& frontiers | Frontiers in

@ Check for updates

OPEN ACCESS

EDITED BY
Xiaoping Xin,
Chinese Academy of Agricultural Sciences
(CAAS), China

REVIEWED BY

Haikuan Feng,

Beijing Research Center for Information
Technology in Agriculture, China

Xinyao Xie,

Chinese Academy of Sciences (CAS), China

*CORRESPONDENCE
Zixi Shi
shizixi@whu.edu.cn

RECEIVED 20 January 2025
ACCEPTED 18 April 2025
PUBLISHED 19 May 2025

CITATION
Shi S, Shi Z, Qu F, Gong W, Xu L and Liu C
(2025) Analyzing canopy structure

effects based on LiDAR for GPP-SIF
relationship and GPP estimation.

Front. Plant Sci. 16:1561826.

doi: 10.3389/fpls.2025.1561826

COPYRIGHT

© 2025 Shi, Shi, Qu, Gong, Xu and Liu. This is
an open-access article distributed under the
terms of the Creative Commons Attribution
License (CC BY). The use, distribution or
reproduction in other forums is permitted,
provided the original author(s) and the
copyright owner(s) are credited and that the
original publication in this journal is cited, in
accordance with accepted academic
practice. No use, distribution or reproduction
is permitted which does not comply with
these terms.

Frontiers in Plant Science

TvPE Original Research
PUBLISHED 19 May 2025
D01 10.3389/fpls.2025.1561826

Analyzing canopy structure
effects based on LIiDAR

for GPP-SIF relationship
and GPP estimation

Shuo Shi****, Zixi Shi**, Fangfang Qu*, Wei Gong?>**?,
Lu Xu® and Chenxi Liu®

State Key Laboratory of Information Engineering in Surveying, Mapping and Remote Sensing, Wuhan
University, Wuhan, Hubei, China, 2Collaborative Innovation Center of Geospatial Technology, Wuhan
Hubei, China, *Perception and Effectiveness Assessment for Carbon-neutrality Efforts, Engineering
Research Center of Ministry of Education, Wuhan, Hubei, China, “Wuhan Institute of Quantum
Technology, Wuhan, Hubei, China, *Electronic Information School, Wuhan University, Wuhan, China,
6School of Geology and Geomatics, Tianjin Chengjian University, Tianjin, China

The coupling between Gross Primary Productivity (GPP) and Solar-Induced
Chlorophyll Fluorescence (SIF) is crucial for understanding terrestrial carbon
cycles, with the GPP/SIF ratio regulated by canopy structure, environmental
change, and other factors. While studies on canopy structure focus on how
internal structure regulates light use efficiency, the impact of remotely sensed
canopy structural parameters, particularly Fractional Vegetation Cover (FVC) and
Leaf Area Index (LAI), on GPP-SIF coupling remains understudied. Investigating
the response of canopy structure to GPP-SIF in large-scale forests supports
high-accuracy GPP estimation. LiDAR offers unparalleled advantages in capturing
complex vertical canopy structures. In this study, we used multi-source data,
particularly LiDAR-derived canopy structure products, to analyze the annual
variations in canopy structural parameters and GPP/SIF across different forest
types, investigate the response of canopy structure to the GPP-SIF relationship,
and employ machine learning models to estimate GPP and assess the
contribution of canopy structural factors. We found that LiDAR-derived canopy
structure products effectively captured vegetation growth dynamics, exhibiting
strong correlation with MODIS products (maximum R2=0.95), but with higher
values in densely vegetated areas. GPP/SIF exhibited significant seasonal and
forest-type variations, peaking in summer. Its correlation with canopy structural
parameters varied seasonally, ranging from 0.21 to 0.75. In summer, the
correlation decreased by 5.53% to 30.59% compared to other seasons. In
random forest models, incorporating canopy structural parameters improved
GPP estimation accuracy (R? increasing by 1.30% to 8.07%).
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1 Introduction

Terrestrial gross primary production (GPP), representing the
amount of atmospheric carbon dioxide (CO,) fixed by vegetation
photosynthesis, constitutes the largest flux of the global carbon
budget and plays a fundamental role in the carbon cycle (Liao et al.,
2023; Ryu et al., 2019; Wang et al., 2021a). Accurately quantifying
GPP is of great significance for monitoring forest growth conditions
(Xie et al., 2019). The utilization of remote sensing techniques for
large-scale, high-precision GPP estimation and subsequent forest
state assessment has become a research hotspot.

Solar-induced chlorophyll fluorescence (SIF) is a radiation flux
driven by APAR, emitted as a light in the spectral range of 650-
800nm (Mohammed et al.,, 2019). Studies have confirmed that SIF is
strongly correlated with GPP, making it a direct and reliable indicator
of GPP (Cheng et al., 2021; Pierrat et al.,, 2022; Wu et al., 2022a; Yang
et al,, 2018). Compared to traditional vegetation indices, SIF exhibits
a stronger ability to monitor terrestrial photosynthesis (Li et al,
2018). Satellite-based SIF observations have been widely applied as a
proxy for GPP at the global scale, further demonstrating its
effectiveness in large-scale carbon cycle studies (Wang et al., 2021a).

While SIF has been widely used as a proxy for GPP, the GPP-SIF
relationship is not uniform across different conditions, leading to
uncertainties in GPP estimation. This relationship varies significantly
across different vegetation types and growing seasons (Bai et al., 2022;
Chen et al., 2021b). Studies have shown that the GPP-SIF relationship
is influenced by biomes, climate conditions, and canopy structure
(Guanter et al.,, 2012; Sun et al., 2017; Wang et al., 2021b). Especially,
canopy structure plays a crucial role in the GPP-SIF relationship.
Zhang et al. (2019) found that the canopy-leaving SIF observed by
sensors represented only a portion of the total canopy SIF emission,
which was sensitive to canopy structure and observation direction.
Correcting for canopy structure helped improve the consistency
between SIF and GPP. Dechant et al. (2020) analyzed the GPP-SIF
relationship from a mechanistic perspective, demonstrating the
dominant role of canopy structure and establishing a strong link
between the near-infrared reflectance of vegetation (NIRV) and the
canopy structure information embedded in the SIF signal. Yazbeck
et al. (2021) demonstrated that canopy structure played a dominant
role in the GPP-SIF relationship across timescales, with a stronger
influence at longer timescales. Incorporating canopy structural
variables into the SIF-GPP relationship improved site-level GPP
predictions and reduced estimation uncertainty. Existing studies
have mechanistically emphasized the influence of canopy structure
on the GPP-SIF relationship at the site scale. However, it remains
unclear whether this relationship holds at larger scales, especially in
complex forest canopies. Additionally, the influence of product-level
canopy structure data on large-scale GPP-SIF estimations from
remote sensing is still underexplored.

In commonly acquired canopy structure products from remote
sensing technology, fractional vegetation cover (FVC) and LAI are
critical in canopy radiative transfer and photosynthetic process
(Fang et al, 2021; Gao et al, 2020). As important indicators of
canopy, they have been widely applied in researches. LAI has been
shown to have a strong response to SIF and GPP (Bai et al., 2022;
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Wu et al, 2022b; Xie et al., 2019; Zhang et al., 2021). FVC has a large
influence the SIF emission (Zeng et al., 2020). Escaping probability
of canopy SIF and total emitted SIF showed nonlinear responses to
FVC (Zhang et al.,, 2022). Despite their importance, the roles of
FVC and LAI in the GPP-SIF relationship remain underexplored.

At large scales, the accuracy of canopy structure products also
affects the reliability of conclusions regarding GPP-SIF responses.
Currently, large-scale canopy structure products are primarily
derived from passive remote sensing data (Fang et al., 2019). Using
LAI as example, various global LAI products based on optical
imagery have been found obvious inconsistencies and uncertainties
due to the vegetation characterization, input data and retrieval
algorithms (Breunig et al.,, 2011; Camacho et al., 2013; Fang et al.,
2013; Jiang et al, 2017; Jin et al,, 2017; Xiao et al,, 2017). Due to
limitations in measurement principles, light saturation effects of
radiation at high LAI can lead to underestimation of LAI (Liu
et al, 2012). Especially in forested areas, the underestimation of
canopy structure is significant due to the inability of passive optical
sensors to penetrate beneath the canopy (Li et al., 2022; Xu et al,
2024). Moreover, current global LAI retrieval algorithms largely
neglect topographic effects, introducing uncertainty into GPP
research and resulting in better simulation performance in flat than
in complex terrain (Xie et al., 2019). LIDAR, as an active sensor, has
the ability to penetrate forest canopies, offering a distinct advantage in
quantitatively assessing forest ecosystems (Moran et al., 2018; Shi et
al., 2025). In 2018, NASA launched the GEDI (Global Ecosystem
Dynamics Investigation LiDAR) mission, equipped with a full-
waveform LiDAR (Dubayah et al., 2020a). GEDI has been used to
monitor forest growth conditions, generating public multi-level
canopy structure products, which offered a new source for GPP
inversion research and hold significant potential for widespread
applications (Tang et al., 2019). LiDAR help reduce estimation
errors caused by topography and light saturation, enabling accurate
retrieval of canopy structral parameters in densely vegetated areas,
facilitating a more precise assessment of its impact on GPP estimation
and the GPP-SIF relationship. Currently, there is a lack of research in
the field of GPP-SIF relationship using LIDAR data.

In this study, we integrated spaceborne LiDAR data and multi-
source data across five forest types in the continental United States
to investigate how canopy structral parameters (LAI and FVC)
influence the GPP-SIF relationship and GPP estimation in large-
scale. We addressed the following questions: (1) How do the
seasonal variations of GPP/SIF and LiDAR-derived canopy
structure differ across tree species? (2) How do LiDAR-based
canopy structure products respond to GPP/SIF? (3) What are the
contributions of LAI and FVC to large-scale GPP estimation using
machine learning models?

2 Materials and methods
2.1 Data collection

Various remote sensing data with an 8-day resolution were
collected to obtain parameters related to canopy structure and
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productivity across the continental United States (CONUS).
Especially, in calculating GPP/SIF, we normalized GPP and SIF
products to fall within the [0,1] range. The normalization method
has been proved not to affect the result (Chen et al., 2021b). Figure 1
showed the multi-source remote sensing data and data
preprocessing flow of this study.

2.1.1 Canopy structure metrics

The Global Ecosystem Dynamics Investigation (GEDI), as a
new spaceborne LiDAR instrument launched in December 2018,
was specifically designed to measure high resolution 3D vegetation
structural metrics and estimate biomass under different
environmental conditions (Dubayah et al., 2020a; Liu et al,,
2021a). The GEDI instrument is comprised of 3 lasers
illuminating a 25 m spot (a footprint) on the surface and each
footprint is separated by 60 m along track, with an across-track
distance of about 600 m between each of the 8 tracks (Dubayah
et al,, 2020a; Potapov et al., 2021). The GEDI Level 2 data products
include L2B Canopy Cover and Vertical Profile Metrics, available
from the NASA’s Land Processes Distributed Active Archive Center
(LPDAAC) (Dubayah et al., 2020b). In this study, we acquired the
GEDI L2B (version 1.0) products and extracted FVC and LVC data.

For data assessment and comparison, we also obtained LAI and
FVC data from MODIS products. LAI was acquired from
MCDI15A3H Version 6 LAI product (4-day composite data set
with 500-meter pixel size). FVC was derived from MODI13A1
Version 6 product Enhanced Vegetation Index (EVI) values (16-
day composite data set with 500-meter pixel size). The calculation
Equation 1 is as follows:

EVI-EVI,
FVC = EVI,-EVI, 1

EVI, is the mean 5% value of total pixels, and EVI, is the mean
95% value of total pixels.

In this experiment, we aimed to standardize the temporal
resolution of the data to an 8-day interval. Due to the 16-day

10.3389/fpls.2025.1561826

temporal resolution of MODIS vegetation index products, some
MODIS FVC data were partially missing as a result.

2.1.2 SIF data

The Tropospheric Monitoring Instrument (TROPOMI),
launched as the single payload of ESA’s Sentinel-5 Precursor (S-
5P) satellite in 2017, is enabled to monitor terrestrial SIF
(TROPOSIF) (Borsdorff et al., 2018). TROPOMI combines a
global continuous spatial sampling with a 3.5x7.5 km? pixel size
at nadir in the near infrared (3.5x5.5 km? since August 2019) with a
daily revisit time (Butz et al., 2012). The L2B TROPOSIF product
consists in global daily SIF;,3 and SIF;35 in netCDF-4 files (Guanter
etal., 2015). In this study, we acquired the L2B TROPOSIF product
covering the CONUS for the whole year of 2020 and the SIF data
was summarized into one set for every eight days.

2.1.3 GPP data

We selected two types of GPP data: flux tower data and remote
sensing products, to conduct a more accurate assessment of results.
We obtained weekly AmeriFlux FLUXNET (CC-BY-4.0) SUBSET
data from 33 forest flux towers across the CONUS, covering the
year 2020. The obtained GPP values (GPP_DT_VUT_REF) from
these sites were denoted as “GPPapp”. The 33 flux towers
represented the following forest types: 15 deciduous broadleaf
forests (DBF), 15 evergreen needleleaf forests (ENF), and 3 mixed
forests (MF). The flux tower for the other two forest types
deciduous needleleaf forests (DNF) and evergreen broadleaf
forests (EBF) were not found.

The GPP product used in this paper is MOD17A2H Version 6, a
cumulative 8-day composite of GPP values with 500-meter (m)
pixel size based on the radiation-use efficiency concept. The MODIS
Adaptive Processing System (MODAPS) at the NASA Goddard
Space Flight Center produces this gridded Collection-5 GPP
product, which is validated to Stage-3 (Running et al., 2015). In
this experiment, we obtained MOD17A2H GPP data every 8 days in
2020 covering the CONUS (denoted as “GPPyop”).

Multi-source Data Preprocessing Parameter Processing
[ GEDI ] Clip (%E)lﬁlu};)Area Extract Key
Parameters
. . »
[ TROPOMI ] Categorized by Time Normalize Data
(8 days)
= (GPP, SIF)
MODIS .
[ ] Intersect Points ‘
Dataset
[ ERA-Tand ] Classify Forests
FIGURE 1
Multi-source data and data preprocessing flow of this study.
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2.1.4 Land cover data

Accurate extraction of vegetation land cover is essential for forest
research. The MCD12C1 Version 6 data product provides maps of the
International Geosphere-Biosphere Programme (IGBP) classification
schemes at yearly intervals at 0.05 degree (5,600 meter) spatial
resolution for the entire globe from 2001 to 2020 (Friedl and Sulla-
Menashe, 2015). Here, we selected 5 major forest types based on the
IGBP classification scheme including evergreen needleleaf forest
(ENF), evergreen broadleaf forest (EBF), deciduous needleleaf forest
(DNF), deciduous broadleaf forest (DBF) and mixed forest (MF).

2.1.5 Environmental parameters

Environmental factors such as temperature, humidity, and
radiance have been shown to affect vegetation productivity
(Gonsamo et al,, 2016). We got the environment parameters from a
reanalysis dataset ERA5-Land (Mufioz Sabater, 2019). It has been
produced by replaying the fifth-generation global land component of
the European Centre for Medium Range Weather Forecasts
(ECMWEF) ERAS5 climate reanalysis with a 0.25° spatial resolution.
In this study, we downloaded ERA5-Land daily aggregated
meteorological data including the 2 m temperature T, (°C), 2 m
dewpoint temperature T,; (°C) and daily surface downward solar
radiation SW (W/m?) in 2020. Then, we used T, and T, to calculate
vapor pressure deficit VPD (hPa) (Bai et al., 2022; Zheng et al., 2020).
In this experiment, the obtained T,,, VPD, and SW data would be used
as input parameters for the GPP inversion model.

2.2 Methods

Figure 2 illustrated the research methods and procedures
employed in this study. Firstly, we used mathematical and statistical
methods to analyze annual variations in GEDI and MODIS canopy
structure products, as well as GPP/SIF values (including GPP 5 yg/SIF
and GPPy;op/SIF) across different forests. We assessed the quality of

Annual Variation Analysis

(Gept ) (mopis ) ((Ameriflux ] ([ TROPOSIF ]

(LAl ) (v ) (GPPowSIF) (GPPucgSIF )

2

Correlation Analysis

(Lar) GPP /STF
"correlc;iion GPPyop/SIF
: 2

GPP estimation and feature importance analysis

Ta, SW, VPD, (e )
LAIL FVC Random Forest

Gresir)  Lfeatwre importance |

FIGURE 2
The research methods and procedures employed in this study.
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GEDI data by comparing it with MODIS products, identifying
changes in canopy structure and GPP/SIF for each forest type.

Secondly, in order to investigate the relationship between canopy
structure and GPP/SIF (including GPPng/SIF and GPPyop/SIF),
quantitative approaches were adopted. We conducted correlation
analysis between canopy structural parameters and GPP/SIF every 8
days. Pearson correlation coefficient (Cohen et al., 2009) was
calculated for different forest types.

Finally, we assessed the contribution of structural parameters to
the calculation of GPPy;op/SIF and the subsequent inversion of
GPP using random forest. We incorporated various features as
inputs to the random forest (RF) model (Rigatti, 2017) to estimate
GPPyop/SIF. Then the GPP was estimated using the SIF and
estimated GPPy;op/SIF. Based on random forest model RF1 and
RF2, we estimated GPP using different sets of input feature
parameters. RF1 included canopy structural parameters, while
RF2 did not. The GPP inversion Equations 2-3 are as follows:

GPPgg; = f(LAIL FVC, T,, SW, VPD) x SIF )

GPPg; = f(T,, SW, VPD) x SIF 3)

where LAI is leaf area index, FVC is the fractional vegetation
cover, T, is the air temperature (° C), SW is the surface downward
solar radiation (W/m?), VPD is the vapor pressure deficit (hPa).

The model was implemented in Python 3.12 using the
‘RandomForestRegressor’ function from the scikit-learn 0.24.1
package to develop two random forest models, RF1 and RF2.
Except for differences in input data, both models were configured
with identical parameters, specifically: the number of decision trees
(n_estimators) was set to 150, Out-of-Bag (OOB) evaluation was
enabled, and the random seed (random_state) was fixed at 22 for
reproducibility, while all other parameters remained at their default
settings. The computational environment consisted of an Intel Core
i5-13600K CPU (3.50 GHz) and an NVIDIA T400 4GB GPU.

The metrics used to evaluate the accuracy of GPP inversion
included the goodness of fitting and generalization ability of the
random forest model, as well as the coefficient of determination (R?)
and root mean square error (RMSE) between the predicted values
and the true values. The principles of each evaluation metric refer to
the python ‘RandomForestRegressor’ documentation.

Feature importance analysis for the trained random forest
model was conducted using the ‘permutation_importance’ from
the scikit-learn 0.24.1 package. The ‘n_repeats’ was set to 5,
permuting each feature five times to average its impact on model
performance. ‘random_state’ was set to 0 for reproducibility, with
all other parameters at default settings.

3 Results

3.1 Annual variation of LiDAR canopy
structural parameters

The average of FVC and LAI obtained from GEDI for five types
of forests were calculated (Figure 3). The results revealed
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The average FVC and LAl of five forest types in CONUS (the error bars represent the standard deviation of each set of data).

significant differences in the FVC values among different forests.
All forests exhibited a general pattern of increasing followed
by decreasing average FVC trends throughout the year. Among
them, the magnitude of FVC variation followed the order:
DBE>DNF>MF>EBF>ENF, indicating a higher degree of variation
in deciduous forests compared to evergreen forests and a higher
variation in broadleaf forests compared to needleleaf forests. In the
non-summer seasons, the total average FVC values ranked as follows:
ENF>EBF>MF>DNF>DBF. During the summer season, the order of
total average FVC values was: EBF>ENF>DBF>MF>DNF. For LAJ,
the values exhibited a similar trend to FVC, with higher values
during the summer compared to other seasons. Comparing the
annual variation in average LAI, the magnitude of change was
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ranked as follows: DBF>DNF>MF>EBF>ENF, indicating that
deciduous forests showed a greater overall variation than evergreen
forests. In non-summer seasons, the ranking of average LAI values
was ENF>EBF>MF>DNFE>DBF. During the summer, the average
LAI followed the order: DBF > DNF > EBF > MF > ENF, with DBF
having the highest average 3.515 and ENF having the lowest value of
average 3.322.

To further assess GEDI data, we obtained MODIS products at
an 8-day interval and conducted a correlation analysis on the
annual variations of their means (Figure 4). The results showed
high consistency between MODIS and GEDI in annual FVC and
LAI variations across five forest types. The correlation R* for FVC
ranged from 0.64 (DNF) to 0.90 (MF) and for LAI from 0.71 (EBF)

frontiersin.org


https://doi.org/10.3389/fpls.2025.1561826
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

Shi et al.

10.3389/fpls.2025.1561826

1.0 Formula: y =1.06 *x + 0.01 6 Formula:y =1.14 *x -0.46 1.04 1.04
R2:0.83 R2:0.85
RMSE: Oﬁ?’. 4 {RMSE: 0.33
| . 0.5 1 0.5
0.5 21 — GEDI —— GEDI 320
@ ENF ® ENF —— MODIS —— MODIS
T 0 T T 0.0 T T - 0.0 .
ENF FVC ENF LAl
1.0 Formula:y = 0.72 *x +0.25 6 Formula:y =0.78 * x +1.08 1.04 1.04 280
R2: 0.85 R2: 0.71
RMSE: 0.03g, 4 {RMSE: 0.4’. /
0.5+ d")‘ -6 0.5 051
’ 2 — GEDI — GEDI 240
@ EBF ® EBF pe —— MODIS —— MODIS
. 0 . . 0.0 15 . 0.0+ T .
10 6 EBF FVC EBF LAI
" |Formula:y = 0.69 *x +0.27 Formula: y = 1.47 *x - 1.64 1.0 1 1.0 1 200
g R2: 0.64 < |[R2091
i RMSE: 0&5 — 4 {RMSE: 0.43 >
" L L
. Q) 2 505 505 Q
8 : O 2 — GEDI — GEDI 160
= e DNF | = e DNF " — wopis — MODIS
. 0 T . 0.0 5 T 0.0+ T .
10 6 DNF FVC DNF LAI
"7 |Formula:y = 1.02 * x + 0.08 Formula:y =1.43*x -1.20 1.04 1.04 120
R2: 0.80 R2: 0.95
RMSE: ?/L‘ 4 {RMSE: 0.34
i 0.5 0.5 1
03 2 —— GEDI —— GEDI
@ DBF @ DBF —— MODIS —— MODIS 80
T 0 T T 0.0 T 0.0 - T T
1.0 6 DBF FVC DBF LAl
"7 |Formula:y = 1.08 * x + 0.02 Formula:y =1.25*x -0.81 1.0 1 1.0 1
R2: 0.90 R2: 0.79 40
RMSE: y 4 {RMSE: 0.54
. (X)) 0.5 A1 0.5
05 - 2 — GEDI —— GEDI
® MF @ MF / —— MODIS —— MODIS
. 0 T . 0.0 . 0.0 - T .
0.5 1.0 0 2 4 6 0.4 0.6 2 4
GEDI FVC GEDI LAI MF FVC MF LAI
FIGURE 4

Comparison of GEDI and MODIS derived FVC and LAl across different forest types: regression analysis and cumulative distribution function

(CDF) evaluation.

to 0.95 (DBF). Seasonal analysis revealed summer data concentrated
centrally, with other seasons at the extremes, indicating a common
trend of increasing then decreasing canopy structural parameters in
both datasets. The cumulative distribution function (CDF) results
in the third and fourth columns indicated significant differences
between the GEDI and MODIS datasets. In most cases, GEDI-
derived values (blue) were higher than MODIS-derived values
(green) in the lower quantiles, while also exhibiting distinct
distribution shapes and spreads. GEDI-derived FVC values were
generally shifted toward higher values compared to MODIS,
whereas the LAI distributions showed more pronounced
differences. Specifically, GEDI exhibited a broader spread,
suggesting greater variance in estimated LAI values relative
to MODIS.

3.2 GPP/SIF changes of different forest
types

The GPPpop/SIF of five forest types was shown in Figure 5.
Among the forests, only EBF did not show a clear pattern of
variation in GPPy;op/SIF values throughout the year. ENF, DNF,
DBF and MF exhibited varying degrees of an increasing followed by
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a decreasing trend in their ratios, with the ratios during the summer
months (June, July, and August) significantly higher than in
other seasons.

A detailed analysis revealed that GPPy;op/SIF for ENF initially
increased and then decreased throughout the year, peaking at 1.95
in June and ranging between 0.5 and 1.0 in the off-summer months.
For EBF, the annual mean GPPyop/SIF was 1.30, fluctuating
between 1.0 and 1.5 with no significant seasonal variation. DNF
showed a clear increasing-then-decreasing pattern, with GPPyop/
SIF values nearly negligible from January to April, peaking in May,
remaining above 1.0 in summer, and decreasing to near-zero in
autumn and winter. DBF exhibited a similar trend, with the highest
mean during summer and the most significant variation. Deciduous
forests (DNF, DBF) had greater GPPy;op/SIF variation compared to
evergreen forests (ENF). MF also followed an increasing-then-
decreasing pattern, similar to broadleaf forests, but with slightly
lower variation.

Figure 6 illustrated the annual variations of GPP ny/SIF for
three forest types based on flux tower data, showing similar
increasing-decreasing trends as Figure 5, with peaks notably
higher in summer. ENF exhibited a smaller annual variation
range compared to DBF and MF. The mean GPP 5y /SIF values
for ENF and DBF were higher than GPPy;op/SIF, while MF had a
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The GPPuop/SIF of five forest types throughout the year 2020 in CONUS (the error bars represent the standard deviation of each set of data).

lower mean. Additionally, the standard deviation of GPP sps/SIF
was greater than that of GPPyop/SIF, indicating higher
annual variation.

3.3 Annual correlation between canopy
structure and GPP/SIF

Figure 7 depicted the Pearson correlation coefficient between
GPPy1op/SIF and LAIL FVC, respectively, for five forest types across
the CONUS in 2020. Linear correlation was observed between
canopy structural parameters and GPPy;op/SIF, with correlations
ranging from 0.21 to 0.49 for FVC and from 0.26 to 0.63 for LAL
Compared to MODIS data, GEDI data exhibited relatively lower
correlations with GPPy;op/SIF, with a more stable changes of
annual value.

Distinct patterns emerged in terms of the total correlation and
its temporal dynamics across different forests. The mean annual
correlation from high to low was: EBF>ENF>DNF>MF>DBF.

Frontiers in Plant Science

Evergreen forests showed higher correlations compared to
deciduous forests, particularly in summer. The canopy structural
parameters of evergreen forests maintained relatively stable values
throughout the year. However, deciduous and mixed forests
exhibited a noticeable trend of decreasing correlation throughout
the year, followed by an increase. In summer, the average
correlation of FVC was lower than other seasons, with the
decrease magnitude 16.43%-28.44%. The average correlation of
LAI was 18.31% to 30.59% lower compared to other seasons.
Figure 8 showed the correlation results between GPP »5/SIF
and MODIS and GEDI canopy structural parameters,
with correlations ranging from 0.22 to 0.75. No significant
difference was found between MODIS and GEDI data. Except
for GEDI FVC in ENF, the average correlation between FVC and
GPP 5 5/SIF was 6.17% to 13.44% lower in summer compared to
other seasons. For LAI, the decrease ranged from 5.53% to
15.18%. These results highlight the variation in LAI, FVC, and
GPP/SIF correlations among different forest types, particularly

in summer.
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The GPPamf/SIF of three forest types throughout the year 2020 in CONUS (the error bars represent the standard deviation of each set of data).

3.4 GPP estimation based on inversion
models

To assess the impact of canopy structural parameters on GPP
inversion, we compared the accuracy of GPP inversions using
different factors, as shown in Figure 9. The random forest model
incorporating canopy structural parameters (RF1) showed superior
goodness of fit (R* ranging from 0.977 to 0.989) compared to the
model without these parameters (RF2, R* ranging from 0.864 to
0.942). However, except for DNF, including canopy structural
parameters slightly reduced the model’s generalization ability by
1.08% to 2.24%. Incorporating these parameters improved R* by
1.30% to 8.07% and reduced RMSE by 1.72% to 9.41%. Among
forest types, DBF had the highest R* at 0.934, and DNF had the
lowest at 0.728. DNF also had the lowest RMSE at 0.057, while EBF
had the highest at 0.077. Overall, RF1 provided higher inversion
accuracy than RF2, indicating that incorporating canopy structural
parameters enhances inversion accuracy, though the improvement
varied across forest types.

Figure 10 illustrated the feature importance for GPP inversion
across five forest types, revealing significant variations. Ta
consistently showed the highest importance in most models,
while VPD was generally the least important. The overall ranking
of feature importance was Ta, SW, FVC, LAIL and VPD. In
particular, canopy structural parameters (FVC and LAI) had
similar contributions, ranging from 0.148 to 0.366, indicating a
moderate impact on GPP inversion.
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4 Discussion

4.1 Annual variation of LIDAR canopy
structural parameters and data quality

The experimental results indicated that, in the continental
United States located in the Northern Hemisphere, canopy
structural parameters FVC and LAI, were significantly higher in
summer compared to other seasons. The forest canopy exhibited
distinct growth and senescence trends in May and October,
manifested in corresponding increases and decreases in structural
parameter values. Aligned with the Northern Hemisphere’s
vegetation growth cycle, these findings coincided with the
vegetation’s growth period, a pattern corroborated by previous
studies (Sainte-Marie et al., 2014; Tian et al., 2004). The
preliminary evidence of the consistency in the forest growth cycle
substantiated the efficacy of GEDI data.

Figure 3 showed that evergreen forests maintain more stable
structural parameters year-round than deciduous forests, with less
seasonal variation. This aligned with Bonan et al. (2002), which
found that evergreen forests exhibit minor greening during the
growing season and peak LAI occurs later. Foliation and senescence
in forests were mainly driven by photoperiod changes (Sainte-Marie
etal., 2014). Evergreen forests exhibited a smaller impact from light
response compared to deciduous forests, experiencing a gradual and
steady leaf fall throughout the year (Chhabra and Panigrahy, 2011).
Consequently, the canopy structure of evergreen forests remained
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FIGURE 7

The Pearson correlation coefficients between GPPyuop/SIF and LAI, FVC for five forest types across the CONUS in 2020.

more stable throughout the year. Additionally, broadleaf forests had
higher average LAI and FVC than needleleaf forests, with greater
seasonal variation, consistent with Liu et al. (2017). These results
were mainly attributed to the shorter growing season and the lower
solar radiation at high latitudes of needleleaf forest than broadleaf
forest. The consistency of LAI and FVC variations across forest
types supported the accuracy of GEDI data.

A comparison of MODIS and GEDI canopy structure products
= 0.64-0.95)

and consistent seasonal variation, with higher values in summer

(Figure 4) revealed a strong and stable correlation (R

than in other seasons. CDF analysis indicated that GEDI values
were generally higher than MODIS, often shifting toward greater
values. This difference was more pronounced in certain forest types
(e.g., DNF and DBF), where MODIS values appeared more
compressed, while GEDI exhibited a more gradual distribution.
These discrepancies reflected fundamental differences in
measurement techniques, with GEDI capturing more detailed
vertical vegetation structure, whereas MODIS provided broader
spatial coverage with lower vertical resolution.
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4.2 Analysis of annual GPP/SIF variation in
different forests

The results indicated that GPP/SIF exhibited seasonal variation,
being higher in summer compared to other seasons (Figures 5, 6).
There has been debate in previous studies about whether the
relationship between GPP and SIF shows a consistent linear
pattern across different biomes (Li et al., 2018; Liu et al., 2021b;
Sun et al., 2017; Wu et al.,, 2022b). These fluctuations in GPP/SIF
confirmed the validity of previous studies (Bai et al., 2022; Chen
et al,, 2021b), emphasizing the non-constancy of GPP/SIF values
across different seasons. The impact of GPP/SIF variability in large-
scale GPP estimations cannot be overlooked. The primary factors
contributing to these changes include radiation, precipitation,
temperature, and structure (Chen et al., 2021a).

Based on the description of GPP and SIF (Damm et al., 2015;
Monteith, 1972), GPP/SIF can be described as Equation 4:

GPP _ LUE
SF = Dot 4)
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The Pearson correlation coefficients between GPPawe/SIF and LAI, FVC for three forest types across the CONUS in 2020.

where LUE, is light use efficiency of the canopy, @y is the
chlorophyll fluorescence yield from absorbed sunlight, and f,. is the
escape probability of fluorescence. Chen et al. (2021b) suggested
that seasonal temperature variations primarily drive seasonal
changes in GPP/SIF in temperate regions. Comparing the results
with monthly temperature fluctuations in the CONUS in 2020, the
most pronounced GPP/SIF changes in June and September
coincided with peak temperature variations. The overall annual
trend of both curves showed a high degree of consistency, proving
the reliability of the study. LUEp and @f were highly correlated to
air temperature (Yan et al, 2017) but exhibited different light
sensitivities. LUEp showed a saturation pattern under high
temperatures, especially on clear days. Notably, differences in SIF
and GPP responses to light contributed to discrepancies in spring
onset estimates (Yang et al., 2022). In spring, SIF responded to light
earlier than GPP, resulting in lower GPP/SIF values. The seasonal
non-linear LUEp- @y, relationship resulted in a higher LUEp/ @y in
summer (Kim et al., 2021), contributing to increased GPP/SIF (Bai
et al, 2022). In addition, Dechant et al. (2020) reported that the
SIF-GPP relationship in crops was dominated by the strongly
seasonal f,, rather than the more temporally stable ®. f,, has
been demonstrated to strongly respond to canopy structural
parameters such as LAI (Fournier et al., 2012). In summer,
increased LAI and FVC were correlated with a decrease in f,, to
some extent, potentially leading to higher GPP/SIF (Zhang et al.,
2022, 2020). Comparing two GPP datasets (Figures 6, 7), GPP/SIF
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trends showed no significant differences, though mean GPP »;r/SIF
were higher than GPPyop/SIF. This discrepancy likely arose from
MODIS GPP underestimation relative to flux tower GPP (Qiu et al.,
2020). The standard deviation and annual variation of GPP s /SIF
data were larger, possibly due to the relatively small amount of flux
tower data and greater sensitivity to outliers. These findings
confirmed the seasonal peak variations in GPP/SIF, reinforcing
the study’s conclusions.

4.3 Annual correlation between canopy
structure and GPP/SIF

The results demonstrated the response of canopy structural
parameters, FVC and LAI to the seasonal variation in GPP/SIF
(Figures 7, 8). Overall, FVC-GPP/SIF and LAI-GPP/SIF were
moderately well correlated, with this linearity lower in summer
compared to other seasons. It confirmed the response of canopy
structural parameters to the GPP-SIF relationship.

The relationship between canopy structure and GPP/SIF was
complex and lacked a clear mechanistic explanation (Dechant et al.,
2020). Absorbed photosynthetically active radiation (APAR) is
considered the product of the fraction of absorbed PAR (fPAR)
and photosynthetically active radiation (PAR) (Zhang et al., 2018).
The relationship between fPAR and LAI can be approximated as
(Casanova et al., 1998) Equation 5:
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fPAR =1 — ¢ F1AI (5

where k is the extinction coefficient. As LAI increased, APAR
also increased but gradually saturated at higher LAI due to
diminishing increments. High LAI and FVC also reduced the f,,
as multiple scattering and reabsorption within dense canopies limit
the amount of fluorescence escaping (Bailey and Fu, 2022; Dechant
et al., 20205 Liu et al,, 2020; Zeng et al., 2019). High LAI and FVC
enhanced APAR (thus increasing GPP) but simultaneously reduced
fluorescence escape, suppressing SIF growth, which in turn led to an
increased GPP/SIF ratio. Consequently, LAI and FVC were
positively correlated with GPP/SIF, as confirmed by Figures 7 and
8. Overall, both FVC-GPP/SIF and LAI-GPP/SIF exhibited
moderate correlations. However, this relationship weakened in
summer, likely due to two main factors. First, higher
temperatures can induce stomatal closure and increase
transpiration, leading to a decline in light use efficiency (LUEp)
(Pei et al,, 2022), which in turn complicates the relationship
between GPP/SIF and canopy structure. Second, in regions with
high canopy structural complexity, dense foliage limits radiation
penetration to lower leaves, reducing photosynthetic efficiency. As a
result, the effect of increasing LAI on fPAR diminished, ultimately
constraining GPP/SIF.

Frontiers in Plant Science

11

0.04 0.06
RMSE

0.00  0.02
0 RF2

Comparing different types of forests, it was observed that deciduous
and mixed forests exhibited lower correlations with GPP/SIF in
summer than in other seasons. This effect was more pronounced in
GPPprop/SIF compared to GPP spp/SIF, possibly due to the larger
MODIS dataset reducing the influence of outliers. In summer, the
increased canopy structural complexity of deciduous and mixed forests
(Hardiman et al, 2011) may weaken the correlation, as higher
photosynthetic demand (Bauerle et al, 2012) amplified radiation’s
impact on GPP/SIF, reducing the structural influence. In contrast,
evergreen forests, with their longer photosynthetic season and lower
amortized leaf construction costs (Givnish, 2002), exhibited greater
adaptability to light. Their stable year-round canopy structure led to a
more consistent impact on GPP/SIF.

4.4 The contribution of canopy structural
parameters to GPP estimation

GPP estimation results based on RF model indicated that the
introduction of canopy structural parameters improved the model’s
goodness of fit, but concurrently, it led to a moderate decrease in
model generalization ability (Figure 9). This suggested that the
inclusion of canopy structural parameters enhanced the model’s
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The feature importance results based on the GPP inversion model RF1 for the five forest types.

performance on the training data but reduced its performance on
new data. It may be attributed to the high correlation between
canopy structural parameter LAI and FVC, as well as the inter-
parameter correlations contributing to overfitting, resulting in a
slight reduction in generalization ability (Shi et al., 2018). Among
the five types of forests, evergreen forests demonstrated slightly
higher estimation accuracy compared to deciduous forests. Kim
etal. (2021) indicated that ENF exhibits strong seasonal variation in
physiology, in contrast to the stable canopy structure. This further
underscored the relatively minor influence of canopy structure on
ENF or even evergreen forests at a seasonal scale. Furthermore,
comparing precision changes after incorporating canopy structural
parameters, we found greater accuracy improvement in deciduous
forests than in evergreen forests, highlighting a stronger impact of
canopy structure on deciduous forests.

The feature importance results indicated that although canopy
structural parameters, such as LAI and FVC, responded to changes
in GPP/SIF and contributed to improving GPP estimation accuracy,
their impact were less significant than that of environmental factors
on the GPP-SIF relationship (Figure 10). This consistency was
observed across diverse forest types. This could be attributed to the
more pronounced and impactful spatiotemporal variations in
climate at larger scales. Additionally, there was no significant
difference in the impact of LAI and FVC on the canopy, which
was associated with their high correlation and consistent
spatiotemporal variations (Li et al., 2022). The results indicated
that canopy structural parameters contributed to the estimation of
GPP, but their impact was lower than environmental parameters.

Frontiers in Plant Science 12

4.5 Limitations

In this study, we assessed the contribution of canopy structural
parameters obtained from LiDAR to the estimation of GPP. Our
research affirmed the spatiotemporal accuracy of LAl and FVC data
acquired by LiDAR and their contribution to GPP estimation.
However, the limitations of the study included the lack of specific
validation of the relationships between parameters such as LUEp,
fose» and @ that influence the GPP-SIF relationship, and canopy
structural parameters. Additionally, current research on the
relationship between GPP/SIF and canopy structural parameters
was limited to correlational analyses, without establishing the
theoretical causal relationships between the parameters.
Furthermore, for large continental spatial scale, many elements
contributed to the uncertainty of GPP estimation (Tramontana
et al,, 2015). Reducing GPP uncertainty at large scales and
improving estimation accuracy remained an area for further
investigation. The limitations of this study suggested avenues for
future improvement.

5 Conclusion

In this study, we integrated spaceborne LiDAR (GEDI) and
other multi-source datasets to examine the response of canopy
structural parameters to the GPP-SIF relationship and their impact
on large-scale GPP estimation in forested ecosystems. Specifically,
we: evaluated the capability of GEDI-derived canopy structure
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products to capture vegetation dynamics; investigated the response
of canopy structural parameters, LAI and FVC, to the GPP-SIF
relationship; and quantified the contribution of canopy structure to
GPP estimation using machine learning approaches. The main
findings are as follows:

1. LiDAR-derived canopy structural products effectively
captured seasonal dynamics and structural variations
across different forest types. Compared to MODIS, they
exhibited strong correlations and similar temporal patterns.
However, in densely vegetated areas, LIDAR yielded higher
LAT and FVC values, highlighting its enhanced capability to
resolve vertical vegetation structure.

2. GPP/SIF showed significant seasonal variations in all forest
types except EBF, with higher values in summer.

3. Canopy structural parameters, LAI and FVC, showed
seasonal variation in their correlation with GPP/SIF
(correlation coefficient: 0.21-0.75). In summer, the
correlation with GPP/SIF was lower in deciduous and
mixed forests, decreasing by 5.53% to 30.59% compared
to other seasons.

. The inclusion of canopy structural parameters improved
the accuracy of model-based large-scale GPP estimation,
increasing R* by 1.30% to 8.07%.

Data availability statement

The original contributions presented in the study are included
in the article/supplementary material. Further inquiries can be
directed to the corresponding author/s.

Author contributions

SS: Conceptualization, Funding acquisition, Project
administration, Supervision, Writing - review & editing. ZS:
Conceptualization, Data curation, Formal Analysis, Methodology,
Validation, Writing - original draft, Writing - review & editing. FQ:
Methodology, Writing - review & editing. WG: Project
administration, Supervision, Writing - review & editing. LX:
Methodology, Writing - review & editing. CL: Validation,
Writing - review & editing.

References

Bai, J., Zhang, H., Sun, R, Li, X,, Xiao, J., and Wang, Y. (2022). Estimation of global
GPP from GOME-2 and OCO-2 SIF by considering the dynamic variations of GPP-SIF
relationship. Agric. For. Meteorology 326, 109180. doi: 10.1016/j.agrformet.2022.109180

Bailey, B. N,, and Fu, K. M. (2022). The probability distribution of absorbed direct,
diffuse, and scattered radiation in plant canopies with varying structure. Agric. For.
Meteorology 322, 109009. doi: 10.1016/j.agrformet.2022.109009

Bauerle, W. L., Oren, R, Way, D. A, Qian, S. S,, Stoy, P. C,, Thornton, P. E,, et al.
(2012). Photoperiodic regulation of the seasonal pattern of photosynthetic capacity and

Frontiers in Plant Science

13

10.3389/fpls.2025.1561826

Funding

The author(s) declare that financial support was received for
the research and/or publication of this article. This work is
supported by the National Natural Science Foundation of China
(42471413), the Natural Science Foundation of Hubei Province
(2024AFA069), the State Key Laboratory of Geo-Information
Engineering (Grant No. SKLGIE2023-Z-3-1), and LIESMARS
Special Research Funding.

Acknowledgments

We gratefully acknowledge the University of Maryland, NASA
Goddard Space Flight Center, EUROPEAN SPACE AGENCY
(ESA) TROPOSIF project, European Centre for Medium-Range
Weather Forecasts (ECMWF) and MODIS for providing
public datasets.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

The author(s) declared that they were an editorial board
member of Frontiers, at the time of submission. This had no
impact on the peer review process and the final decision.

Generative Al statement

The author(s) declare that no Generative AI was used in the
creation of this manuscript.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

the implications for carbon cycling. Proc. Natl. Acad. Sci. United States America 109,
8612-8617. doi: 10.1073/pnas.1119131109

Bonan, G. B, Levis, S., Kergoat, L., and Oleson, K. W. (2002). Landscapes as patches
of plant functional types: An integrating concept for climate and ecosystem models.
Global Biogeochemical Cycles 16, 5-1-5-23. doi: 10.1029/2000GB001360

Borsdorff, T., Aan de Brugh, J., Hu, H., Aben, I, Hasekamp, O., and Landgraf, J. (2018).
Measuring carbon monoxide with TROPOML: first results and a comparison with ECMWE-
IFS analysis data. Geophysical Res. Lett. 45, 2826-2832. doi: 10.1002/2018GL077045

frontiersin.org


https://doi.org/10.1016/j.agrformet.2022.109180
https://doi.org/10.1016/j.agrformet.2022.109009
https://doi.org/10.1073/pnas.1119131109
https://doi.org/10.1029/2000GB001360
https://doi.org/10.1002/2018GL077045
https://doi.org/10.3389/fpls.2025.1561826
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

Shi et al.

Breunig, F. M., Galvao, L. S., Formaggio, A. R., and Epiphanio, J. C. N. (2011).
Directional effects on NDVI and LAI retrievals from MODIS: A case study in Brazil
with soybean. Int. J. Appl. Earth. Obs. Geoinf. 13 (1), 34-42. doi: 10.1016/
1.jag.2010.06.004

Butz, A., Galli, A., Hasekamp, O., Landgraf, J., Tol, P.,, and Aben, I. (2012).
TROPOMI aboard Sentinel-5 Precursor: Prospective performance of CH4 retrievals
for aerosol and cirrus loaded atmospheres. Remote Sens. Environ. 120, 267-276.
doi: 10.1016/j.rse.2011.05.030

Camacho, F., Cemicharo, J., Lacaze, R., Baret, F., and Weiss, M. (2013). GEOV1: LAI,
FAPAR essential climate variables and FCOVER global time series capitalizing over
existing products. Part 2: Validation and intercomparison with reference products.
Remote Sens. Environ. 137, 310-329. doi: 10.1016/j.rse.2013.02.030

Casanova, D., Epema, G. F., and Goudriaan, J. (1998). Monitoring rice reflectance at
field level for estimating biomass and LAIL Field Crops Res. 55, 83-92. doi: 10.1016/
S0378-4290(97)00064-6

Chen, A. N, Mao, J. F,, Ricciuto, D., Xiao, J. F., Frankenberg, C., Li, X., et al. (2021a).
Moisture availability mediates the relationship between terrestrial gross primary
production and solar-induced chlorophyll fluorescence: Insights from global-scale
variations. Global Change Biol. 27, 1144-1156. doi: 10.1111/gcb.15373

Chen, A. P., Mao, J. F., Ricciuto, D., Lu, D., Xiao, J. F., Li, X,, et al. (2021b). Seasonal
changes in GPP/SIF ratios and their climatic determinants across the Northern
Hemisphere. Global Change Biol. 27, 5186-5197. doi: 10.1111/gcb.v27.20

Cheng, X,, Zhou, Y., Hu, M., Wang, F,, Huang, H., and Zhang, J. (2021). The links
between canopy solar-induced chlorophyll fluorescence and gross primary production
responses to meteorological factors in the growing season in deciduous broadleaf forest.
Remote Sens. 13, 2363. doi: 10.3390/rs13122363

Chhabra, A., and Panigrahy, S. (2011). ANALYSIS OF SPATIO-TEMPORAL
PATTERNS OF LEAF AREA INDEX IN DIFFERENT FOREST TYPES OF INDIA
USING HIGH TEMPORAL REMOTE SENSING DATA, ISPRS bhopal workshop on
earth observation for terrestrial ecosystem. Int. Arch. Photogrammetry Remote Sens.
Spatial Inf. Sciences Bhopal INDIA XXXVIII-8/W20, 119-124. doi: 10.5194/
isprsarchives-XXXVIII-8-W20-119-2011

Cohen, I, Huang, Y., Chen, J., Benesty, J., Benesty, J., Chen, J., et al. (2009). Pearson
correlation coefficient. In Noise Reduction in Speech Processing, 1-4. doi: 10.1007/978-
3-642-00296-0

Damm, A., Guanter, L., Paul-Limoges, E., van der Tol, C., Hueni, A., Buchmann, N,,
et al. (2015). Far-red sun-induced chlorophyll fluorescence shows ecosystem-specific
relationships to gross primary production: An assessment based on observational and
modeling approaches. Remote Sens. Environ. 166, 91-105. doi: 10.1016/
j.rse.2015.06.004

Dechant, B, Ryu, Y., Badgley, G., Zeng, Y. L., Berry, J. A., Zhang, Y. G,, et al. (2020).
Canopy structure explains the relationship between photosynthesis and sun-induced
chlorophyll fluorescence in crops. Remote Sens. Environ. 241, 111733. doi: 10.1016/
j.rse.2020.111733

Dubayah, R., Blair, J. B., Goetz, S., Fatoyinbo, L., Hansen, M., Healey, S., et al.
(2020a). The Global Ecosystem Dynamics Investigation: High-resolution laser ranging
of the Earth’s forests and topography. Sci. Remote Sens. 1, 100002. doi: 10.1016/
j.srs.2020.100002

Dubayah, R., Tang, H., Armston, J., Luthcke, S., Hofton, M., and Blair, J. (2020b).
GEDI L2B Canopy Cover and Vertical Profile Metrics Data Global Footprint Level
V001 [Data set]. NASA EOSDIS Land Processes Distributed Active Archive Center.
doi: 10.5067/GEDI/GEDI02_B.001

Fang, H. L, Baret, F.,, Plummer, S., and Schaepman-Strub, G. (2019). An overview of
global leaf area index (LAI): methods, products, validation, and applications. Rev.
Geophysics 57, 739-799. doi: 10.1029/2018RG000608

Fang, H. L, Jiang, C. Y., Li, W. J., Wei, S. S, Baret, F., Chen, J. M,, et al. (2013).
Characterization and intercomparison of global moderate resolution leaf area index
(LAI) products: Analysis of climatologies and theoretical uncertainties. J. Geophysical
Research-Biogeosciences 118 (2), 529-548. doi: 10.1002/jgrg.20051

Fang, H. L., Li, S. J., Zhang, Y. H., Wei, S. S, and Wang, Y. (2021). New insights of
global vegetation structural properties through an analysis of canopy clumping index,
fractional vegetation cover, and leaf area index. Sci. Remote Sens. 4, 100027.
doi: 10.1016/j.s15.2021.100027

Fournier, A., Daumard, F., Champagne, S., Ounis, A., Goulas, Y., and Moya, I
(2012). Effect of canopy structure on sun-induced chlorophyll fluorescence. Isprs J.
Photogrammetry Remote Sens. 68, 112-120. doi: 10.1016/j.isprsjprs.2012.01.003

Friedl, M., and Sulla-Menashe, D. (2015). MCD12C1 MODIS/Terra+Aqua Land
Cover Type Yearly L3 Global 0.05Deg CMG V006 [Data set]. NASA EOSDIS Land
Processes Distributed Active Archive Center. doi: 10.5067/MODIS/MCD12C1.006.

Gao, L., Wang, X. F., Johnson, B. A, Tian, Q. J., Wang, Y., Verrelst, J., et al. (2020).
Remote sensing algorithms for estimation of fractional vegetation cover using pure
vegetation index values: A review. Isprs J. Photogrammetry Remote Sens. 159, 364-377.
doi: 10.1016/j.isprsjprs.2019.11.018

Givnish, T.J. (2002). Adaptive significance of evergreen vs. deciduous leaves: Solving
the triple paradox. Silva Fennica 36, 703-743. doi: 10.14214/sf.535

Gonsamo, A., Chen, J. M., and Lombardozzi, D. (2016). Global vegetation
productivity response to climatic oscillations during the satellite era. Global Change
Biol. 22, 3414-3426. doi: 10.1111/gcb.2016.22.issue-10

Frontiers in Plant Science

14

10.3389/fpls.2025.1561826

Guanter, L., Frankenberg, C., Dudhia, A., Lewis, P. E., Gomez-Dans, J., Kuze, A., et al.
(2012). Retrieval and global assessment of terrestrial chlorophyll fluorescence from
GOSAT space measurements. Remote Sens. Environ. 121, 236-251. doi: 10.1016/
j.rse.2012.02.006

Guanter, L., Aben, L, Tol, P., Krijger, J. M., Hollstein, A., Kohler, P., et al. (2015).
Potential of the TROPOspheric Monitoring Instrument (TROPOMI) onboard the
Sentinel-5 Precursor for the monitoring of terrestrial chlorophyll fluorescence.
Atmospheric Measurement Techniques 8, 1337-1352. doi: 10.5194/amt-8-1337-2015

Hardiman, B. S., Bohrer, G., Gough, C. M., Vogel, C. S., and Curtis, P. S. (2011). The
role of canopy structural complexity in wood net primary production of a maturing
northern deciduous forest. Ecology 92, 1818-1827. doi: 10.1890/10-2192.1

Jiang, C. Y., Ryu, Y., Fang, H. L., Myneni, R,, Claverie, M., and Zhu, Z. C. (2017).
Inconsistencies of interannual variability and trends in long-term satellite leaf area
index products. Global Change Biol. 23 (10), 4133-4146. doi: 10.1111/gcb.13787

Jin, H. A, Li, A. N, Bian, J. H,, Nan, X,, Zhao, W., Zhang, Z. ], et al. (2017).
Intercomparison and validation of MODIS and GLASS leaf area index (LAI) products
over mountain areas: A case study in southwestern China. Int. J. Appl. Earth
Observation Geoinformation 55, 52-67. doi: 10.1016/j.jag.2016.10.008

Kim, J,, Ryu, Y., Dechant, B., Lee, H., Kim, H. S., Kornfeld, A., et al. (2021). Solar-
induced chlorophyll fluorescence is non-linearly related to canopy photosynthesis in a
temperate evergreen needleleaf forest during the fall transition. Remote Sens. Environ.
258, 112362. doi: 10.1016/j.rse.2021.112362

Li, S.J., Fang, H. L,, Zhang, Y. H., and Wang, Y. (2022). Comprehensive evaluation of
global CI, FVC, and LAI products and their relationships using high-resolution
reference data. Sci. Remote Sens. 6, 100066. doi: 10.1016/j.5r5.2022.100066

Li, X,, Xiao, J. F., He, B. B., Arain, M. A., Beringer, J., Desai, A. R,, et al. (2018). Solar-
induced chlorophyll fluorescence is strongly correlated with terrestrial photosynthesis
for a wide variety of biomes: First global analysis based on OCO-2 and flux tower
observations. Global Change Biol. 24, 3990-4008. doi: 10.1111/gcb.2018.24.issue-9

Liao, Z. Z., Zhou, B. H., Zhu, J. Y., Jia, H. Y., and Fei, X. H. (2023). A critical review of
methods, principles and progress for estimating the gross primary productivity of
terrestrial ecosystems. Front. Environ. Sci. 11. doi: 10.3389/fenvs.2023.1093095

Liu, A. B, Cheng, X, and Chen, Z. Q. (2021a). Performance evaluation of GEDI and
ICESat-2 laser altimeter data for terrain and canopy height retrievals. Remote Sens.
Environ. 264, 112571. doi: 10.1016/j.rse.2021.112571

Liu, J. G., Pattey, E., and Jégo, G. (2012). Assessment of vegetation indices for
regional crop green LAI estimation from Landsat images over multiple growing
seasons. Remote Sens. Environ. 123, 347-358. doi: 10.1016/j.rse.2012.04.002

Liu, W. W,, Luo, S. Z,, Lu, X. L, Atherton, J., and Gastellu-Etchegorry, J. P. (2020).
Simulation-based evaluation of the estimation methods of far-red solar-induced
chlorophyll fluorescence escape probability in discontinuous forest canopies. Remote
Sens. 12, 3962. doi: 10.3390/rs12233962

Liu, X. ], Liu, Z. Q,, Liu, L. Y., Lu, X. L,, Chen, J. D,, Dy, S. S, et al. (2021b). Modelling
the influence of incident radiation on the SIF-based GPP estimation for maize. Agric.
For. Meteorology 307, 108522. doi: 10.1016/j.agrformet.2021.108522

Liu, Y., Liu, R, Pisek, J., and Chen, J. M. (2017). Separating overstory and understory
leaf area indices for global needleleaf and deciduous broadleaf forests by fusion of MODIS
and MISR data. Biogeosciences 14 (5), 1093-1110. doi: 10.5194/bg-14-1093-2017

Mohammed, G. H., Colombo, R., Middleton, E. M., Rascher, U., van der Tol, C,,
Nedbal, L., et al. (2019). Remote sensing of solar-induced chlorophyll fluorescence
(SIF) in vegetation: 50 years of progress. Remote Sens. Environ. 231, 111177.
doi: 10.1016/j.rse.2019.04.030

Monteith, J. L. (1972). Solar radiation and productivity in tropical ecosystems. J.
Appl. Ecol. 9, 747-766. doi: 10.2307/2401901

Moran, C. J., Rowell, E. M., and Seielstad, C. A. (2018). A data-driven framework to
identify and compare forest structure classes using LIDAR. Remote Sens. Environ. 211,
154-166. doi: 10.1016/j.rse.2018.04.005

Muiioz Sabater, J. (2019). ERA5-Land monthly averaged data from 1950 to present.
Copernicus Climate Change Service (C3S) Climate Data Store (CDS). doi: 10.24381/
cds.68d2bb30

Pei, Y. Y., Dong, J. W,, Zhang, Y., Yuan, W. P,, Doughty, R,, Yang, J. L., et al. (2022).
Evolution of light use efficiency models: Improvement, uncertainties, and implications.
Agric. For. Meteorology 317, 108905. doi: 10.1016/j.agrformet.2022.108905

Pierrat, Z., Magney, T., Parazoo, N. C., Grossmann, K., Bowling, D. R,, Seibt, U., et al.
(2022). Diurnal and seasonal dynamics of solar-induced chlorophyll fluorescence,
vegetation indices, and gross primary productivity in the boreal forest. J. Geophysical
Research-Biogeosciences 127. doi: 10.1029/2021JG006588

Potapov, P., Li, X. Y., Hernandez-Serna, A., Tyukavina, A., Hansen, M. C,
Kommareddy, A., et al. (2021). Mapping global forest canopy height through
integration of GEDI and Landsat data. Remote Sens. Environ. 253, 112165.
doi: 10.1016/j.rse.2020.112165

Qiu, R. N, Han, G, Ma, X,, Xu, H,, Shi, T. Q., and Zhang, M. (2020). A comparison
of OCO-2 SIF, MODIS GPP, and GOSIF data from gross primary production (GPP)
estimation and seasonal cycles in North America. Remote Sens. 12, 258. doi: 10.3390/
rs12020258

Rigatti, S. (2017). Random forest. J Insur Med. (New York, N.Y.) 47, 31-39.
doi: 10.17849/insm-47-01-31-39.1

frontiersin.org


https://doi.org/10.1016/j.jag.2010.06.004
https://doi.org/10.1016/j.jag.2010.06.004
https://doi.org/10.1016/j.rse.2011.05.030
https://doi.org/10.1016/j.rse.2013.02.030
https://doi.org/10.1016/S0378-4290(97)00064-6
https://doi.org/10.1016/S0378-4290(97)00064-6
https://doi.org/10.1111/gcb.15373
https://doi.org/10.1111/gcb.v27.20
https://doi.org/10.3390/rs13122363
https://doi.org/10.5194/isprsarchives-XXXVIII-8-W20-119-2011
https://doi.org/10.5194/isprsarchives-XXXVIII-8-W20-119-2011
https://doi.org/10.1007/978-3-642-00296-0
https://doi.org/10.1007/978-3-642-00296-0
https://doi.org/10.1016/j.rse.2015.06.004
https://doi.org/10.1016/j.rse.2015.06.004
https://doi.org/10.1016/j.rse.2020.111733
https://doi.org/10.1016/j.rse.2020.111733
https://doi.org/10.1016/j.srs.2020.100002
https://doi.org/10.1016/j.srs.2020.100002
https://doi.org/10.5067/GEDI/GEDI02_B.001
https://doi.org/10.1029/2018RG000608
https://doi.org/10.1002/jgrg.20051
https://doi.org/10.1016/j.srs.2021.100027
https://doi.org/10.1016/j.isprsjprs.2012.01.003
https://doi.org/10.5067/MODIS/MCD12C1.006
https://doi.org/10.1016/j.isprsjprs.2019.11.018
https://doi.org/10.14214/sf.535
https://doi.org/10.1111/gcb.2016.22.issue-10
https://doi.org/10.1016/j.rse.2012.02.006
https://doi.org/10.1016/j.rse.2012.02.006
https://doi.org/10.5194/amt-8-1337-2015
https://doi.org/10.1890/10-2192.1
https://doi.org/10.1111/gcb.13787
https://doi.org/10.1016/j.jag.2016.10.008
https://doi.org/10.1016/j.rse.2021.112362
https://doi.org/10.1016/j.srs.2022.100066
https://doi.org/10.1111/gcb.2018.24.issue-9
https://doi.org/10.3389/fenvs.2023.1093095
https://doi.org/10.1016/j.rse.2021.112571
https://doi.org/10.1016/j.rse.2012.04.002
https://doi.org/10.3390/rs12233962
https://doi.org/10.1016/j.agrformet.2021.108522
https://doi.org/10.5194/bg-14-1093-2017
https://doi.org/10.1016/j.rse.2019.04.030
https://doi.org/10.2307/2401901
https://doi.org/10.1016/j.rse.2018.04.005
https://doi.org/10.24381/cds.68d2bb30
https://doi.org/10.24381/cds.68d2bb30
https://doi.org/10.1016/j.agrformet.2022.108905
https://doi.org/10.1029/2021JG006588
https://doi.org/10.1016/j.rse.2020.112165
https://doi.org/10.3390/rs12020258
https://doi.org/10.3390/rs12020258
https://doi.org/10.17849/insm-47-01-31-39.1
https://doi.org/10.3389/fpls.2025.1561826
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

Shi et al.

Running, S., Mu, Q,, and Zhao, M. (2015). MOD17A2H MODIS/Terra Gross Primary
Productivity 8-Day L4 Global 500m SIN Grid V006 [Dataset]. NASA EOSDIS Land
Processes Distributed Active Archive Center. doi: 10.5067/MODIS/MOD17A2H.006.

Ryu, Y., Berry, J. A, and Baldocchi, D. D. (2019). What is global photosynthesis?
History, uncertainties and opportunities. Remote Sens. Environ. 223, 95-114.
doi: 10.1016/j.rse.2019.01.016

Sainte-Marie, J., Saint-Andre, L., Nouvellon, Y., Laclau, J. P., Roupsard, O., le Maire,
G., etal. (2014). A new probabilistic canopy dynamics model (SLCD) that is suitable for
evergreen and deciduous forest ecosystems. Ecol. Modelling 290, 121-133. doi: 10.1016/
j.ecolmodel.2014.01.026

Shi, K. P, Qiao, Y., Zhao, W., Wang, Q., Liu, M. H., and Lu, Z. X. (2018). An improved
random forest model of short-term wind-power forecasting to enhance accuracy,
efficiency, and robustness. Wind Energy 21, 1383-1394. doi: 10.1002/we.v21.12

Shi, S., Gong, C. Y., Xu, Q.,, Wang, A, Tang, X. T,, Bi, S. F,, et al (2025). Waveform
Information Accurate Extraction for Massive and Complex Waveform Data of
Hyperspectral Lidar. IEEE ] Sel Top Appl Earth Obs Remote Sens. 18, 1020-1038.
doi: 10.1109/JSTARS.2024.3495039

Sun, Y., Frankenberg, C., Wood, J. D., Schimel, D. S., Jung, M., Guanter, L., et al.
(2017). OCO-2 advances photosynthesis observation from space via solar-induced
chlorophyll fluorescence. Science 358. doi: 10.1126/science.aam5747

Tang, H., Armston, J., Hancock, S., Marselis, S., Goetz, S., and Dubayah, R. (2019).
Characterizing global forest canopy cover distribution using spaceborne lidar. Remote
Sens. Environ. 231, 111262. doi: 10.1016/j.rse.2019.111262

Tian, Y., Dickinson, R. E., Zhou, L., Zeng, X., Dai, Y., Myneni, R. B,, et al. (2004).
Comparison of seasonal and spatial variations of leaf area index and fraction of
absorbed photosynthetically active radiation from Moderate Resolution Imaging
Spectroradiometer (MODIS) and Common Land Model. J. Geophysical Research-
Atmospheres 109. doi: 10.1029/2003]D003777

Tramontana, G., Ichii, K., Camps-Valls, G., Tomelleri, E., and Papale, D. (2015).
Uncertainty analysis of gross primary production upscaling using Random Forests,
remote sensing and eddy covariance data. Remote Sens. Environ. 168, 360-373.
doi: 10.1016/j.rse.2015.07.015

Wang, S. H,, Zhang, Y. G., Ju, W. M,, Qiu, B., and Zhang, Z. Y. (2021a). Tracking the
seasonal and inter-annual variations of global gross primary production during last
four decades using satellite near-infrared reflectance data. Sci. Total Environ. 755,
142569. doi: 10.1016/j.scitotenv.2020.142569

Wang, Y. L, Zhou, L., Zhuang, J., Sun, L. G., and Chi, Y. G. (2021b). The spatial
heterogeneity of the relationship between gross primary production and sun-induced
chlorophyll fluorescence regulated by climate conditions during 2007-2018. Global
Ecol. Conserv. 29, e01721. doi: 10.1016/j.gecco.2021.e01721

Wu, G., Guan, K, Jiang, C., Kimm, H., Miao, G., Bernacchi, C. J., et al. (2022a).
Attributing differences of solar-induced chlorophyll fluorescence (SIF)-gross primary

production (GPP) relationships between two C4 crops: corn and miscanthus. Agric.
For. Meteorology 323, 109046. doi: 10.1016/j.agrformet.2022.109046

Wu, G. H,, Jiang, C. Y., Kimm, H., Wang, S., Bernacchi, C., Moore, C. E,, et al.
(2022b). Difference in seasonal peak timing of soybean far-red SIF and GPP explained
by canopy structure and chlorophyll content. Remote Sens. Environ. 279, 113104.
doi: 10.1016/j.rse.2022.113104

Xiao, Z. Q., Liang, S. L., and Jiang, B. (2017). Evaluation of four long time-series
global leaf area index products. Agric. For. Meteorology 246, 218-230. doi: 10.1016/
j.agrformet.2017.06.016

Xie, X. Y., Li, A. N, Jin, H. A, Tan, J. B, Wang, C. B, Lei, G. B, et al. (2019).
Assessment of five satellite-derived LAI datasets for GPP estimations through

Frontiers in Plant Science

15

10.3389/fpls.2025.1561826

ecosystem models. Sci. Total Environ. 690, 1120-1130. doi: 10.1016/
j.scitotenv.2019.06.516

Xu, L., Shi, S, Gong, W., Chen, B, Sun, J,, Xu, Q,, et al. (2024). Mapping 3D plant
chlorophyll distribution from hyperspectral LIDAR by a leaf-canopyradiative transfer
model. Int. J. Appl. Earth Observation Geoinformation 127, 103649. doi: 10.1016/
jjag.2024.103649

Yan, H.,, Wang, S. Q., da Rocha, H. R,, Rap, A, Bonal, D, Butt, N., et al. (2017).
Simulation of the unexpected photosynthetic seasonality in amazonian evergreen
forests by using an improved diffuse fraction-based light use efficiency model. J.
Geophysical Research-Biogeosciences 122, 3014-3030. doi: 10.1002/2017]JG004008

Yang, J. C.,, Magney, T. S., Albert, L. P., Richardson, A. D., Frankenberg, C., Stutz, J.,
et al. (2022). Gross primary production (GPP) and red solar induced fluorescence (SIF)
respond differently to light and seasonal environmental conditions in a subalpine
conifer forest. Agric. For. Meteorology 317, 108904. doi: 10.1016/
j.agrformet.2022.108904

Yang, K., Ryu, Y., Dechant, B., Berry, J. A., Hwang, Y., Jiang, C,, et al. (2018). Sun-
induced chlorophyll fluorescence is more strongly related to absorbed light than to
photosynthesis at half-hourly resolution in a rice paddy. Remote Sens. Environ. 216,
658-673. doi: 10.1016/j.rse.2018.07.008

Yazbeck, T., Bohrer, G., Gentine, P., Ye, L. P., Arriga, N., Bernhofer, C,, et al. (2021).
Site characteristics mediate the relationship between forest productivity and satellite
measured solar induced fluorescence. Front. Forests Global Change 4. doi: 10.3389/
ffgc.2021.695269

Zeng, Y. L., Badgley, G., Dechant, B., Ryu, Y., Chen, M., and Berry, J. A. (2019). A
practical approach for estimating the escape ratio of near-infrared solar-induced
chlorophyll fluorescence. Remote Sens. Environ. 232, 111209. doi: 10.1016/
j.rse.2019.05.028

Zeng, Y. L., Badgley, G., Chen, M, Li, J., Anderegg, L. D. L., Kornfeld, A., et al. (2020).
A radiative transfer model for solar induced fluorescence using spectral invariants
theory. Remote Sens. Environ. 240, 111678. doi: 10.1016/j.rse.2020.111678

Zhang, Z. Y., Chen, J. M., Guanter, L., He, L. M., and Zhang, Y. G. (2019). From
canopy-leaving to total canopy far-red fluorescence emission for remote sensing of
photosynthesis: first results from TROPOMI. Geophysical Res. Lett. 46, 12030-12040.
doi: 10.1029/2019GL084832

Zhang, Y., Xiao, X. M., Wolf, S., Wu, J., Wu, X. C,, Gioli, B., et al. (2018). Spatio-
temporal convergence of maximum daily light-use efficiency based on radiation
absorption by canopy chlorophyll. Geophysical Res. Lett. 45, 3508-3519.
doi: 10.1029/2017GL076354

Zhang, Z. Y., Zhang, Y. G., Porcar-Castell, A., Joiner, J., Guanter, L., Yang, X., et al.
(2020). Reduction of structural impacts and distinction of photosynthetic pathways in a
global estimation of GPP from space-borne solar-induced chlorophyll fluorescence.
Remote Sens. Environ. 240, 111722. doi: 10.1016/j.rse.2020.111722

Zhang, Z. Y., Zhang, Y. G., Chen, J. M., Ju, W. M., Migliavacca, M., and El-Madany,
T. S. (2021). Sensitivity of estimated total canopy SIF emission to remotely sensed LAI
and BRDF products. J. Remote Sens. 2021, 9795837. doi: 10.34133/2021/9795837

Zhang, X. K., Zhang, Z. Y., Zhang, Y. G., Zhang, Q.,, Liu, X. J., Chen, J. D, et al.
(2022). Influences of fractional vegetation cover on the spatial variability of canopy SIF
from unmanned aerial vehicle observations. Int. J. Appl. Earth Observation
Geoinformation 107, 102712. doi: 10.1016/j.jag.2022.102712

Zheng, Y., Shen, R. Q., Wang, Y. W,, Li, X. Q,, Liu, S. G,, Liang, S. L., et al. (2020).
Improved estimate of global gross primary production for reproducing its long-term
variation 1982-2017. Earth System Sci. Data 12, 2725-2746. doi: 10.5194/essd-12-2725-
2020

frontiersin.org


https://doi.org/10.5067/MODIS/MOD17A2H.006
https://doi.org/10.1016/j.rse.2019.01.016
https://doi.org/10.1016/j.ecolmodel.2014.01.026
https://doi.org/10.1016/j.ecolmodel.2014.01.026
https://doi.org/10.1002/we.v21.12
https://doi.org/10.1109/JSTARS.2024.3495039
https://doi.org/10.1126/science.aam5747
https://doi.org/10.1016/j.rse.2019.111262
https://doi.org/10.1029/2003JD003777
https://doi.org/10.1016/j.rse.2015.07.015
https://doi.org/10.1016/j.scitotenv.2020.142569
https://doi.org/10.1016/j.gecco.2021.e01721
https://doi.org/10.1016/j.agrformet.2022.109046
https://doi.org/10.1016/j.rse.2022.113104
https://doi.org/10.1016/j.agrformet.2017.06.016
https://doi.org/10.1016/j.agrformet.2017.06.016
https://doi.org/10.1016/j.scitotenv.2019.06.516
https://doi.org/10.1016/j.scitotenv.2019.06.516
https://doi.org/10.1016/j.jag.2024.103649
https://doi.org/10.1016/j.jag.2024.103649
https://doi.org/10.1002/2017JG004008
https://doi.org/10.1016/j.agrformet.2022.108904
https://doi.org/10.1016/j.agrformet.2022.108904
https://doi.org/10.1016/j.rse.2018.07.008
https://doi.org/10.3389/ffgc.2021.695269
https://doi.org/10.3389/ffgc.2021.695269
https://doi.org/10.1016/j.rse.2019.05.028
https://doi.org/10.1016/j.rse.2019.05.028
https://doi.org/10.1016/j.rse.2020.111678
https://doi.org/10.1029/2019GL084832
https://doi.org/10.1029/2017GL076354
https://doi.org/10.1016/j.rse.2020.111722
https://doi.org/10.34133/2021/9795837
https://doi.org/10.1016/j.jag.2022.102712
https://doi.org/10.5194/essd-12-2725-2020
https://doi.org/10.5194/essd-12-2725-2020
https://doi.org/10.3389/fpls.2025.1561826
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

	Analyzing canopy structure effects based on LiDAR for GPP-SIF relationship and GPP estimation
	1 Introduction
	2 Materials and methods
	2.1 Data collection
	2.1.1 Canopy structure metrics
	2.1.2 SIF data
	2.1.3 GPP data
	2.1.4 Land cover data
	2.1.5 Environmental parameters

	2.2 Methods

	3 Results
	3.1 Annual variation of LiDAR canopy structural parameters
	3.2 GPP/SIF changes of different forest types
	3.3 Annual correlation between canopy structure and GPP/SIF
	3.4 GPP estimation based on inversion models

	4 Discussion
	4.1 Annual variation of LiDAR canopy structural parameters and data quality
	4.2 Analysis of annual GPP/SIF variation in different forests
	4.3 Annual correlation between canopy structure and GPP/SIF
	4.4 The contribution of canopy structural parameters to GPP estimation
	4.5 Limitations

	5 Conclusion
	Data availability statement
	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Generative AI statement
	Publisher’s note
	References


