellite GPP models, since NIRv, LAI, or related vege-
tation indices are fundamental inputs across model families. For fire-
induced loss, they underestimated MRD and MRC (Fig. 6), as green-
ness and canopy area can persist despite sharp reductions in photosyn-
thetic activity. During recovery, NIRv rebounded rapidly, often
returning to pre-fire levels well before EC GPP, thus signaling premature
recovery (Fig. 9). LAI showed weaker sensitivity to immediate fire loss
and a slower rebound in grass/shrub ecosystems, reflecting its depen-
dence on gradual canopy rebuilding (Lv et al., 2025), though results
were not evaluated for forests. Greenness-sensitive indicators (e.g.,
NIRv) may overestimate recovery (Guo et al., 2021; Yan et al., 2025),
while LAI may smooth or damp recovery signals (Shi et al., 2025), and
these tendencies ultimately propagate into GPP products. In contrast,
models that combine both structural and functional constraints (e.g.,
BESS GPP, GOSIF GPP) produced recovery times more consistent with
EC GPP than those relying on a single structural predictor.

Overall, remote sensing proxies captured the direction of fire impacts
but showed systematic biases in magnitude and recovery. Among these
products, BESS GPP and GOSIF performed relatively better, providing
closer estimates of immediate loss and recovery timing compared with
EC GPP, though they still underestimated persistent suppression and
tended to overestimate cumulative carbon gain. MODIS GPP showed
intermediate performance, detecting strong fire-induced loss but por-
traying recovery too rapidly in forests. Machine learning products
(FluxSat, FLUXCOM) were least reliable, consistently underestimating
loss and exaggerating recovery speed, reflecting their limited capacity to
extrapolate disturbance dynamics beyond training data (Barnes et al.,
2021; Gaber et al., 2024). Structural proxies further explained these
discrepancies: NIRv rebounded too quickly, signaling premature re-
covery, while LAI showed limited sensitivity to fire-induced loss and
only partial consistency during recovery in grass/shrub ecosystems.
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Taken together, proxies with physiological or process-based foundations
are more reliable for tracking post-fire GPP trajectories, yet all system-
atically underestimated persistent suppression and overestimated
long-term carbon gain, particularly in forests.

4.2. Ecosystem-type contrast: forest vs. grass/shrub

Wildfire impacts and recovery trajectories differed strongly between
forests and grass/shrub ecosystems. Forests experienced far more severe
fire-induced GPP loss and much slower recovery, whereas grass and
shrub sites sustained smaller losses and recovered within months. This
finding is consistent with global-scale studies showing a positive rela-
tionship between the magnitude of fire-induced loss and the time
required for recovery (Xu et al.,, 2024). EC flux tower observations
indicated that post-fire reductions in GPP for forests were approximately
three times greater than those for grass/shrub sites (Fig. 6), with TTR
extended by ~300 days (Fig. 9). In addition, RecR of grass and shrub
sites were about twice as high as those of forests (Fig. 9). These differ-
ences primarily reflect fundamental ecosystem characteristics. Forests,
with high baseline productivity, complex vertical structure, and sub-
stantial fuel loads, are prone to high-intensity crown fires that cause
widespread canopy mortality and prolonged physiological impairment,
requiring years to decades for biomass and canopy layers to rebuild
(Bonner et al., 2024; Hakkenberg et al., 2024; Parks et al., 2014). In
contrast, grass and shrub ecosystems, with lower baseline biomass,
typically experience less severe damage and benefit from reduced
competition for resources after fire, enabling rapid regrowth of surviv-
ing vegetation and establishment of new individuals (Ermitao et al.,
2024; Pan et al., 2025; Xu et al., 2024).

Remote sensing products generally reproduced these ecosystem-type
contrasts, but biases were much larger in forests than in grass/shrub
ecosystems. In forests, most proxies underestimated persistent sup-
pression (MRC), overestimated accumulated GPP, and produced shorter
TTRs than EC GPP, signaling premature recovery (Fig. 6-9). These dis-
crepancies might arise from several factors. First, spectral contamina-
tion from residual deadwood and charred debris introduces non-
photosynthetic signals, reducing the accuracy of reflectance-based
indices such as NIRv and LAI (Lewis et al., 2007; Yang and Guo,
2014). Because many satellite GPP models use these structural proxies as
key inputs (Wang et al., 2021; Wu et al., 2011; J. Xu et al., 2025), their
biases propagate into GPP products and exacerbate recovery over-
estimation. Second, post-fire regeneration is highly heterogeneous, with
understory plants or saplings restoring greenness well before canopy
photosynthetic capacity recovers (Celebrezze et al., 2024; Lopes et al.,
2024; Woodgate et al., 2025), causing functional recovery to be over-
estimated. Third, fire altered the climate sensitivity of forest GPP, as EC
observations showed weakened responses to PPFD, Ta, and VPD after
fire, while satellite products failed to capture these shifts (Fig. 11). This
shift likely reflects fire-induced canopy loss and physiological impair-
ment, which reduce leaf area and active photosynthetic capacity,
thereby weakening ecosystem responses to light, temperature, and VPD
(Huang et al., 2020; Wolf et al., 2021; Zheng et al., 2024). In contrast,
grass/shrub ecosystems—where recovery is rapid and dominated by
resprouting or fast-growing species—maintained relatively stable cli-
mate—GPP coupling, and satellite products were able to track EC GPP
more consistently.

To further assess whether ecosystem-type differences were influ-
enced by fire severity, we stratified all flux tower sites by RANBR. In
grass/shrub ecosystems, the agreement between remote sensing proxies
and EC GPP remained broadly consistent across low- and moderate-
severity fires (Fig. S14-15). In contrast, forest sites showed weaker
overall agreement (Fig. S16-17), with the largest satellite-EC discrep-
ancies occurring after low-severity burns (Fig. S16). One likely expla-
nation is that moderate-severity fires generate more distinct canopy
disturbances that are more easily detected by satellite products (Dixon
et al., 2023), whereas low-severity fires induce only subtle changes in
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canopy or surface conditions that are difficult for remote sensing to
capture accurately (Arnett et al., 2015; Epting et al., 2005). Addition-
ally, post-fire data gaps at some forest sites limited further comparisons
of recovery time, recovery rate, and GPP sensitivity to meteorological
drivers.

In summary, forests not only suffered greater fire-induced suppres-
sion but also exhibited larger discrepancies between remote sensing
proxies and flux observations, possibly due to structural complexity,
spectral contamination, heterogeneous regeneration, and altered
climate sensitivity. By contrast, grass and shrub systems recovered faster
and more homogeneously, with satellite products tracking their dy-
namics more reliably. These results highlight the particular challenge of
monitoring forest recovery with current satellite proxies, and under-
score the need for functional indicators and disturbance-responsive
models tailored for complex forest systems.

4.3. Uncertainties and implications in post-fire carbon monitoring

Beyond ecosystem-type contrasts, our study also has methodological
limitations that should be acknowledged. The main constraints arise
from the spatio-temporal resolution of satellite products, uncertainties
inherent in EC data and the limited number and heterogeneity of EC
sites.

Spatial resolution was tested using MODIS GPP, the only product
with native 500 m resolution. Comparisons across 0.05°, 500 m, and
1000 m grids showed that spatial resolution had little influence on fire-
induced loss or recovery metrics (Fig. 12). Temporal resolution was
evaluated by comparing 8-day and monthly aggregated data for all
products. The patterns of proxy—EC differences were robust across
temporal scales (Fig. 13): remote sensing consistently underestimated
MRC, MRD, and TTR relative to EC GPP, with larger discrepancies in
forests than in grass/shrub ecosystems. For RecR, proxies also under-
estimated recovery rates, but the relative bias was larger in grass/shrub
sites, likely because their higher EC RecR values amplified differences.
These consistent patterns across temporal resolutions confirm that our
central conclusions—systematic underestimation of fire impacts and
recovery time by satellite proxies, and stronger biases in forests for most
metrics—are not sensitive to temporal aggregation.

Uncertainties in EC-derived GPP may arise from turbulence condi-
tions, flux partitioning, and energy balance closure, all of which can be
influenced by post-fire structural changes. The EC technique assumes
homogeneous terrain and stationary wind fields (Baldocchi, 2003;
Barcza et al., 2009; Griebel et al., 2016), and canopy loss can modify
surface roughness and local turbulence (Karna et al., 2020; Meyers et al.,
2025). However, our wind-field analyses (Fig. S18) show that wind di-
rection and wind-speed distributions remained broadly similar before
and after fire at nearly all sites. The only notable shift occurred at
AU-Wac, where lower post-fire wind speeds were due to the flux tower
being replaced after the 2009 fire (from 100 m to a 5 m structure above
the recovering canopy) rather than changes in turbulence (Qiu et al.,
2026). Methodological uncertainties from flux partitioning were also
small: daytime- and nighttime-based GPP estimates were highly
consistent (Fig. S19), and a sensitivity analysis using an alternative
partitioning approach (Fig. S20) yielded satellite-EC relationships
closely aligned with those in the main analysis. Energy balance closure
was likewise stable, with pre-fire values ranging ~0.72-0.91 in forests
and ~0.58-0.88 in grass/shrub sites, and post-fire values remaining
within similar ranges (Fig. S21). The mean change across sites (|mean
AEBC| = 0.04 + 0.03), with no systematic degradation following
disturbance. Taken together, these diagnostics indicate that although EC
measurements carry inherent uncertainties, wildfire did not introduce
consistent biases in turbulence, partitioning, or closure, and thus the
relative temporal patterns in EC GPP used to benchmark satellite proxies
remain robust.

A further limitation is the restricted number of flux sites with com-
plete pre- and post-fire records (n = 10). We searched all publicly
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available eddy covariance databases worldwide, yet only these sites
provided continuous long-term observations that spanned both pre-fire
and post-fire periods. This highlights the extreme scarcity of flux mea-
surements capturing the full disturbance-recovery cycle, which con-
strains the generalizability of our results. In addition, substantial inter-
site variability was observed, reflecting differences in fire severity,
vegetation composition, and ecosystem condition. For example, while
most forest sites showed clear overestimation of accumulated GPP by
remote sensing products, AU-Cpr was an exception where proxies
closely matched EC GPP (Fig. 7,8), likely because it represents a mallee
woodland characterized by relatively low tree cover and sparse leaf
canopies (Sun and Marschner, 2024). Such heterogeneity emphasizes
that our findings represent general patterns across ecosystems rather
than site-specific outcomes. Future progress will require expanding flux
tower coverage in fire-prone regions, incorporating a wider range of fire
regimes and severities, and integrating these benchmarks with satellite
evaluations to test the robustness of global assessments.

Despite these limitations, our study provides the first cross-product
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evaluation anchored in flux observations across multiple fire-affected
sites, establishing general patterns of post-fire biases that can guide
the interpretation of satellite proxies. Looking forward, improving post-
fire monitoring will require several advances. First, expanding the flux
tower network in fire-prone regions, complemented by ancillary mea-
surements targeting wind field alterations and canopy structural het-
erogeneity, is crucial for quantifying and correcting flux data
uncertainties in disturbed ecosystems (Bu and Xiao, 2025; Chen et al.,
2024; Han et al., 2021). Second, multi-source integration—linking
direct SIF retrievals, structural metrics (e.g., NIRv, LAI), and
process-based models—offers a pathway to reduce biases and better
capture both canopy structure and physiological function during re-
covery (Guan et al., 2025; Liu et al., 2025). Third, developing
disturbance-responsive models that dynamically adjust productivity—
climate relationships will be critical for reflecting physiological
impairment and altered sensitivities after fire (Ren et al., 2025). Ulti-
mately, addressing these gaps will reduce uncertainties in carbon budget
assessments, improve projections of land-climate feedbacks, and
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provide a stronger scientific basis for managing fire-affected ecosystems
under a warming and increasingly fire-prone world.

5. Conclusions

This study assessed the performance of five satellite-derived GPP
products (BESS GPP, FLUXCOM GPP, FluxSat GPP, GOSIF GPP, MODIS
GPP) and three complementary proxies (GOSIF, LAI, NIRv) against flux
tower observations across forest and grass/shrub ecosystems affected by
wildfire. Several consistent patterns emerged. First, satellite proxies
captured the direction of fire impacts but systematically underestimated
carbon loss: MRD of EC GPP exceeded 90 % in forests, whereas satellite
products reported substantially smaller declines. Persistent suppression
was also underestimated, as reflected by lower MRC compared with EC.
Second, during recovery, satellite products generally overestimated
carbon gain, with cumulative post-fire GPP substantially higher than EC,
particularly in forests. This divergence was associated with shorter TTR
and slower recovery rates RecR in satellite products, which signaled
premature recovery relative to flux observations. Third, ecosystem
contrasts were pronounced: forests showed greater GPP loss, slower
recovery, and larger satellite—EC discrepancies, whereas grass and shrub
ecosystems rebounded more quickly and were tracked more consistently
by remote sensing. Among these products, BESS GPP and GOSIF pro-
vided relatively better estimates of immediate loss and recovery timing,
though they still overestimated long-term recovery magnitude. Finally,
EC data revealed marked post-fire reductions in GPP—climate sensitivity
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in forests, which were not captured by satellite proxies. Together, these
findings highlight both the potential and the limitations of current sat-
ellite proxies for monitoring post-fire carbon fluxes. Future progress will
require improved models that incorporate disturbance-responsive pro-
cesses, expanded ground-based measurements in fire-prone regions, and
greater use of functional indicators such as SIF to better capture physi-
ological constraints and ecosystem-specific recovery dynamics.
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