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Abstract—We have presented an improved short-wave infrared
(SWIR)-based iterative algorithm for the atmospheric correction (AC) of Moderate Resolution Imaging Spectroradiometer
(MODIS) data over Lake Taihu, China. The algorithm was
validated by means of matchup comparison between MODISretrieved and in situ remote sensing reflectances (Rrs ). Four
examples of the matchup comparison were first carried out for
the observation stations within a ±5-min time window of MODIS
overpass and field measurements. It is shown in the examples
that the retrieved Rrs spectra compare reasonably well with
the in situ measurements not only over relatively clear waters
(with Rrs (859) about 0.0014 sr−1 ) but also over turbid waters
(with Rrs (859) about 0.013 sr−1 ). The matchup comparison was
further carried out for a total of 54 observation stations within
a ±2-h time window, indicating that the AC algorithm has good
performance for producing water spectra from MODIS data over
Lake Taihu. The development of an algal bloom event has been
monitored using MODIS-measured Rrs (443) and Rrs (859),
showing that MODIS data, combined with the AC algorithm,
can be a useful tool for monitoring the water quality of Lake
Taihu. The SWIR iterative algorithm, along with the chlorophyll-a
concentration (Chl-a) retrieval model using red to near-infrared
bands, has the potential of monitoring Chl-a quantitatively and
providing useful information for decision makers to manage the
water environment and to prepare for events as algal blooms.
Index Terms—Atmosphere, lakes, remote sensing, water
pollution.

I. I NTRODUCTION

T

HE TRADITIONAL measurements of water quality are
carried out on the limited water samples and therefore may
not reflect the overall transformation. In addition, long-term
measurements not only are labor intensive but also may be confined to a relatively short period of time. These measurements
are so sparse spatially and temporally that analysis of water
quality might be far from reality [1]. Owing to the synoptic
view, satellite remote sensing can provide the distribution and
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dynamic changes of water quality, the pollution sources, and
their movements [2]. As a result, using remotely sensed data
to monitor the water quality has attracted widespread attention
and has become a popular topic in the field of limnology.
Satellite remote sensing has not been routinely used to monitor the water quality for inland turbid lakes due to the difficulty
of atmospheric correction (AC). The standard AC algorithm
for case-1 waters [3] fails when applied to case-2 waters (the
definition of case-1 and case-2 waters was described in [4]).
The failure results from the invalid assumption of black water
at near-infrared (NIR) bands [5], [6]. Many research works
have been done to calculate NIR contribution in order to use
the AC algorithm based on the black water assumption. With
the assumptions of that the total absorption is from the pure
sea water and of linear relationship between the particulate
backscattering at red bands and that at NIR bands, an iterative
method was established [7]. The latter assumption is invalid for
the inland lake waters [8]. Using the relationships among waterleaving radiances (Lw ) [9] and the Junge power law approximation of the aerosol size distribution, an iterative algorithm was
developed for the Coastal Zone Color Scanner [10], where Lw
and aerosol optical thickness can be simultaneously retrieved.
The algorithm is affected by the accuracy of the aerosol complex index of refraction and by the radiometric calibration. A
coupled hydrological–atmospheric model was established for
deriving Lw at NIR bands over turbid waters from Medium
Resolution Imaging Spectrometer measurements [11]. With the
assumption of little variation of aerosol type on small spatial
scale (∼50–100 km), Hu et al. [12] presented a method to transfer the aerosol type from the nearest nonturbid area to a turbid
area. Using the aerosol type, the aerosol reflectance over turbid
waters was calculated from that over nonturbid waters, which
was derived using the standard case-1 AC algorithm. With
the assumption of spatial homogeneity of the 765 : 865-nm
ratios for aerosol reflectance and for water-leaving reflectance,
an AC algorithm was developed for Sea-viewing Wide Fieldof-view Sensor (SeaWiFS) data over turbid waters [13]. An
Lw (670)-based iterative algorithm was developed for SeaWiFS
to estimate Lw at the two NIR bands, which were used for
the AC [14]. Based on the fact that normalized water-leaving
radiance (nLw ) at band 412 nm shows very little variation
with the increase of turbidity, an AC method was established
for SeaWiFS measurements over case-2 waters [15]. Using the
Hydrolight [16] calculated Lw (NIR) as a function of suspended
particulate matter concentration and solar sensor geometry, a
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Fig. 1. Geographical locations (a) of Lake Taihu and (b) of the observation stations for the field measurements. The black, blue, red, and green circles are for
the stations in January 2006, July 2006, January 2007, and May 2008, respectively. The black, blue, red, and green triangles are for the stations in October 2008,
April 2010, March 2011, and May 2011, respectively. The red squares are for the stations in August 2011.

bright pixel iterative algorithm was developed [17]. An iterative
and optimized algorithm [18] was established for SeaWiFS
measurements over turbid waters, which were classified into
two categories: waters with midturbidity and with high turbidity. The iterative method [7] was used to process the waters with
midturbidity, and an optimized method was used to process
the waters with high turbidity. The optimization is based on
the relationship between remote sensing reflectances (Rrs ) at
visible bands. A short-wave infrared (SWIR) algorithm [19]
was shown to have good performance in turbid waters [6], [20].
The algorithm is based on the assumption of black water at
SWIR wavelengths [21]. A bio-optical model was developed
for estimating water reflectance at NIR bands, from which an
AC algorithm was established for SeaWiFS [22].
These AC algorithms based on NIR bands cannot be used in
Lake Taihu due to the saturation at NIR bands of the Moderate
Resolution Imaging Spectroradiometer (MODIS). The SWIR
algorithm may be invalid for that Lw (1240) cannot be neglected
over highly turbid waters [23], which are always found in Lake
Taihu. As a result, an AC algorithm is in need for MODIS data
when applied to quantitatively monitor the quality of water in
Lake Taihu.
Wang et al. [24] presented an SWIR iterative AC algorithm
(named W11 in this study) for monitoring and assessing the
water quality of Lake Taihu from MODIS imagery. They
assume that the water is black at band 1240 nm for 20 ×
20 pixels in the central lake. However, statistics show that
the algal blooms always occurred in the central lake in autumn and winter [25] and that the central lake is becoming
one of the algal-bloom-contaminated areas since 2003 [26],
when the black water assumption is invalid [23] and the W11
algorithm fails. The accuracy of the W11 algorithm is assessed
by comparing nLw derived from MODIS composite imagery
for June 2007 with the in situ data collected during the cruise
over Lake Taihu on June 10–18, 2007. It should be noted that

TABLE I
I NFORMATION FOR THE C RUISES OVER L AKE TAIHU

no MODIS data can be matched to contemporaneous in situ
data from the observation stations even within a ±1-day time
window of satellite overpass and field measurements. As a
result, the comparison cannot truly show the accuracy due to the
high temporal variation in optical properties that resulted from
wind-driven resuspension (e.g., [27] and [28]) for the shallow
water with an average depth about 1.9 m [29]. In summary,
the W11 algorithm fails when algal bloom occurred in the
central lake region, and in situ data that could be matched to
contemporaneous MODIS data are in need to validate the W11
algorithm.
With the purpose of developing an improved SWIR iterative
AC algorithm for MODIS data when applied to monitor the
water quality in Lake Taihu, this study is organized as follows.
The study area, MODIS data, and in situ data are described
in Section II. The improved SWIR iterative algorithm is detailed in Section III and is validated in Section IV. Using the
atmospheric-corrected Rrs , the development of an algal bloom
that occurred in 2007 is presented in Section V. The conclusion
and discussions are given in Section VI.
II. DATA
A. Study Area
Lake Taihu, located in the Yangtze River Delta [see the geographical location in Fig. 1(a)], is the third largest freshwater
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Fig. 2. Rrs from field measurements taken in (a) January 2006, (b) July 2006, (c) January 2007, (d) May 2008, (e) October 2008, (f) April 2010, (g) March
2011, (h) May 2011, and (i) August 2011.

lake in China with an area about 2338 km2 . Economic development has led to water pollution, and the supply of normal water
usage to nearby residents in Wuxi city is affected. As a result,
there is an urgent need for monitoring the water quality and for
understanding the biological, optical, and ecological process of
the lake freshwater. Satellite remote sensing has been shown
to perform well in monitoring water quality in oceanic and
coastal regions [30]–[35]. However, the algorithm developed
for oceanic and coastal waters fails when applied to Lake Taihu
due to the complicated optical properties, which result from the
combined effects of shallow water and sediment resuspension.
B. MODIS Data
MODIS aboard both Aqua and Terra satellites has been applied to monitor the water quality [31], [33], [34]. The NIR–
SWIR combined AC algorithm in SeaWiFS Data Analysis
System (SeaDAS5.2) fails when applied to highly turbid waters
[33] due to the saturation at band 748 nm and the invalid black
water assumption at band 1240 nm. It was presented that it is not
always black for waters in Lake Taihu and coastal seas at
band 1240 nm [23]. The aerosol radiance at visible to NIR
(VIS-NIR) bands is overestimated due to the Lw (1240) contribution. As a result, Lw at VIS-NIR bands is underestimated, sometimes negative. A new AC algorithm is in need for
MODIS when applied to Lake Taihu. Due to the problems with
striping/banding for MODIS-Terra [31], MODIS-Aqua data
were used in this study.
C. In Situ Data
Nine cruises (see the geographical locations of the observation stations in Fig. 1(b) and the information in Table I) over

Lake Taihu were carried out in 2006, 2007, 2008, 2010, and
2011. Using ASD FieldSpec Pro FR and FieldSpec Pro VNIR
spectroradiometers with the wavelength ranges of 350–2500 nm
and 350–1050 nm, respectively, water spectra were measured
by means of the above-water method [36]. The spectroradiometers were pointed toward the sea surface at a viewing zenith
angle of 40◦ and an azimuth angle of 135◦ [37], which were
used to avoid the reflectance of ship shadow and the sun glint,
respectively.
The measured Rrs is shown in Fig. 2. It should be noted
that the Rrs spectra in Fig. 2(a)–(c), measured in the range
of 350–2500 nm, are shown in the range of 350–1050 nm for
the convenience of showing the difference with measurements
collected during the other cruises. We can see from Fig. 2
that the spectra are the same as that of typical case-2 waters.
Due to the high absorption of particulate and colored dissolved
organic matter (CDOM) [38], Rrs is relatively low in blue
wavelengths. Two troughs are observed in the wavelength range
of 600–700 nm. The first one, around 625 nm, results from the
secondary peak of absorption from accessory pigments such as
cyanophycocyanin [39]. The second one at 675 nm is related
to the chlorophyll-a absorption maximum in the red region
[40]. Seasonal variation is obviously shown in Fig. 2. The
fluorescence peak, in the wavelength range of 690–715 nm,
is more marked in summer, spring, and autumn than in winter.
The marked peaks result from high chlorophyll-a concentration
(Chl-a), which increases during the phytoplankton growth season (spring–summer-autumn) [41]. It is noted that the spectra
marked by “#” in Fig. 2(d) and (h) were collected over the
water where algal bloom occurred. The concentration of total
suspended matter (CTSM ) and Chl-a are 203.87 mg/L and
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by ρrc (2130)]. When ρrc (2130) is higher than a threshold
(0.037 in the study), the pixel is masked out.
3) For these selected pixels without the failure of AC, the
Ångström exponent α, used to describe the dependence
of τa , at wavelength λ, i.e., α(λ), is calculated from




τa (λ)
λ
α(λ) = − loge
/ loge
(1)
τa (869)
869

Fig. 3. (a) True color image of MODIS data on September 7, 2007.
(b) Lt (1240) image of the data in (a).

101.85 mg/m3 for the marked spectra in Fig. 2(d), and these
values are 219 mg/L and 471.63 mg/m3 for the marked spectra
in Fig. 2(h). Chl-a was measured using a fluorometer by following the protocol described in [42], and CTSM was measured by
the weighing method described in [33].
III. SWIR I TERATIVE AC A LGORITHM
It should be noted that the AC algorithms described in
Section I that are based on NIR bands cannot be used for
MODIS data when applied to Lake Taihu due to the saturation.
However, the SWIR algorithm using bands 1240 and 2130 nm
is not suitable for all the pixels in Lake Taihu since it is
not black at band 1240 nm for waters with high CTSM . The
W11 algorithm fails to process MODIS data when algal bloom
occurred in the central lake. An improved SWIR algorithm is
established for MODIS data when applied to monitor the water
quality in Lake Taihu (named Z13 in this study). The steps are
detailed as follows.
1) By means of bilinear interpolation, MODIS measurements at bands 469, 555, 1240, 1640, and 2130 nm with
a spatial resolution of 500 m and bands 412, 443, 488,
531, 551, 667, 678, 748, and 869 nm with 1000 m are
remapped with 250 m for the high spatial variation of
water optical properties in Lake Taihu with small area.
2) The top-of-atmosphere radiance (Lt ) at 1240 nm for all
the pixels in Lake Taihu is indexed, from which about
200 pixels with the lowest values are selected. Fig. 3
shows the Lt (1240) image for MODIS data on September
7, 2007. Lt (1240) varies from 0.3 mW · cm−2 · μm−1 ·
sr−1 for clear waters as in east Taihu bay to over 3.0 mW·
cm−2 · μm−1 · sr−1 for turbid waters in other regions
including the central lake. Considering the low variation
of aerosol over the lake, the water features are shown in
Fig. 3. As a result, the black water assumption at 1240 nm
is invalid for turbid waters in Lake Taihu. The 200 pixels
with the lowest Lt (1240) are the clearest pixels in Lake
Taihu, and it is reasonable to assume that the water is
black at band 1240 nm. The SWIR algorithm is used
to derive aerosol optical thickness. The pixels with a
negative value of Lw (412) are considered failed. It should
be noted that the cloud mask is carried out through
calculating the Rayleigh scattering (scattering due to air
molecule) corrected reflectance at band 2130 nm [denoted

where τa is the aerosol optical thickness. α(531) is used
due to the unique value for each aerosol model in the
aerosol lookup tables (LUTs) in SeaDAS.
4) To minimize the effect of outliers on the calculated mean
value, a uniformity screen [43] is applied to α(531) for
producing ã(531), which is considered as the representative aerosol property over Lake Taihu. The unfiltered
mean value ā(531) and the corresponding standard deviation (STD) are calculated. The filtered mean value ã(531)
is derived using the data in the range of (ā(531) − 1.5 ×
STD) and (ā(531) + 1.5 × STD).
5) Using ã(531) and the single band at 2130 nm (band
at 1240 nm is not used), AC is applied to retrieve Rrs
for all pixels in the lake. Using the relative humidity
(rh) derived from the meteorological data, 20 aerosol
models are first selected from the aerosol LUTs which
closely bracket the rh. The LUTs are composed of eight
rh-specific families of models, with each family spanning ten fine-to-coarse mode size fractions from 0.0
to 0.95. Two models are ultimately selected from the
20 ones, which have the smallest difference in α(531)
with ã(531). The aerosol scattering radiance at band
2130 nm [La (2130)] is calculated since Lw is negligible
and La at VIS-NIR bands can be extrapolated using the
coefficients of the two selected models. Rrs is derived after the subtraction of La and Rayleigh scattering radiance
from Lt .
The Z13 algorithm is an iterative algorithm with the SWIR
run twice. The first run is carried out over the 200 clearest pixels
with the assumption of black water at bands 1240 and 2130 nm,
and ã(531) is derived. Using ã(531) and the single band at
2130 nm, Rrs is calculated for all pixels in the lake for the
second run. The Z13 algorithm can be implemented in SeaDAS
without the dependence on existing AC algorithms in SeaDAS.
IV. VALIDATION
A. Z13-Algorithm-Derived Rrs Compared With In Situ Data
Validation of MODIS-measured Rrs against in situ Rrs is
carried out using the data from the observation stations within
a ±2-h time window of satellite overpass and in situ measurements [43]. It should be noted that in situ Rrs was calculated
from the measured hyperspectral data by means of the bandequivalent method [44]. A box of 3 × 3 pixels centered at the
location of in situ measurement was selected, and a uniformity
screen was used to calculate the mean value.
Fig. 4 shows four examples of the matchup comparison
between retrieved Rrs spectra and in situ data for the observation stations within a ±5-min time window of MODIS
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Fig. 4. Comparison between MODIS-retrieved Rrs spectra and in situ data collected on (a) July 29, 2006, (b) May 2, 2010, (c) April 29, 2010, and (d) January
8, 2007. Time difference is between satellite overpass and in situ measurements.

Fig. 5. Comparison between MODIS-retrieved Rrs and in situ Rrs for the observation stations within a ±2-h time window of satellite overpass and field
measurements. (a) Z13 algorithm and (b) W11 algorithm are used for deriving Rrs from MODIS data.
TABLE II
M ATCHUP C OMPARISON B ETWEEN IN SITU Rrs AND MODIS-R ETRIEVED Rrs U SING THE Z13 A LGORITHM

overpass and in situ measurements. The retrieved Rrs spectra
compare reasonably well with in situ data, showing that the Z13
algorithm has good performance not only over relatively clear
waters with Rrs (859) about 0.0014 sr−1 [Fig. 4(b)] but also
over turbid waters with Rrs (859) about 0.013 sr−1 [Fig. 4(a)]. It
is noted that the fluorescence peaks in Fig. 4(a) and (b) are more
marked than those in Fig. 4(c) and (d), which result from higher
Chl-a for the former (with 134.83 and 33.23 mg/m3 ) than for
the latter (with 4.54 and 8.87 mg/m3 ). The peak wavelengths
shift from 689 to 710 nm with the Chl-a increasing from 4.54
to 134.83 mg/m3 . The peak shift to long wavelengths with the
increase of Chl-a was also presented in other studies [45], [46].
Fig. 5(a) further shows the matchup comparison for a total of
54 observation stations within a ±2-h time window, and Table II
provides the mean relative error (MRE) and STD. It should
be noted that the data from 48 out of the 54 stations are used
for the band at 645 nm. The other six stations are not used for

two reasons described as follows. The first one is the negative
value of the MODIS-retrieved Rrs , which possibly resulted
from the difference of the aerosol type over the matchup pixels
from the representative type. The difference may result in the
failure of La extrapolation, and hereafter, the Lw at VIS-NIR
bands is possibly negative. The second one is about the in situ
measurements over waters where algal bloom occurred near the
field of view of the ASD. The algal bloom that occurred in
the subregion of the 3 × 3 pixels results in large difference in
the matchup comparison. It should be noted from Table II that
the few stations for the bands at 531, 551, 748, and 869 nm
result from the saturation other than the two reasons described
previously. The saturation is found at bands 667 and 678 nm
over Lake Taihu for nearly all the year round, and no data can
be used for the matchup comparison.
Some points scattered far away from the 1:1 line are shown
in Fig. 5(a), which are possibly due to the following: 1) the
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Fig. 6. (a) Temporal variation of in situ Rrs collected with a 1-h time interval. (b) Relative difference in the central wavelengths of MODIS bands, which is
calculated by (Max − Min)/Max, where Max and Min mean the maximum and minimum values of Rrs among the eight spectra.
TABLE III
M ATCHUP C OMPARISON B ETWEEN IN SITU Rrs AND MODIS-R ETRIEVED Rrs U SING THE W11 A LGORITHM

difference of the aerosol model determined using ã(531) and
rh from the virtual model (please see the Appendix for the
validation of ã(531) and its impact on the retrieved Rrs );
2) the extrapolation of La from SWIR to VIS-NIR with so
large wavelength difference; 3) the spatial difference between
MODIS measurements (mean value for 3 × 3 pixels with a
spatial resolution of 250 m) and in situ data at one point; and
4) the time difference between satellite overpass and in situ
measurements since the color of shallow water is easily affected
by wind. To study the stability of the water color in Lake Taihu,
the spectra were collected with a 1-h time interval from 0 : 45
to 7 : 45 (UTC time) on May 2, 2010, at the stations located at
(31.405◦ N, 120.034◦ E). The spectrum variation is shown in
Fig. 6, from which we can see that the variation may reach 40%
during 7 h.
Both Figs. 4 and 5(a) and Table II indicate a little more
noise at the blue bands and excellent results at the green to
NIR bands, which were also presented in [20] but are different
from the results shown in [24]. Fig. 2 from [24] shows that
MODIS-derived nLw at visible bands compares better with
in situ data than that at NIR bands. It should be noted that
nLw in [24] is retrieved using the composite imagery generated
from MODIS data on June 8 and 17, 2007, while in situ
data were collected on June 10, 12, 17, and 18 for subplots
(a)–(d), respectively. In addition, a blue–green algal bloom,
beginning in April 2007, is dying down in June 2007, and the
water optical properties are not stable. In summary, the results
presented in [24] cannot truly show the accuracy of the W11
algorithm.
The lower accuracy of MODIS-retrieved Rrs in short wavelengths than in long wavelengths is probably due to the difference of the representative aerosol model from the virtual model.
The difference results in the error of La at all bands, and the
error increases with the decrease of wavelengths (e.g., [5] and
[35]). The lower accuracy is also possibly due to the significant
degradation at blue bands [47].

B. Comparison Between W11- and
Z13-Algorithm-Derived Rrs ’s
Fig. 4 shows four examples of the comparison between Z13and W11-algorithm-derived Rrs ’s. It should be noted from
Fig. 4(b) and (c) that the Z13 algorithm performs as well as the
W11 algorithm when the water in the central lake is relatively
clear. The Z13 algorithm has a better performance than the W11
algorithm when relatively turbid waters with high CTSM are
found in the central lake, as shown in Fig. 4(a) and (d). The
difference between the W11 and Z13 algorithms is the way to
calculate ã(531). The relatively better performance of the Z13
algorithm than the W11 algorithm results from that the ã(531)
is derived from the 200 pixels in different regions of the lake for
the former and from the 20 × 20 pixels in the central lake for
the latter, which is probably insufficient to represent the aerosol
properties for the entire lake.
Fig. 5(b) further shows the matchup comparison between
W11-derived Rrs and in situ Rrs for a total of 54 observation
stations within a ±2-h time window, and Table III provides the
MRE and STD. It is shown in Fig. 5(a) and (b) and Tables II
and III that the Z13 algorithm has a better performance than
the W11 algorithm, particularly at blue bands. It should be
noted the fewer stations in Table III than in Table II, which
resulted from the negative Rrs by the W11 algorithm. The W11
algorithm is more prone to produce negative values than the
Z13 algorithm, probably due to the Lw (1240) contribution in
the central lake. The spectral slope for the aerosol scattering,
determined using the bands at 1240 and 2130 nm, becomes
large due to the Lw (1240) contribution. As a result, La at VISNIR bands extrapolated from La (2130) is overestimated, and
Lw is underestimated sometimes negative.
V. M ONITORING THE A LGAL B LOOM IN L AKE TAIHU
The algae population increases rapidly due to water eutrophication and settles after the decay and the algal bloom is broken
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Fig. 7. Development of algal bloom in Lake Taihu monitored using MODIS-derived Rrs by the Z13 algorithm. The regions where algal bloom occurred are
framed by an ellipse.

out. The rapid increase of algae consumes a lot of dissolved
oxygen and releases toxin, leading to fish mortality. The water
quality is deteriorated, and the water usage in daily life is
affected [48]. The monitoring of algal bloom is in need for the
interpretation of the characteristic and for the preparation for
such events in advance. Satellite remote sensing can be a useful
tool for monitoring the algal bloom. An example is presented
for the application of MODIS in monitoring the development
of an algal bloom event broken out in April–June 2007.
MODIS images free of cloud over Lake Taihu during the
algal bloom were processed using the Z13 algorithm. The
retrieved Rrs (443) and Rrs (859) are used to show the development of the bloom, since Chl-a retrieval is still difficult due
to the overlapping absorption from chlorophyll-a and CDOM,
which is abundant in Lake Taihu. On the one hand, the band at
443 nm is used for the strong absorption from algae. The value
of Rrs (443) becomes low with the increase of Chl-a when algal
bloom occurred. However, the low value of Rrs (443) can be
also found in clear waters, which results from the combined
effects from backscattering and absorption. On the other hand,
Rrs (859) becomes high when bloom occurred. As a result,
the algal bloom can be discriminated through combining low

Rrs (443) with high Rrs (859). Fig. 7 shows the true color
images and optical properties of the waters in different stages of
the algal bloom. At the beginning of the bloom [Fig. 7(a)–(d)],
only small population of algae is found in Meiliang bay. The
population increases in Meiliang bay, and a bloom occurred in
Gonghu bay and in western lake on May 7, 2007 [Fig. 7(e)–(h)].
The bloom faded in Meiliang bay and Gonghu bay but occurred
in the central lake on May 14, 2007 [Fig. 7(i)–(l)]. Large algae
populations are found in the western region of the Xisan island
on May 19, 2007 [Fig. 7(m)–(p)]. The algal bloom is dying
down on June 8, 2007 [Fig. 7(q)–(t)]. It should be noted that,
in east Taihu bay, the water is always clear all throughout the
bloom event.
It should also be noted that Rrs (859) is much higher than at
the blue–red bands in the regions where algal bloom occurred. It
is in accordance with the ASD-measured spectra of water where
algal bloom occurred, as shown in Fig. 2(d) and (h). Rrs can be
expressed by [49]

Rrs (λ) = f 

bb (λ)
.
bb (λ) + a(λ)

(2)
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f  is a wavelength-independent parameter. bb is the total
backscattering from water molecules and particles. a is the total
absorption from water molecules, particles, and CDOM. When
algal bloom occurred, light that can be penetrated into the water
decreases with the increase of algae population concentrated on
the air–water surface, and the high absorption of water at NIR
bands is attenuated. a is mainly from the algae absorption and
is negligible [50], [51]. Therefore, Rrs at NIR bands tends to
converge to f  with the increase of algae concentration.
VI. C ONCLUSION AND D ISCUSSIONS
An improved SWIR iterative AC algorithm has been presented in this study for the application of MODIS-Aqua imagery in monitoring the water quality in Lake Taihu, China. The
AC was carried out iteratively. First, the SWIR algorithm was
applied to the selected relatively clear pixels, and ã(531) was
derived as the representative aerosol property over the entire
lake. Second, using ã(531) and the single band at 2130 nm, Rrs
was calculated for all pixels in the lake.
As for the validation of the Z13 algorithm, four examples
of the matchup comparison were first carried out for the observation stations within a ±5-min time window of satellite
overpass and field measurements. It is shown in the examples
that MODIS-measured Rrs compares reasonably well with
in situ data not only over relatively clear waters but also over
turbid waters. The matchup comparison was further carried
out for a total of 54 observation stations within a ±2-h time
window, and MRE and STD were presented for the 11 VIS-NIR
bands. The validation shows that the Z13 algorithm can produce
water spectra with high accuracy considering the complexity
of water optical properties. The atmospheric-corrected water
spectra can be used to monitor the water quality in Lake Taihu.
The development of an algal bloom event, which occurred
in 2007 in Lake Taihu, has been monitored using MODISmeasured Rrs (443) and Rrs (859). It should be noted that Chla is a widely used tool for monitoring the algal bloom. Only
through combining with the Chl-a retrieval model, the Z13
algorithm can be used quantitatively in monitoring the algal
bloom. Blue-green bands are used in the Chl-a retrieval models
for case-1 waters [52]. However, poor results are derived when
these models are applied to case-2 waters due to the overlapping
and uncorrelated absorption of CDOM and suspended sediment
[53]. Blue bands should be avoided due to the strong absorption
of CDOM, which is abundant in Lake Taihu. A lot of research
has been carried out for retrieving Chl-a in case-2 waters
using red–NIR bands. Dall’Olmo and Gitelson [54] established
a three-band reflectance model for assessing Chl-a in turbid
productive waters. Two red bands in the range of 670–700 nm
and one NIR band around 750 nm are used in the model.
Using the measured Rrs and Chl-a, three bands with central
wavelengths of 666, 688, and 725 nm were selected by means
of optimization and iteration for retrieving Chl-a in Lake Taihu
[55]. An improved four-band model had a better performance
than the three-band model when applied to Lake Taihu [56].
The central wavelengths for the four bands are at 663, 693,
705, and 740 nm. Overall, the Z13 algorithm, combined with
the retrieval models using red–NIR bands, can be used to

Fig. 8. Matchup comparison between MODIS-measured ã(531) and in situ
data calculated using the CE-318-measured τa .

quantitatively calculate Chl-a, providing useful information for
monitoring the algal bloom in Lake Taihu. The AC algorithm
developed in this study can be also applied in other turbid
regions as waters in lakes and estuaries with small area and with
low variation of aerosol.
A PPENDIX
VALIDATION OF ã(531) AND I TS I MPACT
ON THE MODIS-M EASURED Rrs
The aerosol model is selected by relative humidity and
ã(531). As the relative humidity is from the in situ meteorological data, ã(531) is the only critical parameter for selecting
the aerosol model and thus for determining the accuracy of
the retrieved Rrs . Therefore, ã(531) is validated using the
CE-318 measurements at the station of Lake Taihu [see the geographical location in Fig. 1(b)] provided by AErosol RObotic
NETwork. The measurements are level-2.0 data, which are
cloud screened and quality assured (http://aeronet.gsfc.nasa.
gov/new_web/index.html). The validation is carried out using
the data within a ±15-min time window of satellite overpass
and field measurements.
It is noted that τa is measured by CE-318 at the bands 1640,
1020, 870, 675, 500, 440, 380, and 340 nm. τa ’s at 531 and
869 nm used to calculate α(531) are derived by means of
the interpolation using the CE-318-measured τa . A quadratic
polynomial presented in [57] for the fitting of τa was used in
the interpolation.
Fig. 8 shows the matchup comparison between MODISmeasured ã(531) and in situ α(531) for a total of 20 measurements, with the MRE and STD about 0.112 and 0.101, respectively. It is noted that the difference in Fig. 8 probably resulted
from the uncertainties in the Z13 algorithm. The difference is
also possibly due to the spatial variation. MODIS measurement
is the mean value for the entire lake, and in situ data denote the
measurement at one point in the north of the lake.
The impact on MODIS-measured Rrs from the uncertainties
in ã(531) is evaluated by adding the MRE from Fig. 8 to
ã(531). Table IV shows the results of the evaluation using
MODIS data on January 8, 2007, as a test image. It should
be noted that MODIS-measured Rrs is derived by averaging
the value for a box of 100 × 100 pixels indicated as “A” in
Fig. 1(b). It is shown in Table IV that MODIS-measured Rrs
in short wavelengths is more sensitive to the uncertainties
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TABLE IV
E FFECTS OF U NCERTAINTIES IN ã(531) ON MODIS-M EASURED Rrs

in ã(531) than that in long wavelengths. As La at VIS-NIR
bands is extrapolated from La (2130), the effect on La from
the extrapolation increases with the increase of wavelength
difference and hereafter the retrieved Rrs .
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