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A B S T R A C T

Background: The accurate estimation of carbon-water flux is critical for understanding the carbon and water cycles
of terrestrial ecosystems and further mitigating climate change. Model simulations and observations have been
widely used to research water and carbon cycles of terrestrial ecosystems. Given the advantages and limitations of
each method, combining simulations and observations through a data assimilation technique has been proven to
be highly promising for improving carbon-water flux simulation. However, to the best of our knowledge, few
studies have accomplished both parameter optimization and the updating of model state variables through data
assimilation for carbon-water flux simulation in multiple vegetation types. And little is known about the variation
of the performance of data assimilation for carbon-water flux simulation in different vegetation types.
Methods: In this study, we assimilated leaf area index (LAI) time-series observations into a biogeochemical model
(Biome-BGC) using different assimilation algorithms (ensemble Kalman filter algorithm (EnKF) and unscented
Kalman filter (UKF)) in different vegetation types (deciduous broad-leaved forest (DBF), evergreen broad-leaved
forest (EBF) and grassland (GL)) to simulate carbon-water flux.
Results: The validation of the results against the eddy covariance measurements indicated that, overall, compared
with the original simulation, assimilating the LAI into the Biome-BGC model improved the carbon-water flux
simulations (R2 increased by 35%, root mean square error decreased by 10%; the sum of the absolute error
decreased by 8%) but more significantly, improved the water flux simulations (R2 increased by 31%, root mean
square error decreased by 18%; the sum of the absolute error decreased by 16%). Among the different forest
types, the data assimilation techniques (both EnKF and UKF) achieved the best performance towards carbon-water
flux in EBF (R2 increased by 44%, root mean square error decreased by 24%; the sum of the absolute error
decreased by 28%), and the performances of EnKF and UKF showed slightly different when simulating carbon
fluxes.
Conclusion: We suggest that to reduce the uncertainty in global carbon-water flux quantification, forthcoming data
assimilation treatment should consider the vegetation types where the data assimilation experiments are carried
out, the simulated objectives and the assimilation algorithms.
1. Background

Accurate estimation of carbon-water flux is critical for understanding
the feedback between terrestrial ecosystems and the atmosphere, as well
as mitigation and adaptation to climate change (Stocker et al., 2013;
S�andor et al., 2016). Carbon fixed by vegetation through photosynthesis
and water evaporated and transpired from ecosystems are two key
components of the terrestrial carbon and water cycles, respectively (Liu
ang).
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et al., 2018). The accurate estimation of net ecosystem exchanges (NEE)
and evapotranspiration (ET) is essential for assessing terrestrial carbon
and water balances as well as energy exchange.

Observation and model simulation are two complementary tools for
estimating terrestrial carbon (i.e., NEE) and water flux (i.e., ET) (Ito and
Inatomi, 2012; Zhang et al., 2016). Modeling provides continuous
spatial and temporal (both past and future) simulations. However, a
model is just an abstraction and simplification of reality; the optimal
values of model parameters are difficult to determine, and uncertainties
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Abbreviations

LAI leaf area index
MODIS Moderate Resolution Imaging Spectroradiometer
KF Kalman filter
EnKF ensemble Kalman filter
UKF unscented Kalman filter
SEnKF smoothed ensemble Kalman filter
DBF deciduous broad-leaved forest
EBF evergreen broad-leaved forest
GL grassland
NEE net ecosystem exchange
ET evapotranspiration
HF Harvard Forest Environmental Monitoring flux Site
CBS Changbai Mountain flux site

DHS Dinghushan flux site
QYZ Qianyanzhou flux site
DX Dangxiong flux site
HB Haibei flux site
RMSE root mean square error
SAE the sum of the absolute error
OS original model without data assimilation treatment
IS the improved and optimized model without data

assimilation treatment
IEnKF the improved and optimized model with data assimilation

using the EnKF algorithm treatment
IUKF the improved and optimized model with data assimilation

using the UKF algorithm treatment
NPP net primary productivity
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inevitably occur in the simulation process, especially when a model is
applied at a large scale (Renard et al., 2010; Dong et al., 2016). As a
notable example, in the North American Carbon Program Multi-Scale
Synthesis work involving 26 models (both process-based and empir-
ical models) and data from 39 flux tower sites, none of the associated
models was able to predict gross primary productivity estimates within
the observed range of uncertainties (Schaefer et al., 2012). In addition,
despite the progress that has been made in remote sensing models (Mu
et al., 2011; Wu et al., 2011), recent evidence has indicated that
remotely sensed observation products (i.e., MOD16 and 17) may un-
derestimate carbon fluxes in grasslands (Zhu et al., 2018a) and over-
estimate water fluxes in shrublands (Li et al., 2021); these results
suggest that the uncertainties associated with these products vary
among different vegetation types and climate conditions, especially in
arid regions with limited water (Sims et al., 2008). Observations can
provide high-quality and high-precision data; however, in some places
and certain periods, observations are usually of poor quality or even
missing. In addition, the regional-scale acquisition of field observation
data is time-consuming and laborious (Kvamme, 1989). High-quality
and high-precision observations are highly desirable. Such disadvan-
tages of observations and model simulations could generate un-
certainties when using either method alone for carbon-water flux
estimation, especially at the regional scale. Given the rapid develop-
ment of global observation networks such as FLUXNET and
multi-sensor remote sensing observation data and the long-term accu-
mulation of data through research network projects, the ecological
research field has become a data-rich enterprise (Peng et al., 2011). It is
therefore valuable and pressing to integrate models with satellite ob-
servations simultaneously to facilitate more effective studies of carbon
and water cycles in terrestrial ecosystems (Peng et al., 2011; Zhang
et al., 2016).

Data assimilation is the process of incorporating observations over a
period of time into a prediction model to estimate the state of a system,
and it has led to dramatic improvements in estimating and forecasting
techniques (Rawlins et al., 2007; Luo et al., 2011; Peng et al., 2011; Dong
et al., 2016). Modern data assimilation methods combine observations
with models by updating model state variables and optimizing parame-
ters, and/or selecting alternative model structures using optimization
techniques (Luo et al., 2011). One of the most important state variables in
terrestrial carbon and/or water flux models is LAI (Asaadi et al., 2018;
Gilardelli et al., 2019; Hanes et al., 2019). LAI, defined as half the total
green leaf area per unit ground area, can serve as an indicator in the
exchange of energy and mass between the canopy and the atmosphere
(Weiss et al., 2004) and is a critical parameter in many land surface
models. The plant canopy is a locus of physical and biogeochemical
processes in terrestrial ecosystems. Leaves are the point of exchange
between plants and atmospheric CO2 as well as water vapor. An increase
2

in LAI potentially enhances carbon uptake, albeit at the cost of a greater
demand for water (Norby et al., 2003). Many previous studies demon-
strated that the estimation of carbon-water flux could be improved by the
better estimation of the LAI state variable of the model (van den Hurk
et al., 2003; Albergel et al., 2010; Zhang et al., 2016; Post et al., 2018).
For example, Vazifedoust et al. (2009) indicated that the better updating
of the LAI state variable led to better water flux estimations and forecasts
at the regional scale. Albergel et al. (2010) tested a land data assimilation
system and showed that jointly assimilating the LAI positively impacted
the carbon-water flux. An LAI assimilation framework was tested by
Revill et al. (2013), and the results showed that compared with the
simulations conducted without data assimilation, the cumulative NEE
estimations were significantly improved, and the authors suggested that
future developments should include assimilations of model state vari-
ables. Rüdiger et al. (2010) also found that the estimation skill of the
employed land surface model in quantifying carbon-water fluxes be-
tween the vegetation and atmosphere could be greatly increased by
assimilating the LAI. An accurate and efficient optimization of the LAI is
therefore of key importance to use models in carbon-water flux simula-
tions (van den Hurk et al., 2003; Li et al., 2017).

To date, optimization techniques can be classified into batch and
sequential methods. Batch methods, such as the variational or adjoint
method (Vukicevic et al., 2001), Levenburg-Marquardt method (Luo
et al., 2003) andMarkov chain Monte Carlo (MCMC)method (Metropolis
and Ulam, 1949), assimilate all the data within a time interval at once
and treat the cost function as a single function to be minimized over that
window (Luo et al., 2011). One of the most widely used sequential
methods is the Kalman filter (KF) method, which is a recursive data
assimilation algorithm for estimating initial parameters and state vari-
ables of a system at each time using a state-space model from a series of
heterogeneous observations (Kalman, 1960). The extended Kalman filter
(EKF) is a popular method that is applied in the field of geomechanics for
nonlinear state estimation. However, several alternative methods have
emerged over the past several decades, namely, the ensemble Kalman
filter (EnKF) and the unscented Kalman filter (UKF) (Hommels et al.,
2009).

To date, the KF, as an advantageous technique for combining multi-
source data, has been widely used in the estimation of carbon-water flux
in terrestrial ecosystems and has become a frontier of this field (Dong
et al., 2016; Yan et al., 2019; Wu et al., 2020). For example, Williams
et al. (2005) used EnKF algorithms to link observations to carbon models
and noted that the assimilation process reduced the uncertainty of using
data or models alone, and NEE forecasts were statistically unbiased es-
timates in the EBF. Based on combining the EnKF with the kernel
smoothing technique, a smoothed ensemble Kalman filter (SEnKF) was
developed by Chen et al. (2008), and they demonstrated that the SEnKF
could effectively reduce the error of the state variables, thus improving
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the estimation accuracy of the carbon-water flux. Mo et al. (2008)
designed sequential data assimilation with an EnKF to optimize the key
parameters of the productivity model, showing a significant improve-
ment in the simulation of ecosystem productivity. Based on the EnKF
algorithm, Pipunic et al. (2008) assimilated remote sensing data into the
CSIRO Biosphere Model (CBM) to improve the accuracy of the model's
prediction of water and heat fluxes. Remotely sensed LAI data were
assimilated into a biogeochemical model by Zhang et al. (2016) using the
KF algorithms in EBF and DBF. After their treatments, the accuracy of
carbon-water flux simulations was effectively improved. Zhu et al.
(2017) studied the effects of assimilating multiscale soil moisture into
hydrological models using the EnKF and demonstrated that coarse-scale
soil moisture observations could also help identify the parameters and
states of flow models. Yan et al. (2019) assimilated observed soil vari-
ables, including three-layer temperature and moisture data, into the
biogeochemical model (Biome-BGC) by using the EnKF algorithm. Vali-
dation with eddy covariance flux measurements proved that the simu-
lated ecosystem respiration, NEE and ET were improved.

These previous studies have successfully assimilated remotely sensed
observations, such as vegetation indices, reflectance data and fraction of
photosynthetically active radiation (FPAR) values, and ground mea-
surements into the model for state variable updating and for executing
and evaluating the data assimilation performance in specific forest eco-
systems. Despite these advances, updating state variables through the use
of data assimilation should be more tested and explored. Because most of
the previous studies that aim to improve model performance mainly
focus on optimizing static model parameters and structure. Compared
with the static parameters and model structure, the value of model state
variables usually changes as changes occur in the model inputs and as
Fig. 1. Spatial distribution of six flux sites included in this study. Google Earth image
of each site comes from ChinaFLUX (http://www.chinaflux.org/) and AMERIFLUX (
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forward simulations progress. Therefore, in order to update state vari-
ables, a robust dynamic optimization approach that can connect the
model state variables with the observation is essential, but it is also
difficult to achieve. In addition, selecting the appropriate model state
variables to be updated and obtaining high-quality observations from
simulated locations are also challenges. To reduce the uncertainty of
model simulation, both optimization of state variables, model structure
and state variable should be considered. However, to the best of our
knowledge, few studies have accomplished both the optimization of
parameters and the updating of the model state variables (i.e., LAI state
variable) through data assimilation when performing carbon-water flux
estimations (Gove and Hollinger, 2006; Zhang et al., 2016). And very few
have focused on the comparison between different assimilation algo-
rithms and their performance in different vegetation types to provide the
research community with detailed insight for the use of data assimilation
in carbon-water flux estimation.

Here, we present a strategy of data assimilation for simulating carbon-
water flux using an improved process-based biogeochemical model and
the Moderate Resolution Imaging Spectroradiometer (MODIS) LAI
product (MOD15A2) to mitigate uncertainties involved in the model
simulation. Specifically, the EnKF and the UKF algorithms were used to
assimilate remotely sensed LAI data into both the original and the
improved Biome-BGC models at DBF, EBF and GL study sites (Zhang
et al., 2011a, b; see Fig. 1 and Table 1). The objectives of this study were
to evaluate the performance of data assimilation algorithms (EnKF and
UKF) in different vegetation types to provide new insights into the ac-
curate estimation of carbon-water flux estimation by using data
assimilation.
s represent 500 m by 500 m spatial coverage around each site. Landscape picture
https://ameriflux.lbl.gov/).

http://www.chinaflux.org/
https://ameriflux.lbl.gov/


Table 1
Description of flux sites included in this study.

Sites Lat.
(�N)

Lon.
(�E)

Alt.
(m)

Plant
functional
type

Precipitation
(mm)

Annual
average
temperature
(�C)

HF 42.54 ‒72.17 340 DBF 1120 3.5
CBS 42.41 128.10 738 DBF 710 3.6
DHS 23.17 112.53 300 EBF 1960 20.9
QYZ 26.74 115.06 102 EBF 1540 17.9
DX 30.49 91.06 4250 GL 450 1.3
HB 37.62 101.32 3190 GL 540 ‒1.2
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2. Methods

2.1. Study area

We evaluated the performance of the Biome-BGC model with the
framework of data assimilation at 6 flux sites. As shown in Fig. 1 and
Table 1, two DBF sites (Harvard Forest Environmental Monitoring flux
Site, HF; Changbai Mountain flux site, CBS) (Zhang et al., 2006; Urbanski
et al., 2007), two EBF (Dinghushan flux site, DHS; Qianyanzhou flux site,
QYZ) (Wen et al., 2006; Zhang et al., 2006), and two GL sites (Dangxiong
flux site, DX; Haibei flux site, HB) (Fu et al., 2006; Yu et al., 2006) were
selected based on the availability of observed flux and micrometeoro-
logical records in this study.

2.2. Data

We collected eddy covariance measurements including NEE and ET
recorded from 2003 to 2005 at the DHS, QYZ, CBS, HB and HF sites and
two years of records (2004–2005) at the DX site. We also collected
meteorology, latitude, topography, soil, vegetation, and other back-
ground data for these 6 flux sites for modeling input or initialization.
Remotely sensed MODIS LAI (MOD15A2) data were collected from the
DHS, QYZ, CBS, HB and HF sites for 3 years and 2 years at the DX site to
assimilate into the model for carbon and water flux estimation. To alle-
viate the modeling uncertainties caused by the noise of LAI data, quality
control treatments were conducted by using a quality control file.

2.3. Biome-BGC model

The Biome-BGC model (Running and Hunt, 1993), referred to as the
original model in this study, is a biogeochemical process-based model
that was developed from the FOREST-BGC model (Running and Gower,
1991). This model can simulate ecosystem carbon, nitrogen and water
storage and flux in different ecosystems. The ecosystem gross primary
production is calculated using the Farquhar photosynthesis routine
separately for illuminated and shaded foliage (Farquhar et al., 1980).
Autotrophic respiration is divided into growth respiration as a function of
carbon, allocated to different plant compartments, and maintenance
respiration, which is calculated proportional to the nitrogen content of
the living tissue and adjusted for temperature (Farquhar et al., 1980).
More detailed descriptions of the Biome-BGC model have been presented
by Running and Hunt (1993). The Biome-BGC model is driven by three
types of parameters: (1) the initialization information for the simulation
site, including latitude, longitude, altitude, soil depth, soil particle
composition, interannual atmospheric CO2 concentration change, and
vegetation type; (2) daily meteorological data, including maximum
temperature, minimum temperature, average temperature, daily pre-
cipitation, daily vapor pressure deficit, and daily solar radiation; and (3)
44 physiological and ecological parameters.

2.3.1. Improvement of the Biome-BGC model
The improved Biome-BGC model used in this study was optimized

and improved by Zhang et al. (2011a, b). Specifically, based on observed
4

flux data and a simulated annealing algorithm, the major physiological
and ecological parameters of the Biome-BGC model were optimized.
More details about the optimization process are available in the literature
(Zhang et al., 2011b). Due to the inadequate soil water balance module
involved in the Biome-BGC model, the simulation processes of stomatal
conductance under soil water stress, ET and soil water loss processes have
been improved. More details about these improvements were presented
by Zhang et al. (2011a). The value of major parameters used in
Biome-BBGCmodel in this study is presented in Table S1 (Supplementary
Materials).

2.4. Data assimilation algorithm

2.4.1. Unscented Kalman filter
The UKF algorithm is an extension of the traditional KF. The UKF is a

recursive Bayesian estimation method based on unscented trans-
formation (UT) and approximates the posterior probability density with a
set of determined sample points to recurse and update the state and error
covariance of the nonlinear model (Julier and Uhlmann, 1996; Wan and
van Der Merwe, 2000). The UKF uses deterministic sampling to
approximate the state distribution as Gaussian random variables. The
sigma point was chosen and propagated through nonlinear systems to
capture the true mean and covariance of the state distribution. These
points are substituted into the nonlinear function to obtain the corre-
sponding point set containing the nonlinear function values. Then, based
on the observations, the positions of the sample points are adjusted to
construct the sample. The mean and variance of the sample approximate
the mean and variance, respectively, of the actual distribution with
quadratic precision. The posterior mean and covariance were then
calculated from the propagated sigma points. These calculations can be
summarized in five steps: (1) giving the original value of the basic state
variable; (2) extending the state algorithm to reduce noise; (3) calcu-
lating the sigma sampling point; (4) performing the backward propaga-
tion of sigma points; and (5) updating the observation information and
calculating the predicted value and its variance. When the system obtains
the new observed value, the algorithm enters a new filtering process.
More detailed descriptions can be found in Text S1 (Supplementary
Materials) and the literature by Wan et al. (2001).

2.4.2. Ensemble Kalman filter
The EnKF is a sequential data assimilation algorithm that was pro-

posed by Evensen (1994). To date, the EnKF, used mainly to forecast the
error covariance of a model, is based on the Monte Carlo method
(Evensen, 2003). The EnKF can sequentially assimilate multisource ob-
servations on the basis of the assumptions that system and measurement
noises are both based on white and Gaussian distributions (Houtekamer
and Mitchell, 2005; Yan et al., 2019). The key point of the EnKF is to
generate an observation set at each update time by introducing noise.
The mean of the noise distribution is zero, and the covariance is equal to
the observation error covariance matrix. Otherwise, the updated
ensemble will have a very low covariance. More detailed descriptions of
the EnKF are presented by Text S2 (Supplementary Materials) and the
literature by Evensen (1994) and Burgers et al. (1998).

2.5. Connection of assimilation algorithm with Biome-BGC model

The Biome-BGC model, as a process-based model, was developed
based on the physiological mechanism. The processes involved in this
model are closely linked and interact with each other; for instance,
changes in photosynthesis and respiration affect the subsequent carbon
allocation process. Therefore, the benefits from state variable updates in
one process can be propagated throughout the simulation. The LAI is
among the most critical state variables in the Biome-BGC model and is
associated with model simulations of important physiological and
ecological processes (e.g., photosynthesis, respiration, and evapotrans-
piration). For example, in the Biome-BGC model, the LAI is an important
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variable considered in the calculations of net primary productivity (NPP)
and canopy transpiration; this variable can thus significantly affect the
carbon-water flux simulations (Running and Hunt, 1993). In our assim-
ilation scheme (Fig. 2), the satellite observed LAI data were assimilated
into the Biome-BGC model to update the modeled leaf carbon state
variable (C, unit kg C⋅m�2). The updated state variables are then used to
simulate various ecological processes and ultimately affect the resulting
carbon-water flux simulations. In the Biome-BGC model, the LAI is
calculated by multiplying the specific leaf area (SLA, unit m2⋅kg�1 C) by
the leaf carbon state variable (C, unit kg C⋅m�2) as follows:

LAI¼C � SLA (1)

The complex ecosystem processes of carbon circulation and trans-
formation are represented by the Biome-BGC model as the simulation of
changes in leaf carbon (Running and Hunt, 1993). The amount of leaf
carbon on that day ( Ct) is the sum of the amount of leaf carbon on the
previous day ( Ct�1) and the current changes in leaf carbon (△C):

Ct ¼Ct�1 þ △Ct (2)

The calculation process of Ct includes the complex material migra-
tion and conversion processes within the ecosystem simulated by the
Biome-BGC model, such as the amount of photosynthetic assimilation of
organic matter in leaf tissue distribution and leaf tissue respiratory car-
bon consumption (Running and Hunt, 1993). Therefore, the dynamics of
the state variable Ct can be represented in our data assimilation scheme
as follows:

Ct ¼Ct�1 þ BGCð△CtÞ (3)

where BGC represents the dynamic function of △Ct in the Biome-BGC
model.

In our data assimilation scheme, Ct is the state variable that is used in
the assimilation process, and the observations to be assimilated are the
MOD15A2 LAI data (which can be converted into Ct by Eq. (1)). During
the actual data assimilation process, we convert the LAI observation
representing time t to a Ct value of the corresponding time. Therefore, the
measurement operator represents to be a 1� 1 identity matrix, and the
model and observation error covariance matrix should be the model and
observation error variance (Evensen, 1994; Burgers et al., 1998; Bouttier
and Courtier, 2002). The updated state variable at time t (CtðupÞ) can be
Fig. 2. Overall methodological flowchart for the mo
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calculated using Eq. (4), where DA represents the data assimilation al-
gorithms and is a function of observation (CtðobÞ) and modeled state
variable (CtðmoÞ).

CtðupÞ ¼DAðCtðobÞ ;CtðmoÞ Þ (4)

The simulated state variable is then updated and used in the subse-
quent simulations.

CtðmoÞ ¼ CtðupÞ (5)

In our data assimilation scheme, the key process is to determine the
corresponding model and observation errors, but this is also a difficult
process. We first determined the errors of the modeled and observed LAI
by referencing the methods reported by Fang et al. (2012) and Tian et al.
(2002) by executing repeated data assimilation tests. The error of the C
state variable was then reconverted to meet the requirements of the data
assimilation process. In addition, the model background errors of the LAI
were determined by comparing the measured data and the model
simulation LAI results. The error of satellite observed LAI takes the same
value, but the observation error of C converted from the LAI at the two
flux points is different, and the model background error is also different.
The Biome-BGC model is a daily time-step model, and the LAI product
used in our assimilation scheme is an 8-day product. Therefore, the
model assimilation windowwas 8 days, and the ensemble numbers of the
EnKF were set to 200. More detailed parameter settings are shown in
Table 2 and Table S1 (Supplementary Materials).

2.6. Evaluation of simulation framework

To analyze the performance of our simulation framework, we
executed the following treatment: OS, original model (Running and
Hunt, 1993) without data assimilation; IS, the improved model (Zhang
et al., 2011a, b) without data assimilation; IEnKF, the improved model
with data assimilation using the EnKF algorithm; and IUKF, the improved
model with data assimilation using the UKF algorithm.

We calculated R2, root mean square error (RMSE), and the sum of the
absolute error (SAE) between the modeling results and the observed
carbon-water flux records to evaluate the accuracy of the simulation
framework. The RMSE and SAE calculations are as follows:
del data assimilation scheme used in this study.



Table 2
The error variance settings of the model and observations at three vegetation
type sites.

Forest
function
type

SLA
(m2∙kg�1

C)

Error
variance
of model
LAI

Error
variance
of model
Leaf.C

Error
variance of
observation
LAI

Error
variance of
observation
Leaf.C

DBF 30 1.44 0.0016 2.25 0.0025
EBF 12 1.44 0.01 2.25 0.016
GL 22.56 1.44 0.02 2.25 0.04
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1 X365
j

uuuu

RMSE¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

365 i¼1

Modeli�
Observationsij2

v

uut (6)

SAE ¼
X365
i¼1

jModeli � Observationsij (7)

where i represents the day of the year, and Model and Observations are
the modeling results and the observed records from the flux site,
respectively.

3. Results

Three years (2003–2005) of observed LAI from the HF, CBS, DHS, QY,
Fig. 3. Comparison of simulated LAI under each treatment and satellite observed LA
2003; (d) QY station in 2003. (e) DX station in 2004; (f) HB station in 2003.

6

and HB sites and two years (2004–2005) of observed LAI from the DX site
were assimilated into the Biome-BGC model. Although the performance
of each assimilation treatment and its performance varied in different
forest types. Overall, data assimilation discernably improved carbon-
water flux estimations, showing improved matching between simulated
carbon-water flux with observations over the simulated years. Here, the
modeling results and observations from the first year of each site were
used to evaluate the performance of the model under each treatment. The
modeling results and evaluation results of the other years for each site are
presented in Table S2.
3.1. Evaluating modeled LAI under each treatment with observed LAI

There was no significant difference in the annual trend between the
observed LAI and the modeled LAI from each treatment, and it showed a
tendency to first increase and then decrease during the growing season in
DBF and GL (Figs. 3 and 4). In DBF (Fig. 3a and b), the modeled LAI from
the model without improvement and the assimilation algorithms (OS
LAI) wasmuch lower than the LAI observation, especially during themid-
growing season (such as June, July, and August). The data assimilation
treatments (both IEnKF and IUKF) significantly decreased RMSE and SAE
and increased R2 compared to those obtained under the OS and IS
treatments (see Fig. 4a and b). In EBF (Fig. 3c and d), the modeled LAI
from each treatment showed a relatively stable trend. As determined in
the comparison of the OS and IS LAI, due to the assimilation algorithm,
the trends of the IEnKF and IUKF LAI trends showed a jagged shape,
I in each site. (a) HF station in 2003; (b) CBS station in 2003; (c) DHS station in
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showing fluctuations along with the LAI observations with lower RMSE
and SAE and higher R2 (Fig. 4c and d). Similarly, data assimilation
treatment improved the LAI estimation in GL showing closer trends for
modeled LAI to the observations than OS and IS treatment (Fig. 3e and f
and Fig. 4e and f). Overall, in the three vegetation types, due to the
assimilation of the LAI observations, the LAIs simulated by EnKF and UKF
were closer to the LAI observations. However, data assimilation is not
just to close the observation, and it retains the dynamic change trend of
the original simulated LAI.

3.2. Evaluating modeled carbon-water flux under each treatment with
observations

Overall, assimilation algorithms discernably improved model per-
formance toward ET and NEE (Figs. 5 and 6). In DBF, the simulated ET
values from OS and IS were much higher than the observations. After
data assimilation, although the simulated ET value was still higher than
the observed value overall, it was closer to the actual observed value than
was the OS (Fig. 5a and b). Comparedwith the OS treatment, the RMSE of
the simulated ET from the IEnKF and IUKF treatments decreased by 13%
and 15%, respectively, the SAE decreased by 11% and 13% (Fig. 7a), and
the R2 increased by 6% and 15%, respectively (see Fig. 8). Compared
with the IS treatment, the RMSE obtained for the simulated ET under the
IEnKF and IUKF treatments decreased by 11% and 13%, respectively, the
Fig. 4. The performance of each treatment for LAI state variable updating in each site
station in 2003. (e) DX station in 2004; (f) HB station in 2003. RMSE: root mean sq
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SAE decreased by 8% and 10%, respectively (Fig. 7c), and the R2

remained almost unchanged (see Fig. 8). For the carbon flux (Fig. 6a and
b) in DBF, compared to the OS treatment, the RMSE of the simulated NEE
from the IEnKF and IUKF treatments decreased by 25% and 21%,
respectively, the SAE decreased by 21% and 11% (Fig. 7b), respectively,
and the R2 increased 14% and 14%, respectively (see Fig. 9). Compared
to the IS treatment, the RMSE obtained under the IEnKF and IUKF
treatments decreased by 13% and 7%, respectively, the SAE decreased by
12% and 1%, respectively (Fig. 7d), and the R2 increased by 18% and
18%, respectively (see Fig. 9).

Similar to DBF, simulated carbon-water flux from data assimilation
treatment (IEnKF and IUKF) in EBF was closer to the observations than
the OS and IS treatment (Fig. 5c and d; Fig. 6c and d). As Fig. 7a shows,
compared with OS treatment, for ET estimation, the RMSE of the simu-
lated ET from the IEnKF and IUKF treatments decreased by 25% and
24%, respectively, the SAE decreased by 25% and 24%, respectively, and
the R2 increased by 38% and 54% (Fig. 8), respectively. In comparison
with the IS treatment, the RMSE of IEnKF and IUKF decreased by 17%
and 16%, respectively, the SAE decreased by 16% and 15%, respectively
(Fig. 7c), and the R2 increased by 18% and 32%, respectively (Fig. 8). For
the carbon flux, in comparison to the OS treatment, the RMSE of the
simulated NEE from the IEnKF and IUKF treatments decreased by 21%
and 26%, respectively, the SAE decreased by 24% and 39%, respectively
(see Fig. 7b), and the R2 increased by 50% and 33% (Fig. 9), respectively.
. (a) HF station in 2003; (b) CBS station in 2003; (c) DHS station in 2003; (d) QY
uare error; SAE: the sum of the absolute error.



Fig. 5. Simulated ET (mm H2O⋅d�1) under each treatment and observed ET in each site. (a) HF station in 2003; (b) CBS station in 2003; (c) DHS station in 2003; (d)
QY station in 2003; (e) DX station in 2004; (f) HB station in 2003.
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Compared to the IS treatment, the IEnKF and IUKF simulations also
achieved better performances (Fig. 7d), showing decreased in RMSE (by
13% and 19%, respectively), and SAE (by 10% and 25%, respectively)
and increased R2 (by 29% and 14%, respectively).

For the GL vegetation type, the IENKF and IUKF treatments performed
better than both the OS and IS treatments when simulating the water flux
but did not perform as well when simulating the carbon flux (Fig. 5e and f;
Fig. 6e and f). Comparedwith the OS treatment, the RMSE of the simulated
ET from the IEnKF and IUKF treatments decreased by 20% and 13%,
respectively, the SAE decreased by 9% and 10%, respectively, and the R2

increased by 50% and 48%, respectively (see Figs. 7a and 8). Compared
with IS treatment, the RMSE for IEnKF and IUKF decreased by 21% and
8

14%, respectively, and SAE for IEnKF and IUKF decreased by 9% and 10%,
respectively (Fig. 7c); the R2 of IEnKF and IUKF treatments increased by
53% and 51% (Fig. 8), respectively. However, compared with the OS
treatment, the simulated NEE from the data assimilation treatment had
lower accuracy, showing 80% and 6% increases in the RMSE, and 80% and
15% increases in the SAE, respectively (see Fig. 7b). As determined
through a comparison with the IS treatment outputs, the NEE estimation
was not improved under the IEnKF treatment; both the RMSE and SAE
values increased by approximately 60% (Fig. 7d). However, the IUKF
treatment performed better than the IEnKF treatment, showing decreased
RMSE and SAE by 11% and 6% (Fig. 7d), respectively, and an increased R2

value by over 54% (Fig. 9).



Fig. 6. Simulated NEE (g C⋅m�2⋅d�1) under each treatment and observed NEE in each site. (a) HF station in 2003; (b) CBS station in 2003; (c) DHS station in 2003; (d)
QY station in 2003; (e) DX station in 2004; (f) HB station in 2003.
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3.3. Evaluating the performance of the IEnKF and IUKF treatments

Although overall, the data assimilation scheme greatly improved the
simulation accuracy of the carbon-water flux, the performance of the
IEnKF and IUKF treatments in the different vegetation types as well as in
simulating carbon-water flux simulations was different (Figs. 5–7). In
DBF, the IUKF treatment performed better than the IEnKF in water flux
simulation. However, the carbon flux simulation from the IEnKF treat-
ment was closer to the observation. In EBF, these two assimilation
treatments had similar performance in water flux simulation, but the
IEnKF treatment made the carbon flux simulation closer to the observa-
tion. Different from DBF and EBF, although the IUKF and IEnKF treat-
ments improved the water flux simulation, they increased the error in the
carbon flux simulation.
9

4. Discussion

4.1. LAI state variable updating

Most uncertainties in carbon-water flux modeling are introduced by
the model architecture and model parameters (e.g., input parameters,
state variables), resulting in biased modeling results (Huang et al., 2015).
The LAI influences many biological and physical processes of vegetation,
such as photosynthesis, respiration, transpiration, and light and rain
interception, and thus plays an important role in the water, carbon and
energy cycles of terrestrial ecosystems (Asrar et al., 1984; Chen and
Cihlar, 1996; Zhu et al., 2018b). Modeling carbon-water flux without
considering real variations in the LAI over time may induce uncertainties
in the modeling results (Houborg et al., 2015). The importance of LAI



Fig. 7. The performance of the IES and IUKF treatment for carbon-water flux simulation compared to the OS treatment (a and b) and IS treatment (c and d) in DBF,
EBF and GL. a: compared to the OS treatment for ET simulation; b: compared to the OS treatment for NEE simulation; c: compared to the IS treatment for ET
simulation; d: compared to the IS treatment for NEE simulation. DBF: deciduous broad-leaved forest; EBF: evergreen broad-leaved forest; GL: grassland. Slight blue
background represents the comparison of ET simulation and gray background represents the comparison of NEE simulation. (For interpretation of the references to
colour in this figure legend, the reader is referred to the Web version of this article.)
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updating in carbon-water flux simulation has been highlighted by
numerous previous studies.

In this study, satellite observed LAI data were used to improve the LAI
state variable updating through the use of data assimilation (both EnKF
and UKF). The results showed that the estimated LAI from the IEnKF and
IUKF treatments were closer to the observations than those estimated
under the OS and IS treatments were. In DBF, the original model
significantly underestimated the LAI, while in EBF, it overestimated the
LAI. Interestingly, in GL, the estimated LAI from the original model
varied by study site, showing underestimation at the DX site and over-
estimation at the HB site (Fig. 3). Although the estimated LAI from the IS
treatment showed higher accuracy than the OS treatment did, the vari-
ations in the LAI over time were not well captured by either treatment.
After data assimilation, the estimated LAI showed a jagged appearance
that was accompanied by jumping, showing higher consistency with the
fluctuations of the observed LAI. A more accurate estimation of the LAI
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state variable due to data assimilation corrections triggers a more robust
representation of some physiological processes, such as respiration and
photosynthetic activity, eventually leading to improvements in carbon-
water flux estimations. Despite such advantages involved in the assimi-
lation of observed LAI for carbon-water flux simulations, a proper un-
derstanding of the uncertainties associated with remotely sensed LAI
observations is critical (Kala et al., 2014; Liu et al., 2018). As they
represent modeling results, the MODIS LAI products used in this study
inevitably have uncertainties (Tian et al., 2002). Such uncertainties can
be generated from utilized retrieval algorithms, the presence of snow or
clouds, or through atmospheric effects (van den Hurk et al., 2003).
However, during the past two decades, the performance of the MODIS
algorithm has been extensively tested and further optimized (Myneni
et al., 2002; Yang et al., 2006). MODIS LAI products have been widely
used in various fields since they were first publicly released in the 2000s
(Yan et al., 2021). Given the wide application of MODIS LAI products in



Fig. 8. Comparison of simulated ET (mm H2O⋅d�1) and observed ET (mm H2O⋅d�1) under each treatment in each vegetation type. DBF: deciduous broad-leaved forest;
EBF: evergreen broad-leaved forest; GL: grassland. OS ET, IS ET, IEnKF ET and IUKF ET represent simulated ET from OS, IS, IEnKF and IUKF treatment, respectively.
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various research fields and the quality control treatment in our study, we
are confident in the results obtained from the LAI assimilation treatments
conducted herein.

4.2. The impact of data assimilation on carbon-water flux simulation

After data assimilation, the model performed differently in each forest
type. In summary, data assimilation improved the ET simulation more
significantly than the NEE simulation (Fig. 7). Generally, the assimilation
of the LAI-simulated daily NEE matched the magnitude of the observed
values more closely than the OS and IS treatments did. The original and
improved models significantly underestimated NEE, especially during
the vegetation growth season. In DBF and EBF, after data assimilation,
the overall representation of the simulated NEE was improved, indicating
that a more accurate estimated LAI state variable was an efficient way to
better simulate carbon NEE. The LAI state variable was reasonably con-
strained by observations through assimilation during simulation to yield
results that approximate reality as closely as possible. These findings
were similar to those reported in many previous studies (e.g. Williams
et al., 2005; Revill et al., 2013; Zhang et al., 2016). However, in GL, data
assimilation enhanced the deviation between the simulated NEE and the
observations. The original and improved models underestimated NEE,
and although the IEnKF and IUKF treatments increased the simulated
NEE (except for the IEnKF treatment at the HB site, see Fig. 7), the
simulated values were higher than the observed values, which may have
resulted from several aspects. First, state-of-the-art biogeochemical
models are known to be impacted by several aspects, resulting in un-
certainties in carbon flux simulation, especially in GL ecosystems
(Stocker et al., 2013; S�andor et al., 2016). This result is partly because the
functioning of GL ecosystems is highly dependent on hydrology and soil
processes (Nagy et al., 2010); therefore, the simulations are highly sen-
sitive to errors in any of the governing environmental factors and
11
disturbances (Hidy et al., 2012). In addition, according to the climate
observations, during the time period when the simulated NEE deviates
most from the observed value, the rainfall, daily mean maximum tem-
perature, and vapor pressure deficit all correspond to the extreme values
of the simulated year. To alleviate the uncertainties involved in carbon
flux simulation, further improvements, such as model parameter and
model structure optimization, need to be made to model carbon dy-
namics in GL ecosystems (S�andor et al., 2016).

The OS and IS treatments at five out of six sites overestimated ET.
After data assimilation, the simulated daily ET matched the magnitude of
the observed values more closely than the OS and IS treatments did.
Similarly, a more accurate estimated LAI state variable resulting from
data assimilation efficiently improved ET simulations. Similarly, Albergel
et al. (2010) indicated that the joint assimilation of the LAI had a great
impact on the water flux simulation. Pan et al. (2008) and Qin et al.
(2008) applied data assimilation and a model to assimilate observations
and showed that this process improved the efficiency of ET simulation. In
DBF and EBF, Zhang et al. (2016) assimilated remotely sensed LAI into a
biogeochemical model and found that data assimilation significantly
improved ET simulation. Such studies could support the findings of our
research. However, other studies have also shown that data assimilation
in water flux estimation should be further investigated. For example, Xie
and Zhang (2010) suggested that more efforts must be made to overcome
the bottleneck involved in model parameters when constructing data
assimilation relationships.

4.3. The variation of the performance of data assimilation in different
forest types

In the EnKF, an ensemble of possible state vectors, which are
randomly generated using a Monte Carlo approach, represents the sta-
tistical properties of the state vector. The algorithm does not require a



Fig. 9. Comparison of simulated NEE (g C⋅m�2⋅d�1) and observed NEE (g C⋅m�2⋅d�1) under each treatment in each vegetation type. DBF: deciduous broad-leaved
forest; EBF: evergreen broad-leaved forest; GL: grassland. OS NEE, IS NEE, IEnKF NEE and IUKF NEE represent simulated NEE from OS, IS, IEnKF and IUKF treat-
ment, respectively.
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tangent linear model. For the UKF, instead of linearizing the functions as
is done in the EnKF, the UT uses a set of points and propagates these
points through the actual nonlinear function (Hommels et al., 2009).
These differences led to slight differences in the performance of the EnKF
and UKF in estimating the carbon-water flux for each forest type. For
example, for ET simulation, the EnKF performed better than the UKF in
EBF and GL, while the UKF was better in DBF (Fig. 7). The IUKF achieved
better performance for NEE simulation in EBF and GL but had lower
accuracy in DBF (Fig. 7). Neither approach showed universal superiority
for carbon-water flux simulations. Due to its easy implementation,
computational efficiency and optimum performance, the EnKF is widely
used in data assimilation for carbon-water flux simulations (Ines et al.,
2013). Compared with the EnKF, the UKF has received less attention in
the research community. To some extent, our results enriched the
application of the UKF in assimilating the LAI to simulate water-carbon
fluxes and proved that the UKF could also be an efficient way to
improve carbon-water flux simulations. The performance of data assim-
ilation (both EnKF and UKF) in different vegetation types showed great
differences. Specifically, data assimilation achieved the best performance
in EBF for ET and NEE simulations (Fig. 7). Several reasons may have
contributed to these results. First, evergreen trees, such as evergreen
conifer trees, have developed a unique leaf regeneration form in which
needles are usually retained for more than a year. Therefore, only a small
number of needles are shed each year, resulting in the limited seasonality
of EBF vegetation (Wang et al., 2019). The satellite observed EBF LAI
values used for the data assimilation in this study are, therefore, more
likely to be stable and involve fewer uncertainties throughout the year
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than the data obtained for other vegetation types. In addition, the per-
formance of the Biome-BGC model varies slightly among different
vegetation types owing to different climate conditions and uncertainties
in the model structure. For instance, Zhang et al. (2016) indicated that
the uncertainties in the soil-water balance submodule of the Biome-BGC
model may be negligible because precipitation at the simulated site was
abundant and the soil moisture content was high. This higher stability
and fewer uncertainties associated with the observed LAI data and model
may have led to better EBF carbon-water flux simulations compared to
the simulations obtained for other vegetation types. In DBF and GL, data
assimilation showed similar performance in simulating ET (Fig. 7).
However, there were negative impacts on NEE simulation in GL using the
data assimilation technique. The high sensitivity of GL ecosystems to
errors in any of the governing environmental factors and disturbances
may contribute to this result (Hidy et al., 2012). Although the data
assimilation performances were different among different vegetation
types, overall, the improvement was significant. Considering that recent
evidence has revealed that terrestrial carbon-water flux estimations
remain uncertain (Zhu et al., 2018a; McCabe et al., 2019; Ryu et al.,
2019; Li et al., 2021), our results provide new insights that could improve
the quantification of carbon-water fluxes.

5. Conclusions

In this study, we used the Biome-BGCmodel to simulate carbon-water
flux by incorporating assimilated remotely sensed LAI data derived from
MODIS using the EnKF and UKF algorithms in DBF, EBF and GL. With the



Q. Liu et al. Forest Ecosystems 9 (2022) 100013
assimilation of the MODIS LAI, the carbon-water flux simulation
improved. The best carbon-water flux simulation results were obtained in
EBF, and the EnKF and UKF achieved similar performance in this forest
type, demonstrating the significant superiority of applying data assimi-
lation in EBF. The assimilation of the LAI improved the water flux
simulation more significantly than the carbon flux simulation. These
results revealed that the improved updating of the LAI state variable
during the simulation process by data assimilation could remarkably
improve carbon-water flux simulations. Although both the EnKF and UKF
improved carbon-water flux estimation, the performances of EnKF and
UKF showed slight differences at each study site, suggesting that forth-
coming global carbon-water flux estimation based on data assimilation
should consider the vegetation types where the data assimilation ex-
periments are carried out, the simulated objectives and the assimilation
algorithms. Our results highlight that terrestrial carbon-water flux esti-
mation can be improved through data assimilation techniques and can
provide an opportunity to lead to a better understanding of the terrestrial
carbon and water cycles.
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