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Abstract Leaf area index (LAI) is an important vegetation indicator widely used for simulating
vegetation dynamics and quantifying biomass production. Spatial and temporal variability of LAI are
often characterized using satellite remote sensing products. However, these types of satellite products often
have relatively low quality when compared to in situ measurements. This work presents an approach for
characterizing Moderate Resolution Imaging Spectroradiometer LAI observation errors in a Bayesian
ecohydrological modeling framework using Moderate Resolution Imaging Spectroradiometer quality flags
data. We introduce a novel ecohydrologic error model, which partitions observation and model residual
error according to the estimated retrieval uncertainty of LAI and the quality flags for each pixel. We examine
our approach in two study catchments in Australia with varying degrees of good and poor quality satellite
LAI data. Results show improved LAI predictions and less model residual error for both catchments when
accounting for satellite observational uncertainties in a Bayesian framework.

1. Introduction

Modeling and incorporating ecosystem dynamics with water cycle processes in catchments has become an
important topic among Earth system scientists in recent years. Ecohydrological models such as SWAT
(Arnold et al., 1998, 1993), SWIM (Krysanova et al., 1998, 2000), RHESSys (Band et al., 1993; Tague &
Band, 2004), and Tethys‐Chloris (Fatichi et al., 2012) are widely used for simulating hydrological and ecolo-
gical processes where water and vegetation dynamics are integrated. Conceptual ecohydrological models
such as those formulated by (Istanbulluoglu et al., 2012; Viola et al., 2014) are also widely used due to their
parsimonious model structures and computational efficiency which makes model calibration, optimization,
and uncertainty analysis possible. A less used strategy for calibration of suchmodels is the utilization of wide
array of available remotely sensed ecohydrological measurements. Such observations can provide useful
information about vegetation processes such as biomass production and evapotranspiration by providing
real‐time and historical measurements of leaf area index (LAI) and evapotranspiration (ET).

LAI is used for describing vegetation coverage and quantifying water and energy consumptions in green bio-
mass. As such, LAI plays an essential role in ecohydrological modeling. LAI observations can be derived
from remotely sensed satellite instruments such as Moderate Resolution Imaging Spectroradiometer
(MODIS), Advanced Very High Resolution Radiometer (AVHRR), and the optical sensor aboard SPOT4
and SPOT5 satellites (SPOT VEGETATION). Algorithms that have been developed for deriving LAI data
from reflectance data include the MODIS LAI/FPAR algorithm (Myneni et al., 2002) which is based on
look‐up tables (LUTs) derived from three‐dimensional radiative transfer models (Knyazikhin et al., 1998)
and the Carbon cYcle and Change in Land Observational Products from an Ensemble of Satellites
(CYCLOPES; Baret et al., 2007) which is based on a neural network using the one‐dimensional SAIL radia-
tive transfer model (Verhoef, 1984).

Compared with ground‐based LAI observations, remotely sensed LAI data have a wide coverage, but the
accuracy of LAI estimates is relatively low (Garrigues et al., 2008). The large uncertainty arises from coarse
temporal and spatial resolutions, meteorological effects such as clouds, inappropriate parameterization of
algorithms from which the LAI is derived, and incorrect land cover classification (De Kauwe et al., 2011).
However, field measurements of LAI are limited (Hill et al., 2006), meaning that appropriate use of
satellite‐derived LAI is particularly appealing for ecohydrologic modeling at catchment scale. Several
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recent studies have been done to improve remotely sensed LAI estimates (Gonsamo & Chen, 2014;
Kandasamy et al., 2013). Although satellite‐derived LAI data have large uncertainty, their application in eco-
hydrological modeling is still informative (Ruiz‐Pérez et al., 2016). Recent studies show application of remo-
tely sensed LAI products in multiobjective calibration of ecohydrologic models and improving streamflow
predictions (Naseem et al., 2015; Tang et al., 2018, 2019). However, the error description of LAI has not been
defined and incorporated into these modeling applications.

Bayesian inference provides a framework to combine available prior information on the model and the data
to quantify model uncertainties via probability distributions. Bayesian inference has become one of the most
popular tools for model inference in hydrological studies (Bates & Campbell, 2001; Beven et al., 2008;
Jeremiah et al., 2011; Marshall et al., 2004, 2006; Tang et al., 2016) and environmental studies (Minet
et al., 2015; Sikorska et al., 2015). Bayesian approaches require the specification of a likelihood function that
probabilistically characterizes the residual model errors. This allows explicit quantification of the model
structural and observational errors (Thyer et al., 2009), leading to improved uncertainty estimates of hydro-
logic predictions. The potential of using Bayesian approaches in ecohydrological modeling is evident given
the known uncertainties in ecohydrologic data, especially for remotely sensed data.

In this study, we propose a Bayesian approach to specifying uncertainty in conceptual ecohydrological
model predictions by explicitly accounting for satellite observation errors. We calibrate the ecohydrologic
model with MODIS LAI observations while specifying observation errors based on MODIS quality informa-
tion data provided for MODIS MOD15A2 products. Specifically, MODIS standard deviation and data quality
flags are used to define the amount of error in MODIS LAI observations. Our goal is to use the available
information from the satellite data product to quantify the amount of observation error, and develop a more
generalized error model for ecohydrologic model specification. We test our methods across multiple catch-
ments where physical state variables such as LAI may not be measured due to spatial extent of an area and
available observations are limited.

2. Methodology

We introduce a Bayesian framework for a conceptual ecohydrological model that simulates LAI and stream-
flow. Previous studies have demonstrated how Bayesian inference can be used to derive informed uncer-
tainty estimates for hydrologic models by incorporating information on known stage‐discharge errors
(Thyer et al., 2009). The information provided on satellite LAI errors (e.g., MODIS products) suggests that
an analogous approach can be developed for ecohydrologic models, capitalizing on the known quality level
of observations at any time step, as well as the standard deviation of certain observations. This information
provides motivation for this study. The focus of this analysis is then on the impact of including LAI observa-
tion error on predicted LAI in a single objective calibration of the model. Expressions of LAI uncertainty are
defined based on MODIS products considering both data quality and standard deviation information. Then
simulations that include LAI observation errors are compared with the benchmark simulation that does not
incorporate observation error. We compare the calibrated error model and confidence limits of predicted
LAI to evaluate the potential benefit of characterizing dynamic error model for ecohydrologic systems.

2.1. Model

An integrated conceptual ecohydrological model that combines a HYdrological MODel (HYMOD; Boyle,
2001; Wagener et al., 2001) and a conceptual bucket grassland model (BGM; Istanbulluoglu et al., 2012) is
used. While the BGM model is initially develop to simulate grassland dynamics, its parameterization can
be modified to simulate tree cover dynamics (Zhou et al., 2013). A graphical description of the model can
be found in Figure 1. The model is a two‐way coupled model which incorporates feedback between hydro-
logic and ecologic processes via modeling dynamic interrelationships between evapotranspiration and bio-
mass production. Model inputs are daily precipitation and potential evapotranspiration. Model outputs
are streamflow and leaf area index. Details of the model equations and parameters can be found in Tang
et al. (2018). Seven model parameters are being calibrated (see Figure 1). In this work, we focus on the simu-
lation of vegetation, although this model includes parameters for calibrating both streamflow and leaf
area index.

10.1029/2019WR025055Water Resources Research

TANG ET AL. 4534



2.2. Catchments and Data

Two catchments from hydrologic Reference Stations in Australia (HRS, Australian Bureau Meteorology) are
selected for ecohydrologic simulation: Bloomfield River at China Camp (108003A) in Daintree Basin,
Queensland, Australia and Currambene Creek at Falls Creek (216004) in Clyde River‐Jervis Bay Basin,
New South Wales, Australia (Figure 2). These catchments have not been impacted by human activities such
as dam constructions and urbanizations. There are several reasons for selecting these catchments: (1) these
catchments are located in areas with different hydroclimatic characteristics (Table 1); (2) the China Camp
catchment exhibits stationary hydrologic response while the Falls Creek catchment is nonstationary due
to significant trends in annual runoff ratio (Ajami et al., 2017); (3) both of these catchments are mostly cov-
ered by forest but the magnitudes of catchment‐averaged LAI are different between these catchments. The
ranges of LAI values are 0.94–5.8 and 0.51–4.2 for China Camp and Falls Creek catchments, respectively;
and (4) LAI error distributions based on MODIS LAI quality flags are different as Falls Creek catchment
hasmore pixels with good quality data than the China Camp catchment (average percentages of good quality
pixels per observation time step (every eight days) are 89% and 69%, respectively). Catchment properties are
compared in Table 1.

Data sets from 2001 to 2010 are selected for model calibration. Daily gridded Precipitation and PET data are
from Australian Water Availability Project, daily streamflow data are obtained from HRS database
(Australian Bureau Meteorology), and eight‐day LAI data with 1‐km resolution are downloaded from
MODIS (Moderate Resolution Imaging Spectroradiometer) database for Australia (MOD15A2.005;http://
data.auscover.org.au/geonetwork/srv/eng/main.home?uuid=e9804ceb‐ce99‐4ffc‐99ba‐374b2d1f471b). The
LAI data for each pixel inside the catchments are filtered using the Svitzky‐Golay method via the
TIMESAT software (Jonsson & Eklundh, 2002, 2004). Catchment‐averaged MODIS LAI values are used in
calibrations where simulated eight‐day green LAI is compared with eight‐day MODIS LAI.

2.3. Output (LAI) Uncertainty Description

Quality of MODIS LAI data depends on multiple factors that were outlined before. As a result, LAI errors
may be nonstationary, complex, dynamic, and/or heteroscedastic. In hydrological studies, analogous work

Figure 1. Model structure. A conceptual rainfall‐runoff model (HYMOD) and a modified bucket grassland model (BGM) are coupled. Seven calibrated model para-
meters areHuz: height of soil moisture tank (mm), B: distribution function shape,Alp: quick‐slow flow split parameter,Kq: quick flow routing rate,Ks: slow flow
routing rate, Ksg: natural decay factor for live/green biomass (day), and WUE: water use efficiency (kg CO2/kg H2O).
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has been undertaken to quantify streamflow uncertainty caused by the
rating curve errors (Huard & Mailhot, 2008; Renard et al., 2010; Thyer
et al., 2009). Based on these studies, the output error (LAI observational
error) of an ecohydrologic model simulating LAI can be expressed as

gLAIt ¼ LAIt þ γt; γt∼N 0; σ2LAIt
� �

(1)

where gLAIt is the observed LAI values, LAIt is the true LAI at time step t,
and γt is the observation error. Here we assume that the LAI observation
error is Gaussian with a nonconstant variance σ2LAIt, which is proportional
to the simulated LAI ( dLAIt ). The Gaussian error is truncated to avoid
negative LAI values. Including this term into the model residual error
description:

Figure 2. Location of the catchments with a color map showing the elevations of Australia. Catchment boundaries (black lines) are also shown in the zoomedmaps
on the right panel.

Table 1
Catchment Properties

Station (ID) China Camp (108003) Falls Creek (216004)

Location 145.287°E, 15.988°S 150.598°E, 34.971°S
Area 263.0 km2 95.7 km2

Elevation ranges 150 to 1244 m 16 to 306 m
Average annual rainfall 2353 mm 1126 mm
Average annual runoff 1858 mm 204.3 mm
Land covera 98% covered by

forests
83% covered by

forests

aBoth of the catchments are mainly covered by evergreen broadleaf for-
ests, woody savannas, and mixed forests. In Falls Creek, 9% of its area is
covered by grassland and 6% is covered by cropland.
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LAIt ¼ dLAIt þ εt; εt∼N 0; σ2M
� �

(2)

where dLAIt is the model‐estimated LAI and εt represents the model residual error. The type of model residual
can be checked following Smith et al. (2015). Parameter εt has been checked for MODIS LAI in Tang et al.
(2018). Based on these studies, the model residual error εt is assumed to be Gaussian and homoscedastic with
a variance of σ2M . Considering that both the observation error and model error are Gaussian and indepen-
dent, equations (1) and (2) are combined together as

gLAIt ¼ LAIt þ γt ¼ dLAIt þ εt þ γt ¼ dLAIt þ λt (3)

with

λt∼N 0; σ2
LAIt þ σ2M

� �
and

gLAIt∼N dLAIt ; σ2LAIt þ σ2M
� � (4)

Equation (4) is thus used to simulate the likelihood function of observed LAI associated with observation
errors. Note that σ2LAIt = 0 leads to a case that the observational error is ignored. This is the “no error” case

that we use as the benchmark to compare with the cases that observational errors are explicitly incorporated.

2.4. Characterizing LAI Uncertainty Using MODIS Data Quality Products

In order to define a more realistic expression of the observational error σ2LAIt , we combine information from

two data quality products provided with Collection 5 of MODIS LAI/FPAR products (Shabanov et al., 2007).
The first product is FparLai_QC which has the class flags of the LAI observation quality for every pixel. The
second product is LaiStdDev_1km data that contain the estimated retrieval uncertainty (STD LAI) for each
LAI pixel. The “true LAI” value is expected to lie between (LAI − STD) and (LAI + STD). The algorithm for
deriving STD LAI has been developed by Knyazikhin et al. (1998), where a mathematical formulation of the
radiative transfer process was employed to derive mean LAI and dispersion (STD LAI) from all acceptable
solutions.

The first step for developing the error model is to check the quality of LAI data based on the information
from the FparLai_QC product. There are eight bits in every FparLai_QC products. Bitfield (0,1) provides
the basic data quality information. The first bit of the quality flag (bit no. 0) is checked for each pixel.
Pixels with value of 0 are considered as “good quality” data, and pixels with other values are considered
as “poor quality.” Instead of removing the poor quality pixels from the analysis, we aim to make use of all
the available information in the data to characterize the error. However, our approach recognizes that the
data from poor quality pixels are likely to have more uncertainty than the good quality pixels. Therefore, dif-
ferent error descriptions are considered for good and poor quality data. In the second step, information from
the LaiStdDev_1km product is used to derive the heteroscedastic variance relationship between LAI values
and the observational error. The catchment‐averaged STD LAI values for each time step (eight‐day) are cal-
culated based on the valid standard deviation values of each pixel in the catchment. We used catchment‐
averaged STD LAI under the assumption that the variance of each pixel is not correlated with other pixels.
Considering we are using a lumped conceptual model in which catchment‐averaged (pixel‐averaged) LAI
observations are used, the impact of the correlations between pixels should be small.

Firstly, the quality flag information from Fparlai_QC product for each catchment is compared. In general,
MODIS LAI in China Camp catchment has much lower quality than the Falls Creek catchment, with per-
centages of total good quality pixels over all the pixel across the 10‐year time period are 69% and 89%, respec-
tively. Then catchment‐averaged LAI are plotted against averaged standard deviations per observation time
step (every eight days) retrieved from the LaiStdDev product (Figure 3) to derive a LAI~σ relationship for
each catchment. In Figure 3 the colored dots are the observations with different densities. (The density of
the observations is calculated and visualized as a heatmap.) A third‐degree polynomial function is fit to
the China Camp data using a least squares method. However, the observations in Falls Creek catchment
are more diffuse and a polynomial function could not be properly fitted to these data without significant
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error. Therefore, instead of fitting a relationship to the data from this catchment, we directly use the standard
deviations for defining LAI uncertainty in this case.

Second, a threshold value of 60% and 95% are defined to separate good quality data days from poor quality
data days in China Camp and Falls Creek catchment, respectively. These thresholds correspond to the per-
centages of total good quality data in each catchment (69% for China Camp and 89% for Falls Creek).
Different polynomial functions are fitted to good/poor quality data and their corresponding standard
deviations (Figure 4).

Using this information in our derived Bayesian error models, assuming the same relationship between the
standard deviation of the observational error and simulate LAI, we implement and compare three
approaches for characterizing ecohydrologic (LAI) model residual error based on how observational error
is defined versus the benchmark case with no observation error. These cases are the following:

1. Estimating model output while considering LAI uncertainty by lumping all errors into one residual error
term (the benchmark case in this study);

2. Estimating model output while accounting for LAI uncertainty using MODIS LAI_StdDev product. In
this approach (we call this approach 1 in the following), catchment‐averaged LAI error description is
derived from fitting a mathematical relationship between the catchment‐averaged LAI and average stan-
dard deviation of observations (Figure 3). In this case the log likelihood function of the model errors is
written as

L gLAIt θj� �
¼ −

N
2
log 2πð Þ−N

2
log σ2M þ σ2LAIt

� �

−
1

2 σ2M þ σ2LAIt
� �∑N

t¼1
gLAIt − f xt; θð Þ

h i� �2 (5)

3. Estimating model output with LAI uncertainty while explicitly separating good and poor quality data
according to a predefined threshold. In this approach (called approach 2 in the following discussion),
percentages of good quality LAI pixels over the entire catchment per observation time step are calculated
according to given MODIS quality flags data. Based on these percentages, a quality threshold is defined
for MODIS LAI observations in each catchment to group the LAI data to good or poor quality classes
depending on whether the daily percentages are greater/less than the specified threshold. Different
model residual parameters for good/poor quality data groups are inferred. In addition, two different
LAI uncertainty descriptions are derived for each group by fitting a separate function to good and poor
quality LAI observations and their associated standard deviations (Figure 4). In this case the log likeli-
hood function is written as

Figure 3. Scatterplot with heat density (the density of the observations) of observed LAI versus standard deviation for (a) China Camp and (b) Falls Creek catch-
ments. A red line shows the fitted polynomial function that represents the relationship between LAI and standard deviation for (a) China Camp.
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L ¼ Lgood þ Lpoor ; with

Lgood ¼ −
Ngood

2
log 2πð Þ−Ngood

2
log σ2M1 þ σ2LAIgood;t

� �

−
1

2 σ2M1 þ σ2LAIgood;t
� �∑Ngood

t¼1 L gAIgood;t − f good xt; θð Þ
h i� �2

; and

Lpoor ¼ −
Npoor

2
log 2πð Þ−Npoor

2
log σ2M2 þ σ2LAIpoor;t

� �

−
1

2 σ2M2 þ σ2
LAIpoor;t

� �∑Npoor

t¼1 L gAIpoor;t − f poor xt; θð Þ
h i� �2

(6)

4. Estimating model output with LAI uncertainty where good and poor quality likelihoods are weighted by
the proportion of good quality and poor quality data, respectively. In this approach (called approach 3
henceforth), similar to approach 2, a threshold is first defined for grouping of data to poor and good qual-
ity classes and then a function was fit between LAI and standard deviation observations (Figure 4).

Figure 4. Scatterplot with heat density (the density of the observations) of good and poor quality observed LAI versus the corresponding standard deviation for (a)
China Camp and (b) Falls Creek catchments. In each plot, a red line represents the fitted function that relates LAI to standard deviation of observations.
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Different from approach 2, a weighted likelihood is defined based on the percentages of good quality data
on each day. The basic weighted likelihood function can be written as (Agostinelli & Greco, 2013)

Lw x θjð Þ ¼ ∏
n

i¼1
m xi θjð Þw xið Þ (7)

Based on this equation, the pseudo log likelihood function can be written as

L ¼ αt· Lgood;t þ 1−αð Þt· Lpoor;t (8)

where α is a fraction of good quality pixels in a given day. For example, a day with 80% good quality pixels
has a α value of 0.8. Good and poor likelihood components are the same as approach 2.

2.5. Calibration Setup

The benchmark case and approaches 1, 2, and 3 are calibrated using MODIS LAI and information obtained
fromMODIS quality products. All the case studies are simulated using a Bayesian AdaptiveMetropolis (AM)
algorithm (Haario et al., 2001) which samples parameters using an adaptive proposal distribution with cov-
ariance estimated from the history of sampled posterior parameters. All the prior distributions in the case
studies are defined as uniform distributions based on the specified ranges for each parameter (Tang et al.,
2018). For each simulation, the first two years of data are used as a warm‐up period and the remaining eight
years are used for calibration and analysis. For each simulation, 100,000 iterations are carried out and the
first 20,000 iterations are discarded as burn‐in and the remaining 80,000 iterations are analyzed for the para-
meter estimations. Convergence is checked via visualizing diagnostic plots of all MCMC runs to reduce com-
putational demand (Marshall et al., 2004).

3. Results
3.1. Comparison of the Residual Errors

The posterior distributions of the error parameters for each approach that incorporated observed LAI
uncertainty are compared with the error parameter distribution obtained from the benchmark case where
no observational error is considered (Figure 5). Overall results are similar for both catchments. In
approach 1, the optimized posterior distribution of the model error parameter decreased from around
1.0 for the benchmark (black line) to about 0.75 (blue line) in the China Camp catchment. For Falls
Creek catchment the optimized value is decreased from 0.2 to 0.1 in approach 1. In approach 2 and
approach 3, two error parameters are specified for each simulation to represent good and poor quality
data. The optimized residuals for the good quality data are smaller than the residuals from the bench-
mark case, while the residuals of poor quality data are larger than the benchmark in approach 2 and
approach 3. The differences between approach 2 and approach 3 in these two catchments can be seen
in the relative separation between the posterior distributions of the error parameters for good and poor
quality data. Approach 2 that uses a defined data quality threshold shows greater separation between
error models than approach 3 that weighs the error models based on the proportion of good quality data.
This result suggests that approach 2 defines more clearly the poor quality simulations compared to
approach 3.

3.2. Comparison of LAI Predictions Across Simulation Scenarios

Comparisons between observed and predicted LAI with 90% confidence limits in each case are shown in
Figure 6 for China Camp and Figure 7 for Falls Creek. In each plot, the dark blue shaded area defines the
90% confidence limit for the total model error (σ2M þ σ2LAIt) and the light blue shaded area is the 90% con-

fidence limit for the residual error parameter σ2M. Note that in the benchmark case with no LAI observa-

tion error (σ2
LAIt = 0), the total error is the same as the model residual error. Statistics for the computed

reliability and sharpness (Smith et al., 2015) are also included for comparison. Here reliability refers to
the percentage of observations located in the 90% confidence limit, and sharpness is the average width
of the 90% confidence limit.
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3For China Camp (Figure 6), the predicted LAI from simulations that include observational uncertainty
(approaches 1, 2, and 3) are very different from the benchmark case (Figure 6a). While predicted LAI
from approach 1 and approach 2 are similar, approach 3 results are slightly different. The overall statis-
tics of the simulation confidence limits did not change considerably between different approaches.
Reliability remained the same for the benchmark case and approach 1 (89.95%), and increased to
91.85% in approach 2 and 92.12% in approach 3 while sharpness is slightly increased. It is evident that
approach 2 gives rise to a far more dynamic uncertainty estimate, as the simulation is based on explicitly
separating good and poor quality data. Comparing the confidence limits from the model residual error
with the LAI observation error (i.e., total error − residual error) indicates that the model residual error
is a much larger component of the total error than the observational error. This result highlights the
potential model misspecification for LAI simulation in these catchments. The ability to decompose the
simulation uncertainty into these components is a valuable element of the proposed modeling approach.

For the Falls Creek catchment (Figure 7), no obvious differences in simulated LAI are observed among these
four cases, although the 90% confidence limits for the total error are different. In Falls Creek simulations,
reliability increased from 90.49% in the benchmark case to 93.21% in approach 1, 91.85% in approach 2,
and 94.02% in approach 3. More evidently, the observation error accounts for a relatively larger proportion
of the total error than the China Camp simulations. However, the residual error is still the major contributor
to the total error than the observational error. In approach 2, there is a significant nonstationarity in the resi-
dual error (arising due to the observation error variability).

Figure 5. Comparison of posterior distributions of residual error parameters from the benchmark case with no error (black line in each plot) versus approaches that
include LAI uncertainty (blue and red lines) for (a) China Camp and (b) Falls Creek catchments.
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3.3. Uncertainty of LAI Predictions for Good and Poor Quality Data

To further highlight and evaluate the effect of the proposed error models on the simulation of good quality
data and poor quality data individually, we separate our model simulation into those with modeling good
quality data and those with modeling poor quality data for each catchment (effectively interpolating
between observations). The good/poor observed LAI and the corresponding predicted LAI with 90% confi-
dence limits from the benchmark case and approach 2 are compared in Figure 8 for China Camp and
Figure 9 for Falls Creek. For China Camp (Figure 8), the 90% confidence limit of the good quality data in
approach 2 become narrower than that the benchmark case (sharpness is 3.3322 from no error case (a)
and 2.8316 from approach 2 case (c)), reflecting a better prediction of high‐quality observations.
Furthermore, the predictions of the poor quality data are improved with the reliability of the confidence lim-
its are considerably increased from 79.43% in the benchmark case to 90.07% in approach 2. This result
demonstrates the improved ability of the decomposed error term to effectively model the uncertainty asso-
ciated with the poor quality observations. For Falls Creek (Figure 9), approach 2 improved predictions of
poor quality data relative to the benchmark (reliability changed from 87.08% (b) to 89.33% (d)). While it
tended to overestimate LAI for good quality data (reliability changed from 83.68% (a) to 94.21% (c)).
However, dramatic decreases in the magnitude of error residuals of approach 2 can be seen in Figure 9c.
On the contrary, the model residuals for the poor quality data (d) are much larger than good quality data.

Figure 6. The 90% confidence limit plots of the total (dark blue) and residual (light green) errors betweenmeasured (red dots) and predicted LAI values (black line)
from (a) benchmark case with no error, (b) approach 1, (c) approach 2, and (d) approach 3 cases for China Camp. The computed statistics (reliability and sharpness)
are shown at the bottom of each plot.
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4. Discussion
4.1. Derive Uncertainty Descriptions of LAI Observations From Satellite Data

To deal with the large uncertainty in satellite LAI products, this paper presents a novel framework for expli-
citly incorporating output uncertainty as defined according to the available data quality information from
MODIS LAI products. While the “true observations” are of most interest to researchers, our work focuses
on finding a generalized and meaningful representation of the uncertainties in LAI observations.
Information used in our approach includes the quality flags and retrieval standard deviations from
MODIS products. Firstly, a mathematical relationship between the observed LAI and standard deviation
is fitted to model heteroscedasticity in the observation errors (Figure 3). A fitted function is preferable for
the prediction purposes so that the relationship between standard deviation and the simulated LAI can be
assumed, and future LAI uncertainties can be forecasted or simulated. The polynomial fit might involve
some error; however, it does not have a large impact on the model simulations, based on our simulations
using different fitting functions. The fitting process is more successful in the China Camp catchment
(Figure 3a) where a clear pattern is identified. However, as can be seen in Figure 3b, the observed LAI with
similar values are clustered around two different standard deviation ranges for the Falls Creek. Therefore, to
avoid the need for fitting a mathematical function, we directly used the MODIS standard deviation product
that corresponds to the LAI observations. In addition, we include data quality information to derive the LAI
uncertainty terms in the likelihood function. We separate the good quality data from the poor quality data in

Figure 7. The 90% confidence limit plots of the total (dark blue) and residual (light green) errors betweenmeasured (red dots) and predicted LAI (black line) values
from (a) benchmark case with no error, (b) approach 1, (c) approach 2, and (d) approach 3 cases for Falls Creek. The computed statistics (reliability and sharpness)
are shown at the bottom of each plot.
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a catchment to generate different LAI error descriptions. It is evident that the observational errors of good
and poor quality data are very different, suggesting that developing alternate error models are appropriate
(Figure 4). We would expect that the overall residual model error should be similar irrespective of
including LAI uncertainty. However, the model residual error σ2M is expected to decrease if the output
uncertainty is properly specified, and the predictions are expected to be different as the heteroscedastic
output error (LAI observational error) is considered. The posterior distributions of model error parameters
show good agreement with these expectations (Figure 5; approach 1). For approaches 2 and 3, since good
and poor quality data set are separated, it is expected that more error will be inferred from poor quality
data simulations and less in good data. Comparison with the benchmark case shows that optimized LAI
predictions from cases that considered LAI uncertainty are different from the benchmark case for China
Camp, but similar for Falls Creek, while the confidence limits become more dynamic for approaches 2
and 3 for both of the catchments. The model residual error is largely reduced especially for Falls Creek.
As can be seen in Figure 4 MODIS‐derived standard deviation of the LAI observations for the poor quality
data is potentially underestimating the true magnitude of the observational errors. Indeed, when the obser-
vations are classified into good and poor quality, the overall magnitudes of the LAI errors (as measured by
the LaiStdDev product) are similar, while higher error may be expected for the poor quality data. The impact
of this underestimation is clear in Figure 5. The residual error variance for the poor quality data is signifi-
cantly larger, suggesting that the residual error is not representative of the model error alone. In fact, if

Figure 8. The 90% confidence limit plots of the total (dark blue) and residual (light blue) errors between measured (red dots) and predicted LAI values (black line)
for good and poor quality data from the benchmark case with no error for (a) good quality data and (b) poor quality data and approach 2 for (c) good quality and (d)
bad quality data for China Camp catchment. The computed statistics (reliability and sharpness) are shown at the bottom of each plot.
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the observational error had been properly attributed, the residual error for each error component should
have been similar. Nonetheless, results from Figure 5 suggest that the Fparlai_QC product from MODIS
has appropriately identified days with poor quality observations, as the model errors are significantly
larger in these days. These results demonstrate that our framework for using satellite information to
derive meaningful LAI uncertainty descriptions works well for simulating ecohydrologic model output
errors.

4.2. Impact of Data Quality on Model Performance

Overall, Falls Creek has much better quality data than the China Camp over the simulation period. The
threshold defined for separating good from poor quality data is 0.60 for China Camp and 0.95 for Falls
Creek based on the number of pixels with good quality data in the catchment. There is some subjectivity
in choosing the threshold, as it is hard to define good or poor quality data for different catchments with dif-
ferent quality levels. We have tested our approaches using different thresholds and results showed that selec-
tion of different thresholds has minor impact on model predictions. Our focus in this work is to show how
separating good/poor data can help to inform the observation error. However, future work on how to gen-
eralize this approach is needed. For the entire time period of the case studies, most of the pixels in Falls
Creek are of good quality (89%) and this is generally reflected in the various case study results. In addition,
predictions from Falls Creek catchment were much better than the China Camp. The LAI pattern can be
very well captured (Figure 7), especially for the good quality data (Figure 9a), and the residual errors were
largely reduced by including LAI observation error (Figure 9c). This indicates that our model performs well
using the satellite LAI observations and that parameters were appropriately calibrated. However, model resi-
duals were not largely reduced for China Camp (Figure 6). This may indicate a misspecified model structure,

Figure 9. The 90% confidence limit plots of the total (dark blue) and residual (light blue) errors between measured (red dots) and predicted LAI values (black line)
for good and poor quality data from the benchmark case with no error for (a) good quality data and (b) bad quality data and approach 2 for (c) good quality and (d)
bad quality data for Falls Creek catchment. The computed statistics (reliability and sharpness) are shown at the bottom of each plot.
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or it could suggest that the data quality for this catchment is too poor so
that the observation error cannot be derived from satellite information,
or other sources of uncertainties (i.e., input error) are significant.
Comparing the model residuals for good quality data (Figure 8c) versus
those for the poor data (Figure 8d) shows that the poor quality data have
much larger residuals than the good quality data. This result demonstrates
the strong impact of data quality on model performance, as large LAI
uncertainty could dramatically impair the model simulations.

It is also interesting to see the impact of data quality on the vegetation
parameters. We included an additional table (Table 2) showing vegetation
parameter values and highlighting the differences in the inference

schemes below. The mode of the posterior distributions for vegetation parameters varied a lot across differ-
ent approaches for the China Camp, while the results from the Falls Creek remained similar. Therefore, it
can be concluded that the effects of LAI observational error can have large impact on parameter estimation
for the catchment that has lower MODIS LAI quality, while the impact is minimal for the catchment with
higher MODIS quality. Further, these results also suggest that the poorer model simulations are a function
of data quality rather than model misspecification. These results indicate that the MODIS standard devia-
tions are not very helpful for identifying the magnitude of LAI errors. It is clear that they underestimate
uncertainty of poor quality data. Nonetheless, the MODIS data quality flags are very useful to separate poor
and good quality data to improve model simulations. It is clear (from the inflated error variances) that the
poor quality data were not well simulated by the model, indicating potentially large errors in these LAI
retrievals. By separating the good quality from poor quality data during model calibration, the model simu-
lations are improved.

4.3. Comparison of Observational Error Representations on LAI Predictions

Results from our case studies with LAI output uncertainty demonstrate that our approach works well to
improve LAI predictions and reduce the residual model errors. We used three different approaches to
demonstrate our method. Comparing these three approaches, approach 1 is the simplest using a single rela-
tionship between LAI observations and standard deviations and defining only one additional residual model
error parameter. Overall, LAI predictions from approach 1 and approach 2 are similar (Figure 6), differing in
the spread of the overall uncertainty. This might be due to similar ranges in the standard deviation for good
and poor quality LAI data (0.2 to 0.6 in Figure 4). Therefore, from a model parsimony point of view,
approach 1 should be sufficient to incorporate observation error from the total error (Figures 6b and 7b) if
the modeler is mostly interested in the meanmodel output. However, if the focus of the modeling is to better
represent total model uncertainty, classifying the data according to the quality information (approach 2)
does capture more nonstationary uncertainty (than approach 1) for both catchments (Figures 6c and 7c).
As a result, approach 2 may be preferable for analyzing data properties and understanding uncertainty.

To fully use the information provided by the observations, a mixed likelihood approach was described in
approach 3. In this approach, observations were “weighted” according to the percentages of good and poor
quality data. This means that information from both good and poor quality pixels are contributed to the like-
lihood specification with different proportions based on the numbers of the good and poor quality pixels.
From the results using this approach (Figures 6d and 7d), the confidence patterns differ for approaches 1
and 2, which indicates the impact of information proportions for both good and poor data. Therefore,
approach 3 may be preferred for forecasting purposes or predictions in data‐limited areas.

To further understand the observational errors relative to the potential model structural errors, we derived
the probability integral transform plot, defined as Thyer et al. (2009), to evaluate the predictive distribution
of the LAI (Figure 10). The probability integral transform method proposed by Dawid (1984) is a method to
check if the predictions match the observations based on the empirical cumulated distribution function
plots. For ideal predictions, the empirical cumulated distribution function of the LAI predictions should
be uniformly distributed between 0 and 1.

The result from approach 1 was worse than the other cases for China Camp (Figure 10a). However, overall
there was little difference among the remaining cases from China Camp (Figure 10a) and for all the cases

Table 2
The Mode of the Posterior Distributions of Vegetation Parameters

China Camp Falls Creek

Ksg WUE Ksg WUE

No error 0.017 0.058 0.003 0.015
Approach 1 0.008 0.026 0.003 0.014
Approach 2 0.010 0.033 0.003 0.014
Approach 3 0.009 0.031 0.003 0.015

Ksg: natural decay factor for live/green biomass (day) and WUE: water
use efficiency (kg CO2/kg H2O).
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from Falls Creek (Figure 10b). Results indicate that there is a misspecified model structure, as for all the case
studies the model predictive uncertainty tended to be underestimated. Future work should consider an ana-
lysis of these model structure uncertainties, as well as evaluate the use of alternative likelihood formulations.
While the approach developed here provides an improved representation of satellite remote‐sensing errors,
it does not address issues in ecohydrologic model selection and potential structural issues.

As the true observations are unknown in real Earth systems, it is not possible to evaluate which approach is
more “correct” in decomposing the total model error into its observational and residual components. Using
ground‐based observations could help to verify this approach. However, ground‐based observations are not
often available or free from observation error either. With the limited data quality information available, the
approach presented here provides a robust and efficient method for quantifying satellite LAI observation
error to understand overall model uncertainty.

5. Conclusion

This paper presents a method where MODIS LAI observation errors are considered in a Bayesian ecohydro-
logical modeling framework using data quality information about the satellite‐derived product. Three
approaches are compared to a model calibration that assumes no observation error for two catchments.
From the results and analysis, we summarize the following conclusions, the remaining issues, and possible
future work:

1. Simulations for good quality data show our model performs well in simulating ecohydrologic processes
at the catchment scale. This suggests that the simple conceptual ecohydrological model implemented
here can work well given good quality data where they are available. However, the model can be dra-
matically impaired for poor quality data leading to increased model errors and confounding model
simulations.

2. Satellite data play a key role for vegetation modeling as ground‐based measurements are not often avail-
able. The consideration of satellite observation error is essential for ecohydrological modeling. The work
presented here demonstrated that LAI observation error can be informed by satellite products and the
model residuals can be largely reduced. Therefore, these approaches are useful for addressing the large
uncertainty of satellite LAI observations. Note that in this paper, we only calibrated on LAI to examine
the impact of including LAI observational error on the LAI estimations. Future work will further inves-
tigate the impacts of observational error on both LAI and streamflow estimations in a multiobjective
framework.

Figure 10. PIT plots for (a) the benchmark case and different approaches for China Camp and (b) Falls Creek.
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3. Our work emphasizes the importance and difficulty in fully using the available information in the data.
This is particularly important for forecasting and predictions in data‐limited catchments. It is well recog-
nized that the accuracy of satellite‐derived products is not always reliable. Our developed approach allows
to fully utilize satellite quality information data to explicitly account for observational error by using dif-
ferent error models for poor and good quality data. However, it is clear from results that the independent
data provided from the satellite are insufficient to characterize the scale of observational errors. As a
result, when poor quality data are used for model calibration, larger residual model errors are specified.
Further investigation is required to understand the structure of the LAI satellite errors and identify appro-
priate error models. This requires extensive ground basedmeasurements to compare to satellite products.

4. Output uncertainty is not the only factor affecting model predictions. Therefore, future work will be
focused on combining input uncertainty such as precipitation error and output uncertainties in the
model using appropriate error model descriptions. Model structure error needs to be investigated in
the future. It is also necessary to implement the approaches into a Bayesian multiobjective calibration
to better analyze the interrelationships between hydrological and ecological processes.
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