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Assimilation of MODIS Chlorophyll-a Data
Into a Coupled Hydrodynamic-Biological

Model of Taihu Lake
Lin Qi, Ronghua Ma, Weiping Hu, and Steven Arthur Loiselle

Abstract—MODIS chlorophyll-a concentration (Chla) data
were assimilated into a coupled hydrodynamic-biological model
using an Optimal Interpolation method. Simulations were con-
ducted using MODIS data covering Taihu Lake in May 2009,
when algal blooms typically begin to occur. The results of the
assimilation approach showed improvements in the estimation of
Chla distributions in spatial coherency and temporal continuity.
Bias of assimilation (model run after assimilation) was 5.1%, with
a RMSE of 49.7%. In comparison, the free run (model run without
assimilation) had a bias of –34.9% and RMSE of 176.5%. In situ
data used for comparison showed reduced RMSE and the Bias for
assimilation. Two sensitivity experiments were used to determine
the suitable correlation length scale with respect to observation
data accuracy. The result showed that 500m is the optimum scale
to construct the background error covariance matrix. The sensi-
tivity experiment of observational data accuracy also showed that
more accurate observation data allowed for better assimilation
results.

Index Terms—Data assimilation, Chlorophyll-a, MODIS, op-
timum interpolation, Taihu Lake.

I. INTRODUCTION

T HE eutrophication of inland freshwater lakes is a signifi-
cant environmental problem to human beings [1]. Direct

observation and numerical simulation are two important ways
to obtain spatially distinct information on the dynamics of the
lake ecosystems. Satellite based sensors provide important in-
formation that can be used to examine higher resolution spatial
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and temporal information with respect to traditional measure-
ments [2]. In a complementary manner, numerical models can
be used to explore trends and future scenarios of water quality.
However, both approaches have limitations: observation data
is usually spatially and temporally limited due to technical and
time constraints; models are always simplifications of the real
mechanisms. Thus, the possibility to use numerical models with
remotely sensed observations allows for new insights to lake dy-
namics. Such integration is best realized through data assimila-
tion methods that merge the information provided by observa-
tions and dynamical models [3]–[5]. In addition, the integration
can be used to reduce to loss of information due to cloud cov-
erage, glint and so on.
Assimilation techniques for ocean biological models have

been successfully used with in situ water color data [6]–[9].
Historically, Chla data derived from satellite has proven ben-
eficial to extend field measurements or to complement field
data when they are unattainable [10]. Thus, Chla products of
the Coastal Zone Color Scanner (CZCS) and the Sea-Viewing
Wide Field-of-View Sensor (SeaWiFS) have been impor-
tant resources for ocean biological assimilation experiments
[11]–[14]. Hu et al. used a combination of SeaWiFS and Mod-
erate-Resolution Imaging Spectroradiometer (MODIS) data
for a three-dimensional assimilation model of coastal waters
[15]. These studies show that the integration of remote sensing
data and numerical modeling provides new possibilities in
studying marine systems. However, the use of assimilation
approaches for more optically complex inland systems is still
in the preliminary stages. Marsham assimilated the Along
Track Scanning Radiometer 2 (ATSR2) observations of lake
surface temperatures (LSTs) into a simple one-dimension lake
model [16]. Stroud et al. used two interpolation methods, direct
insertion and kriging to combine the total suspended material
(TSM) from satellite imagery with a numerical model in Lake
Michigan, USA [17]. However, the integration of satellite
Chla products into lake models with an advanced assimilation
method has not been successfully demonstrated. This study
presents the first attempt to use an objective analysis OI tech-
nique for the assimilation of water color data (MODIS 250-m
resolution data) into a high resolution hydrodynamic-biological
lake model (grid with 500 m). Most assimilation experiments
have used Optimum Interpolation (OI) to merge observations
with model results [6]. Gandin [18] developed and popularized
OI as statistical estimation method in meteorology, though
Eliassen et al. was first to suggest it [19]. This method was
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Fig. 1. Location and bathymetry of Taihu Lake.

the first objective analysis method to take into account the
correlation between observational increments and is superior
to other empirical schemes such as direct insertion [5]. As
OI is characterized by simple computation scheme and easy
implementation, it became the operational analysis scheme of
choice during the 1980s and early 1990s [20]–[22]. Although
other data assimilation approaches have been used such as
the variational approach or the ensemble Kalman filter [5], OI
based approaches have proven to be important in assimilation
research [6], [23], [24].
The main objectives of this study were to investigate the per-

formance of the OI method when assimilating satellite-derived
Chla in a coupled hydrodynamic-biological model, and to assess
improvements after assimilation. The observation data accuracy
was tested in relation to the assimilation results in a shallow eu-
trophic lake, Taihu Lake.

II. MATERIALS AND METHODS

A. Study Area

Taihu Lake, one of the five largest freshwater lakes of China,
is shallow (mean depth of 1.9 m), and with an area of 2428 km
(including 51 islands) [25]. Taihu Lake is located in the Yangtze
delta on the lower reaches of the Yangtze River in eastern China
(Fig. 1) and is an important drinkingwater source. An increasing
pollutant load has compromise lake functioning and has resulted
in frequent algal blooms [26]. In the shallow waters of Taihu
Lake, the changes of flow in the vertical direction are much
smaller relative to the horizontal direction allowing for the use
of two-dimensional shallow water equations to simulate hydro-
dynamic processes [27]. To simulate algal dynamics, a biolog-
ical model including cyanobacteria growth and death was cou-
pled with the hydrodynamic model [28].

B. Model Description

1) The Hydrodynamic Model: The water movement of two-
dimensional shallow water can be modeled as follows [29]:

(1)

(2)

(3)

where is the depth of water, and are the horizontal velocity
components of and along the vertical average,
are the bottom slope and friction slope respectively in the

x direction and y direction, is acceleration due to gravity. As
a 2-D model, expression (1) explained the vertical flow of the
horizontal one.

(4)

are the wind stress in x direction and y direction, is
the average concentration for all water quality indicators along
the vertical, and are the diffusion coefficients of each
pollutant, is source sink term for the various water quality
factors.
2) The Biological Model: In the water environment, there

are a variety of physical-chemical processes that affect the
dynamics of nutrients, phytoplankton, carbonaceous material,
and dissolved oxygen. Eight water quality indicators (ammonia,
NH ; nitrate, NO ; inorganic phosphorus, PO ; phytoplankton,
Chla; carbonation oxygen demand, CBOD; dissolved oxygen,
DO; organic nitrogen, ON; organic phosphorus, OP) of mi-
gration and transformation process were simulated based on
the monthly mean water quality monitoring data in Taihu
Lake. However, it should be mentioned that only the Chla was
selected to do the present assimilation.
The growth and demise of algal biomass are important

processes in eutrophic ecosystem biogeochemical cycles.
The Water Quality Analysis Simulation Program (WASP)
model was used to simulate this process and coupled with the
hydrodynamic model. This model is the recommended U.S.
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Environmental Protection Agency (EPA) standard model for
dynamic water quality analysis and is supported by the U.S.
EPA Center for Exposure Assessment Modeling in Athens,
Georgia [30]. It has been used to examine eutrophication and
pollution of the North American Great Lakes [31] and the
eutrophication of Tampa Bay [32]. According to the WASP
model, phytoplankton dynamics in the nitrogen, phosphorus
and oxygen cycles are used as biological indicators and coupled
to water quality equations [28].
The reaction kinetics equation of the phytoplankton dynamics

can be written as follows:

(5)

Sk4j is the reaction term, which is coupled with the hydrody-
namic model in the present study. Gplj, Dplj and Ks4j indicate
the growth, demise and descent terms. C4j is the biomass of
algae as concentration of Chla in g/L.
The boundary conditions for flow and the pollution load with

the monthly mean values were used. External forcing functions
of the model included wind speed, water temperature, precip-
itation, evaporation, water level and so on. The hydrodynamic
model equations were discretized by finite volume method
(FVM). This area was divided by unstructured grids of 500
meters. There were 5912 grids in the regional calculation. The
model used a calculation time step of 1s and the output had a
24 hour time step.
The boundary conditions were defined by the generalization

of the rivers which are connecting to the Taihu Lake. A model
simulation was set up from May 3, 2009 to May 31, 2009. In
this period, algal blooms have typically initiated, but with a lim-
ited extension [33]. Model runs starting from April 16, 2009
for eighteen days to obtain the water level and flow rate condi-
tions. The initial Chla concentrations were determined from the
satellite remote sensing data. The other water quality parameters
were based on measurements taken in Taihu Lake in previous
years.

C. The MODIS Chla Data

Taihu Lake is an optically complex eutrophic lake where the
spectral signatures of phytoplankton biomass, TSM and chro-
mophoric dissolved organic matter (CDOM) all contribute to
reflectance [34]. MODIS has a near daily coverage and has 36
bands for public use, making it applicable to dynamic moni-
toring on large scale. Several studies have demonstrated that
water quality of inland waters can be monitored using MODIS
data [34], [35].
MODIS low-level (L0) data was obtain from the satellite

receiving station at the Nanjing Institute of Geography and
Limnology, Chinese Academy of Sciences [34]. Rrs (Remote
sensing reflectance) images were determined after the pretreat-
ment including geometry correcting, subset and atmospheric
correction. As the complex optical properties of Taihu Lake,
the parameters of SeaWiFS Data Analysis System (SeaDAS)
were not suitable for it. So, atmospheric correction was pro-
cessed by Fast Line-of-sight Atmospheric Analysis of Spectral

Hypercubes (FLAASH), one atmospheric correction module
provided by ENVI software [36], [37]. Considering the location
of Taihu Lake and the images obtained times were in May, the
atmospheric model was used Tropical and aerosol model was
used Urban in FLAASH.
Based on previous studies [38], the ratio of Rrs (645 nm)

and Rrs (859 nm) was used to estimate Chla concentrations in
Taihu Lake. To get better precision, a Back Propagation (BP)
neural network model with water temperature was used [39].
Single-hidden-layer BP neural network model was established
with samples training. The training method used the Leven-
berg-Marquardt algorithm. Water temperature was retrieved by
a split-window algorithm with two thermal infrared bands (band
31, 11 m; band 32, 12 m), which provided an accurate esti-
mation of LST from MODIS data (Mao et al., 2005). The reso-
lution of MODIS Chla product was 250 m. The daily Chla fields
were then interpolated onto the model grid for assimilation.
For Chla between 1.0 and 100.0 g/L, the RMSE uncer-

tainties in MODIS Chla were 30% when compared to in situ
data [39]. Considering the effects of spatial scale and other un-
certainty factors, we assumed an observation error of 35% in the
assimilation scheme.
It should be mentioned that the optical and physical proper-

ties of the lake bottom may also influence the remotely sensed
reflectance in optically shallow waters [40], but studies have
shown that the influence of the lake bottom is minimum in
Taihu Lake [41]. The east of Taihu Lake is optically shallow
and covered by floating grass which will affect remote sensing
reflectance. As a result, this region was masked before retrieval
of each image.

D. In Situ Data

In situ Chla data were collected during a survey on May
11, 2009, near-concurrent ( 3 h) with the MODIS data acqui-
sition (Fig. 4(b)). Surface ( 0.3 m) water samples were fil-
tered to separate the particulate (phytoplankton and detritus)
from the dissolved (eg. CDOM) fractions. Chlorophyll a con-
centrations (Chla) were determined by the standard spectropho-
tometric method following extraction using 90% ethanol [42].
In situ data was only for validation, not used in the assimilation
process.

E. Optimum Interpolation (OI)

Following the notation of Ide et al. [43], the general formula
of optimal interpolation is:

(6)

where is the model state vector, superscripts and denote as-
similation and background, the background are vectors of length
n (the total number of grid points). is the observations vector
of length , is an operator that maps the model space to ob-
servation space. The transpose transforms vectors in obser-
vation space to vectors in model space. is the weight matrix
of dimension ( ).

(7)
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Fig. 2. Mean Chla of the free run (solid line), MODIS (dot line) and the assimilation run (dash dot line) over the entire computation field.

is the background error covariance matrix. is the observa-
tions’ error covariance matrix, and the superscript denotes a
matrix transpose.

(8)

io and jo are the root mean square error of observation data
in the ith and jth model grid, ij is the relation function of io
and jo. Observations were usually assumed to be spatially in-
dependent (when , otherwise, ). Thus R
turns into a diagonal matrix.
The background error is the deviation between the back-

ground value and the “true value”. The background value
denotes the Chla concentration supplied by the numerical
model, and true value is the measured Chla concentration.
Because true value was difficult to obtain, the calculation
of background error was a challenge. In the OI scheme, the
symmetric n n matrix B is given by:

(9)

and are the root mean square errors of model forecasts
in ith and jth model grid. In general, the correlation decreases
with increasing separation between two model grids. A func-
tion ij can be used to determine the correlation with the sep-
aration distance. Gandin [18], Schlatter [44] and others have
used a Gaussian exponential function for the error correlation
as follow:

(10)

In this research, Taihu Lake was used as a case study for these
general statements. Seventeen images were visually selected
during the model running time from May 3, 2009 to May 31,
2009. The Chla data retrieved from MODIS were interpolated
onto the model grids first.

III. STATISTICAL METRICS OF DATA FIT

Two statistical metrics were used to quantify assimilation
consistency: Bias and Root Mean Square Error (RMSE), both

of them using spatial averaging. The concentration of Chla in
Taihu Lake had a wide range of values, so the relative form of
Bias and RMSE were used in this work.
The Bias quantifies the mean deviation betweenmodel results

or assimilation results and observation data :

(11)

Where t is the temporal index, N denotes the number of obser-
vations and model/assimilation pairs. The Bias is positive when
the model/assimilation run underestimates the observations and
negative when overestimation occurs.
The RMSE quantifies the deviations between free run/assim-

ilation run and MODIS data in a least-squares sense:

% (12)

RMSE is always greater than or equal to zero. The smaller the
RMSE the better the model/assimilation fit.

IV. RESULTS

Although the sensitivity tests were performed at the first
filter analysis time, we start by presenting the main experiment,
which was performed with correlation length of 500 m and
observation data accuracy of 35%.

A. Main Result of Assimilation

Fig. 2 shows the time evolution of mean Chla from the free
run, the MODIS and the assimilation runs for May, 2009. These
values were based on the mean Chla over the entire lake. Overall
the assimilation behavior was quite satisfactory, providing im-
portant improvements in the model consistency. The mean Chla
of the assimilation run always lies between free run andMODIS,
but much closer to the latter. However, when the difference of
MODIS data and free run was high, a larger deviation was pro-
duced between assimilation run and the observations. This sit-
uation occurred only when the observation was greater than the
free run, such as May 11, 24 and 27. Even if the Chla of the
free run was much higher than MODIS, for example on May 6,
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Fig. 3. Comparison of Chla between MODIS and free run (a), assimilation run (b) for May, 2009.

Fig. 4. Chla spatial distributions from the free run (a), MODIS (b) and assimilation run (c) for May 11, 2009. Black areas indicate missing data and slash indicates
islands in Taihu Lake, crosses indicate the in situ measurement locations.

28 and 29, the errors of the assimilation run relative to MODIS
were small. This occurs because the observation error covari-
ance was assumed to be proportional to the value of MODIS
data. As the observation value increased, the weight of observa-
tion errors became larger, thus causing the assimilation results
to deviate from observation data.
Bias and RMSE (equations of (11) and (12) respectively)

were used for the free run and assimilation run to quantita-
tively evaluate the effort of OI assimilation (Table I). The
Bias and RMSE of the free run against the MODIS data were

% and 176.5%, respectively. This result can be accepted
considering the complexities of the Taihu Lake environment
[25] (Table I, Fig. 3). The determination coefficient were
also presented in the Table I and the scatter distribution were
showed in Fig. 3.

B. Assimilation on May 11, 2009

Data from May 11, 2009 were selected to evaluate the effec-
tiveness of Chla assimilation based on the coincident presence
of algal blooms, in situ Chla data and high MODIS coverage
(Fig. 4(b)).

TABLE I
STATISTICS FOR THE COMPARISON OF MODIS DATA WITH COINCIDENT FREE

RUN AND ASSIMILATION RUN IN MAY, 2009

The model indicated elevated Chla concentrations in the
north of lake, which was different from distribution provided
by remote sensing data of the same day (Fig. 4(a)). Although,
there was broad agreement between free run and MODIS, the
improvement using assimilation was clear: compared with free
run and MODIS data, the distribution and spatial integrity were
improved after assimilation (Fig. 4(c)). This also illustrated
that assimilation provides a more complete daily coverage.
A more quantitative description of the effectiveness of assim-

ilation was made using the difference between MODIS and free
run (Fig. 5(a)), and the difference between MODIS and the as-
similation run (Fig. 5(b)). There were some significant errors
in the free run. Compared to MODIS data, large overestimates
occurred in the three bays in the north of lake in free run and un-
derestimates were also evident in the southwest part of the lake.
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Fig. 5. Comparison of the differences between MODIS and the free run (a) and between MODIS and the assimilation run (b) for May 11, 2009. The solid lines
represent the contours of the different values.

TABLE II
STATISTICS FOR THE COMPARISON OF IN SUIT CHLA DATA FOR MAY 11, 2009
WITH COINCIDENT, CO-LOCATED MODIS, FREE RUN AND ASSIMILATION

The assimilation run rectified both of the overestimates and un-
derestimates. However, there were still some large differences
near the lake shore. This may have occurred due to the fact that
the grids closer to the border are less impacted by the observa-
tions points. The trend distribution of contours was consistent,
but the contours of the difference between the MODIS and as-
similation run were lower than that from the MODIS and free
run.
A detailed comparison of the models with in situ data showed

improvement by assimilation (Table II). The RMSE of the free
run against in situ Chla data showed little difference with
MODIS, but the Bias was much higher. Compare to in situ
data, both of the RMSE and the Bias were improved by assim-
ilation. However, the uncertainty of MODIS is much higher
than the assumed 35%. This could be because the number of
sample points is too few and the long-term observations might
be necessary. Considering these random errors, the assumption
of observation errors was still set as 35% of the MODIS Chla
values.

V. DISCUSSION

A. Sensitivity to Correlation Length Scale

The sensitivity analysis was carried out for the assimilation
process. Correlation length scale L is an important parameter in
the background error covariance matrix B related to assimila-
tion results [45]. The Gaussian function (10) was used to fit the
correlation between the any two background grids. In practice,
to set the value of L, a comparison of assimilation efficiency

TABLE III
STATISTICS FOR THE COMPARISON OF MODIS DATA AND THE ASSIMILATION

RUN WITH DIFFERENT VALUES OF L IN MAY, 2009

was established with respect to this parameter. Values of 250 m,
500 m, 1000 m and 1500 m were used for L in this experiment.
The Bias and RMSE from the assimilation daily runs with

different values of L in May 2009 were determined (Table III).
As the scale increased from 250 m to 1500 m, RMSE decreased
first and then increased but Bias decreased little. The Chla devi-
ation between assimilation runs and MODIS decreased, but the
trends of the assimilation result in each grid, increment or decre-
ment, were not uniform with increasing scale. L determines the
scale of the influence of the observations. For a small L, the in-
formation provided by MODIS is inserted into the model on a
finer spatial scale than for large L. Thus, the model should better
represent smaller scales. However, remote sensing data are on
regular grids, and so a large region of influence is desired to
cover these gaps. As L increases, smaller spatial scales are ef-
fectively being treated as noise. Therefore, the optimum scale
should be found in the experiment.
Fig. 6 shows themonthly mean Chla distributions after assim-

ilation runs with different values of L. Monthly mean MODIS
Chla data distribution was showed in Fig. 6(a). The assimi-
lation run captures the observed inshore-offshore gradient in
Chla, high concentrations in the nearshore areas of Taihu and
decreasing toward the offshore. From these plots, it is evident
that there is a patchy distribution which is unrealistic when L
setting as 1500m (Fig. 6(e)); the maps for L as 250m (Fig. 6(b)),
500 m (Fig. 6(c)) and 1000 m (Fig. 6(d)) were almost identical.
As described in Table III, when L was set to 250 m or 1000 m

the RMSE of assimilation runs were nearly equal, but with
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Fig. 6. Monthly mean Chla spatial distributions from MODIS (a) and assimilation runs with different correlation length scale m (b), m (c),
m (d), m (e) for May, 2009.

a relatively different Bias. According to these results (Fig. 6),
the distributions were also significantly different. Comparing
to MODIS data, the Chla concentrations for L set to 250 m
were underestimated in the middle of lake but overestimated
in the nearshore areas. As L increased, the underestimate was
improved but the distribution began to fragment into patches.
Overall, the map was smoother and closer to the MODIS data
at 500 m.
Considering both of the evaluation indicators and spatial dis-

tribution, the length scale of 500 m performed best in our ex-
periment. This scale was selected to do the main assimilation
experiment and the sensitivity with respect to observation data
accuracy.

B. Sensitivity to Observation Data Accuracy

A data error of 35% was assumed for the observations in the
main experiment. Other percentages of observation data accu-
racy were also used in the assimilation for May 11, 2009. A nec-
essary requirement of the assimilation would be the capability
to match the data for very small observational errors and almost
matching the free run for very large errors [12]. As it was as-
sumed that the errors of the changing background altered true

model errors, we fixed the background errors and assumed only
observational errors changed in this experiment.
The spatial distribution of Chla after assimilation using

MODIS with data errors of 15% was very close to the MODIS
data (Figs. 4(b), 7(a)). Both the positions and the intensities
of the Chla distribution match those described by the obser-
vations. The assimilation estimate of Chla in the case of large
measurement errors (100%) is, as expected, close to the free
run (Figs. 4(a), 7(c)).
The concentration of Chla assuming observation data errors

of 50% in the assimilation was close the case with 35% errors
(Figs. 4(c), 7(b)). The high Chla concentration regions were in
agreement with observations and the low regions were closer to
the free run data.
Bias and RMSE were also calculated with different data ac-

curacy for May 11, 2009 (Table IV). It is easily to see that as
the observation data errors increased, either the Bias or RMSE
increased, presenting positive correlations. But the values of
Bias and RMSE were not linear with the percentage of obser-
vation errors, indicating that the predictive ability of the model
following assimilation will require additional data to be tested.
Nevertheless, the present analysis indicates the potential appli-
cation in lake color assimilation.
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Fig. 7. Chla spatial distribution from the assimilation runs with observation errors of 15% (a), 50% (b), 100% (c) for May 11, 2009.

TABLE IV
BIAS AND RMSE BETWEEN THE MODIS DATA AND THE ASSIMILATION RUN

WITH DIFFERENT OBSERVATION DATA ACCURACY ON MAY 11, 2009

VI. CONCLUSION

An OI method was used to assimilate MODIS Chla data into
a coupled hydrodynamic-biological model for the Taihu Lake.
This assimilation scheme was applied 17 times at a daily time
step from 3 to 31 May 2009. Experiments were conducted in
order to assess the effectiveness of this data assimilation. The
results indicated that the data assimilation improved the model
performance compared to the use of MODIS data alone.
The precision and spatial distribution of Taihu Chla data after

OI assimilation were improved over the model free run. The
mean of daily RMSE was reduced to 49.7% from 176.5%, and
Bias was significantly lowered to 5.1% from 34.9%. The cor-
relation coefficient was also increased from 0.539 for free run
to 0.860 for the assimilation run. Furthermore, daily coverage
of the lake was also improved.
Two sensitivity experiments were used to determined the suit-

able correlation length scale with respect to observation data ac-
curacy. Results suggested that the background errors and obser-
vation data accuracy were the key factors influencing data as-
similation performance. Thus, although the results here showed
some preliminary success in the general approach, routine ap-
plication of such an approach in forecasting the lake’s Chla dis-
tributions still requires substantial work in obtaining more in
situ data for validation and, in particular, more accurate satel-
lite-based Chla for the lake, as currently there is no reliable
bio-optical inversion model to derive Chla from satellite mea-
surements on a routine basis.
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