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a b s t r a c t
Suspended particulate matter (SPM) is a key parameter describing water quality, and developing the
retrieval model of SPM concentration (CSPM ) is fundamental for obtaining the spatiotemporal information
of CSPM and further for understanding, managing and protecting aquatic ecosystems. This study aimed to
compare moderate resolution imaging spectroradiometer (MODIS)-based CSPM retrieval models in order
to ﬁnd the optimal model for improving the CSPM estimation in Poyang Lake. The CSPM measurements on
27 September 2007 and their coincident MODIS Terra image were used to calibrate retrieval models with
the least-squares technique. The CSPM measurements on 31 August 2012 and the MODIS Terra image
on 30 August 2012 were applied to validate the calibrated models, and the correlation coefﬁcient (r)
between the measured and estimated CSPM values, the root mean square error (RMSE) and relative root
mean square error (RRMSE) of estimation as well as the model bias evaluation result were compared to
determine the optimal model for estimating the CSPM values of Poyang Lake from MODIS images. Model
calibration showed that, after two samples were removed, the exponential models of blue, green and
red band, the linear model of infrared band, the cubic model of red band as well as the exponential
model of red minus infrared band explained about 92%, 88%, 90%, 89%, 90% and 76% of the variation of
CSPM , respectively; while model validation indicated that, after removing two samples, the exponential
models of blue and green band got biased CSPM estimations, the agreement between the measured and
estimated CSPM values was not very high (r = <0.8) for the models with single red and infrared band, and
the exponential model of red minus infrared band got the best result among all calibrated models (r = 0.87,
RMSE = 22.1 mg/l, RRMSE = 52.8%). We concluded that the exponential model of red minus infrared band
obtained stable CSPM estimation and was the optimal model for CSPM estimation in this study, and more
independent datasets should be obtained to further validate our ﬁnding for improving the CSPM estimation
in Poyang Lake.
© 2013 Elsevier B.V. All rights reserved.

1. Introduction
Multiple functions are provided by lakes, and they are often
inﬂuenced by water quality. Suspended particulate matter (SPM)
is a key parameter describing water quality because of its important impacts on water bodies, such as transporting nutrients and
contaminants, reducing light transmission through water column
and inﬂuencing entire aquatic ecosystem. Therefore, for understanding, managing and protecting lake ecosystems, obtaining
the spatiotemporal information of SPM concentration (CSPM ) is
necessary.
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Remote sensing techniques have been widely applied to obtain
the spatiotemporal information of CSPM since the launch of the
ﬁrst Landsat satellite in 1972. Moderate resolution imaging spectroradiometer (MODIS) is a key instrument aboard the Terra and
Aqua satellites, which were launched by the National Aeronautics
and Space Administration (NASA) in 1999 and 2001, respectively (http://modis.gsfc.nasa.gov). With their advantages such as
medium spatial resolution, daily coverage, high sensitivity and
cost-free distribution (Li and Li, 2004; Miller and McKee, 2004),
MODIS images were frequently employed to retrieve CSPM during
the past decade. Furthermore, the two MODIS sensors have collected more than 10-year massive data of the Earth’s surface, and
such an image archive provides great opportunity for us to monitor
and analyse the long-term spatiotemporal dynamics of the Earth’s
surface parameters like CSPM .

64

G. Wu et al. / International Journal of Applied Earth Observation and Geoinformation 24 (2013) 63–72

Table 1
Some published regression models of suspended particulate matter concentration (CSPM , mg/l) based on moderate resolution imaging spectroradiometer (MODIS). Rrs () is
the remote sensing reﬂectance at the wavelength of  nm, Lw () is the water-leaving radiance at  nm; R2 is the determination coefﬁcient of calibrated model, SE is estimated
standard error, n is the number of sampling.
Author(s)

Model

R2

Cui et al. (2013)

CSPM = 1.063 Exp(27.859Rrs (645))

0.91

54

0–141.9

Poyang Lake, China

Feng et al. (2012)

CSPM =
0.6786 Exp(34.366(Rrs (645) − Rrs (nearest 1240)))

0.87

38

3–200

Poyang Lake, China

Ondrusek et al. (2012)

CSPM =
3
2
3.8813Lw (645) − 13.822Lw (645) + 19.61Lw (645)

0.79

35

4.5–14.9

CSPM = 4.0955 + 5.2893Lw (645)

0.83
0.81

27

0–40a

3.5938

0.74

18

0–100a

3.6279

CSPM = 78, 764Rrs (645)

0.81

18

0–210a

Chen et al. (2011a)

Log10 (Rrs (859))/Log10 (Rrs (645)) =
2
−0.1325 Log10 (CSPM ) + 0.7429 Log10 (CSPM ) +
0.6768

0.86

32

1.29–208

Apalachicola Bay, United States

Chen et al. (2011b)

Log10 (Rrs (859))/Log10 (Rrs (645)) =
0.4339 Log10 (CSPM ) + 0.8288

0.80

25

1.29–208

Apalachicola Bay, United States

Zhao et al. (2011)

CSPM = 2.12 Exp(45.92Rrs (645))

0.78

63

0–87.8

Tarrant et al. (2010)

CSPM = 0.0213(Rrs (645) − Rrs (859)) + 0.232

0.82

105

0.30–13.4

Roosevelt, Bartlett Pleasant Lake,
United States

Zhang et al. (2010)

Ln(CSPM ) =
2
0.015(Rrs (645)) + 0.003(Rrs (645)) − 0.282

0.87

166

4.32–311.4

Taihu Lake, China

Ln(CSPM ) = 166.960/(Rrs (470) − Rrs (645)) − 2.192

0.79

Ln(CSPM ) = −16.997Rrs (470)/Rrs (645) +
2
3.326(Rrs (470)/Rrs (645)) + 23.681

0.87

Ln(CSPM ) =
−29.707(Rrs (470) − Rrs (645))/(Rrs (470) +
Rrs (645)) + 41.886(Rrs (470) −
3
Rrs (645))/(Rrs (470) + Rrs (645)) + 11.358

0.87

Wang and Lu (2010)

Ln(CSPM ) = 0.262(Rrs (859) − Rrs (1240)) + 4.117

0.78

35

74–881

Lower Yangtze River, China

J. Wang et al. (2010)

CSPM = 60.24(Rrs (859) − Rrs (1240)) − 23.03

0.73

153

74–881

Middle and Lower Yangtze River,
China

H.Q. Wang et al. (2010)

Log10 (CSPM ) =
1.5144 Log10 (Rrs (859))/Log10 (Rrs (645)) − 0.5755

0.72

16

1–64a

Apalachicola Bay, United States

Log10 (CSPM ) =
0.1497 Exp(1.5859 Log10 (Rrs (859))/Log10 (Rrs (645)))

0.61

11

Chen et al. (2009)

Log10 (Rrs (859))/Log10 (Rrs (645)) =
2
−0.1356 Log10 (CSPM ) + 0.7402 Log10 (CSPM ) +
0.6836

0.85

25

1.29–208

Apalachicola Bay, United States

Jiang et al. (2009)

Log10 (CSPM ) = 0.3568 Ln(Rrs (859)) + 3.3431

0.81a

56

0–170a

Taihu Lake, China

0–142

Poyang Lake, China

Jiang and Liu (2011)

2

CSPM = 1365.5(Rrs (470) + Rrs (555)) −
369.08(Rrs (470) + Rrs (555)) + 27.216
CSPM = 50, 228Rrs (645)

3

n

CSPM range

Location

Chesapeake Bay, United States

Poyang Lake, China

Mobile Bay estuary, Alabama

Wu and Cui (2008)

CSPM = 86, 236.23Rrs (645) −
2
15, 858.70Rrs (645) + 1005.29Rrs (645) − 15.67

0.92

42

Liu and Rossiter (2008)

CSPM = 7167Rrs (645) − 42

0.91

25

15.6–518.8

Kutser et al. (2007)

CSPM = 349.83Rrs (645) + 2.9663

0.86

11

2–8a

Liu et al. (2006)

Ln(CSPM ) = 2.495(Rrs (645) − Rrs (859))/(Rrs (645) +
Rrs (859)) + 1.810

0.72

41

23.4–61.2

Sipelgas et al. (2006)

CSPM = 110.3Rrs (645) + 2

0.58

48

3–10a

Pakri Bay, Finland

Hu et al. (2004)

CSPM = 0.00522 Exp(1002(Rrs (645) − Rrs (859)))

0.90

31

2–11

Tampa Bay, United States

Miller and McKee (2004)

CSPM = −1.91 + 1140.25Rrs (645)

a

Means that the value was estimated for the related literature.

0.89

52

Poyang Lake, China
Muuga and Sillamäe Port, Estonia

a

0–60

Middle Yangtze River, China

Lake Pontchartrain, Mississippi
River Delta and Mississippi Sound,
United States
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Three kinds of models were generally used to retrieve the CSPM
values of case-II waters from MODIS images: empirical, semiempirical and semi-analytical models. Due to their strict theories,
the semi-analytical models might be more uniﬁed for different
water bodies compared with the empirical and semi-empirical ones
(Sipelgas et al., 2009; Binding et al., 2010, 2012); however, their
applications are limited because of the difﬁculties or inaccuracies
on obtaining model-driving parameters (Ma et al., 2010). Thus, the
empirical and semi-empirical models are now frequently applied
for estimating CSPM values from MODIS images (details in Table 1)
since they are simple and easy to be developed; however, they are
often region- and time-dependent because of no strict theoretical
foundations as well as the different optical properties at different
water bodies or even at different time periods (e.g. at the Taihu
Lake of China and the Apalachicola Bay of United States in Table 1).
Therefore, the empirical and semi-empirical models generally need
to be calibrated or validated when they are applied to different
water bodies or different seasons.
Poyang Lake is the current largest freshwater lake in China.
To date, several MODIS-based empirical or semi-empirical models have been developed to retrieve the CSPM values in this lake
(Table 1), including a linear model of red band by Liu and Rossiter
(2008), a cubic model of red band by Wu and Cui (2008), a
quadratic model of the sum of blue and green band as well as
two power models of red band by Jiang and Liu (2011), an exponential model of the difference of red and mid-infrared band
by Feng et al. (2012) and an exponential model of red band by
(Cui et al., 2013). However, the models of Jiang and Liu (2011)
showed seasonal difference, and the results of Liu and Rossiter
(2008), Feng et al. (2012) and Cui et al. (2013) were not validated with independent datasets. Thus, that which model is
more suitable and stable for this lake is still unclear. This study
aimed to compare MODIS-based retrieval models in order to
ﬁnd the optimal model for retrieving the CSPM values in Poyang
Lake, which will lay foundation for accurately obtaining the spatiotemporal information of CSPM from long-term MODIS image
archive.
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2. Materials and methods
2.1. Study area
Poyang Lake (115◦ 47 –116◦ 45 E, 28◦ 22 –29◦ 45 N) is located
south of the middle reaches of the Yangtze River (Fig. 1A). It receives
water from ﬁve rivers (Raohe, Xinjiang, Fuhe, Ganjiang and Xiushui)
and drains into the Yangtze River through a narrow channel in the
north. The lake area ﬂuctuates from <1000 km2 in dry seasons to
around 4000 km2 in ﬂood seasons (Xu et al., 2001; Shankman et al.,
2006). Poyang Lake has signiﬁcant roles in local economic and social
development as well as in global ecological conservation. The lake is
an internationally important wetland with a rich biodiversity of 102
species of aquatic plants and 122 species of ﬁsh; and it is also one
of the largest bird conservation areas in the world, hosting millions
of birds from over 300 species (Wu and Ji, 2002). SPM is one of
the dominant factors affecting the water quality of Poyang Lake
(Wu et al., 2011). Especially, the intensive sand dredging activities,
which started around 2001 in the northern Poyang Lake (Zhong
and Chen, 2005), cause sediments to be resuspended and increase
sediment concentration (Wu et al., 2007).
2.2. Fieldworks
Two ﬁeldworks were carried out on 27 September 2007 and 31
August 2012, and a total of 96 sampling sites (42 in 2007 and 54
in 2012) (Fig. 1B) were selected from turbid to clear water. At each
site, a global position system receiver (Garmin Ltd.) was used to
record the location coordinate, and about 300–500 ml of surface
water was collected from around 0–50 cm water depth for CSPM
measurement.
2.3. CSPM measurement
The CSPM value of each water sample was measured according to
the investigation criteria about the lakes of China (Huang, 1999) as
follows: a 0.45 m nucleopore membrane ﬁlter was weighed ﬁrst,

Fig. 1. (A) Map showing the location of Poyang Lake, and (B) the infrared band of moderate resolution imaging spectroradiometer image captured on 30 August 2012 showing
96 sampling sites in 2007 (white triangle) and 2012 (white cross).
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wetted with distilled water, dried for 1 h at 110 ◦ C in a drying oven,
and reweighed after recovering to room temperature in a desiccator; the water sample was then shaken to suspend sediments, and
poured through the membrane ﬁlter using a vacuum pump ﬁltration apparatus; the membrane ﬁlter was dried for 2 h at 110 ◦ C and
reweighed after cooling to room temperature in the desiccator; and
ﬁnally the CSPM value was calculated by dividing the weight difference of the membrane ﬁlter before and after ﬁltering by the water
sample volume.
2.4. Image acquisition and pre-processing
The MODIS Terra Level-0 images captured on 27 September
2007 and 30 August 2012 were downloaded from NASA EOS data
gateway (https://lpdaac.usgs.gov/get data, accessed 01.09.2012).
The atmospheric correction of each image was carried out following
the steps applied by Feng et al. (2012): (1) with SeaDAS software
(http://seadas.gsfc.nasa.gov), the Level-0 image was calibrated to
generate at-sensor radiance; (2) the remote sensing reﬂectance was
∗ () =
calculated from the calibrated at-sensor radiance using Rrs
∗
Lt ()/(F0 () cos ) − Rr (), considering Rayleigh scattering effect,
∗ () is the
where  is the wavelength (nm) of MODIS band, Rrs
remote sensing reﬂectance at  nm after removing Rayleigh scattering and gaseous absorption effects, Lt∗ () is the calibrated at-sensor
radiance after correction for gaseous absorption, F0 () is the
extra-terrestrial solar irradiance,  is the solar zenith angle, and
Rr () is the Rayleigh reﬂectance scattering derived from 6S code
(Kotchenova et al., 2006; Kotchenova and Vermote, 2007); and (3)
based on the assumption that the remote sensing reﬂectance in
middle infrared region was zero, the aerosol effect at visible and
∗ () − R∗ (1240) for
near infrared bands was removed by Rrs () = Rrs
rs
each pixel, where Rrs () is the ﬁnal remote sensing reﬂectance at
 nm. All atmospherically corrected images were then projected
into WGS 84/UTM zone 50 N using the nearest-neighbour resampling method. Finally, the land areas and small water bodies were
removed using the mask layer created from the MODIS images.
2.5. Model calibration
Two samples in 2012 were removed due to their abnormal
reﬂectance values (one with negative value, and another with high
value due to close to lake shore) in infrared band (859 nm). The
CSPM measurements of remaining water samples in 2007 and 2012
as well as their corresponding MODIS blue, green, red and infrared
band reﬂectance were statistically described, respectively. The 42
and 40 (two samples were removed) CSPM measurements on 27
September 2007 combined with their coincident MODIS reﬂectance
were used to calibrate CSPM retrieval models, respectively. The linear, quadratic, cubic, power and exponential models developed by
Liu and Rossiter (2008), Wu and Cui (2008), Jiang and Liu (2011),
Feng et al. (2012) and Cui et al. (2013) as well as other potential
models listed in Table 1 were calibrated using the least-squares
technique. Twelve models with high determination coefﬁcient (R2 )
and low estimated standard error (SE) were selected from all calibrated models, and six models calibrated with 40 samples were
further validated using an independent dataset.
2.6. Model validation and comparison
Fifty-two and ﬁfty (two samples were removed) CSPM measurements on 31 August 2012 combined with the MODIS image
on 30 August 2012 (about 21–30 h between the ﬁeldwork and
Terra satellite overpass) were used to validate the above selected
six models, respectively. Each model was applied to estimate the
CSPM values at sampling sites from MODIS image. The correlation
coefﬁcient (r) between the measured and estimated CSPM values

of water samples as well as the root mean square error (RMSE)
and relative root mean square error (RRMSE) of estimation were
calculated to evaluate model performance. For the dataset with
50 samples, the null hypotheses that the slope and intercept of
the linear regression line between the measured and estimated
CSPM values were equal to one and zero was tested also to assess
model bias. The r, RMSE and RRMSE values as well as the model
bias evaluation result of six selected models were compared to
determine the optimal one for estimating the CSPM values of
Poyang Lake from MODIS images. Finally, the optimal model was
applied to the MODIS images on 27 September 2007 and 30 August
2012 to retrieve the CSPM values of Poyang Lake.
3. Results
3.1. CSPM measurements and MODIS reﬂectance
The statistics of CSPM measurements and their corresponding
MODIS blue, green, red and infrared band reﬂectance values on
27 September 2007 and 30–31 August 2012 are shown in Table 2.
The CSPM values were not signiﬁcantly different between the two
time periods at a signiﬁcance level of 0.05 (z-test for mean difference: mean CSPM on 27 September 2007 = 39.6 ± 42.0 mg/l, mean
CSPM on 31 August 2012 = 46.7 ± 48.7 mg/l, z = 0.76, p = 0.45). The
MODIS band reﬂectance associated with these CSPM measurements
decreased from blue to infrared spectral region due to the increased
absorption by water column, but their variations increased.
3.2. Model calibration
The scatter plots of 42 water samples on 27 September 2007
(Fig. 2) show that the MODIS blue, green, red and infrared band
reﬂectance all correlate positively to CSPM measurement. To 42
water samples, the exponential models of blue, green and red band,
the linear model of infrared band as well as the cubic model of red
band explained 76–81% of the variation of CSPM . After two samples
which largely deviate from the regression lines were removed,
the aforementioned ﬁve models were greatly improved, and they
could explain 88–92% of the variation of CSPM ; however, the highest
and lowest correlation coefﬁcients (r) derived from these models
were not signiﬁcantly different at a signiﬁcance level of 0.05 (z-test
for two correlation coefﬁcients: the lowest r = sqrt(0.88) = 0.938,
the highest r = sqrt(0.92) = 0.959, z = 0.91, p = 0.36). The exponential
model of red minus infrared band got the lowest ﬁtting accuracy
among all the models listed in Fig. 2, and it explained 73% and 76%
of the variation of CSPM for 42 and 40 water samples, respectively;
Table 2
Statistics describing the variations of suspended particulate matter concentrations
(CSPM , mg/l) and their corresponding blue, green, red, infrared band reﬂectance
(100%) of moderate resolution imaging spectroradiometer Terra images on 27
September 2007 and 30 August 2012. StdDev means standard deviation (unit is
the same as that of the above corresponding parameter), and CoeVar is variation
coefﬁcient (%).

2007 (n = 42)
Maximum
Minimum
Mean
StdDev
CoeVar
2012 (n = 52)
Maximum
Minimum
Mean
StdDev
CoeVar

CSPM

Blue

Green

Red

Infrared

141.9
0.0
39.6
42.0
106.1

0.193
0.126
0.162
0.022
13.6

0.192
0.109
0.159
0.028
17.6

0.183
0.060
0.124
0.042
33.9

0.060
0.014
0.030
0.015
50.0

173.3
0.0
46.7
48.7
104.3

0.203
0.105
0.166
0.020
12.0

0.197
0.093
0.163
0.026
16.0

0.175
0.075
0.129
0.032
24.8

0.050
0.005
0.032
0.010
31.3
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Fig. 2. Goodness-of-ﬁt regression models of suspended particulate matter concentration (CSPM , mg/l) against the single band (%) and red minus infrared band (%) of the
moderate resolution imaging spectroradiometer Terra image on 27 September 2007. X and Y represent the horizontal and vertical axes. (1) is the result with 42 samples, and
(2) is the result when two samples (shown with hollow rectangles) were removed. SE means estimated standard error.
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moreover, removing two samples had no signiﬁcant effect on
model ﬁtting accuracy at a signiﬁcance level of 0.05 (z-test for
two correlation coefﬁcients: lower r = sqrt(0.73) = 0.854, higher
r = sqrt(0.76) = 0.872, z = 0.29, p = 0.77).
3.3. Model validation
With the CSPM measurements on 31 August 2012 and the MODIS
image on 30 August 2012, the validation results of the aforementioned six calibrated models using 40 samples are shown in Fig. 3.
To 52 water samples, there exited signiﬁcant correlations between
the measured and estimated CSPM values at a signiﬁcance level of
0.05 for all models, but clear estimation biases were observed for
the exponential models of blue and green band. The correlation was
very strong with low RMSE and RRMSE values for the exponential model of red minus infrared band (r = 0.82, RMSE = 30.1 mg/l,
RRMSE = 65.2%), weak with high RMSE and RRMSE values for
the linear model of infrared band (r = 0.43, RMSE = 39.0 mg/l,
RRMSE = 84.5%) and strong with moderate RMSE and RRMSE values
for the exponential (r = 0.75, RMSE = 33.7 mg/l, RRMSE = 73.1%) and
cubic (r = 0.75, RMSE = 33.2 mg/l, RRMSE = 72.1%) model of red band.
After the two samples with the highest CSPM values were
removed, the correlation between the measured and estimated
CSPM values was greatly improved for all calibrated models except
for the linear model of infrared band (Fig. 3), but the estimation
biases still appeared for the exponential models of blue and green
band (Table 3). There exited signiﬁcant and very strong correlation
between the measured and estimated CSPM values for the exponential models of red (r = 0.80, RMSE = 26.6 mg/l, RRMSE = 63.7%) and
red minus infrared band (r = 0.87, RMSE = 22.1 mg/l, RRMSE = 52.8%)
as well as the cubic model of red band (r = 0.80, RMSE = 26.4 mg/l,
RRMSE = 63.1%) at a signiﬁcance level of 0.05. The results of null
hypothesis tests of intercept equal to zero and slope equal to one
for the regression line between the measured and estimated CSPM
values revealed that the intercept and slope were not signiﬁcantly
different from zero and one for the aforementioned three models
at a signiﬁcance level of 0.05 (Table 3).
3.4. Model comparison and CSPM estimation
Although the exponential model of red minus infrared band got
the lowest ﬁtting accuracy among the models listed in Fig. 2 when
40 water samples were used for model calibrations, it still explained
76% of the variation of CSPM . Moreover, this model got the best
validation result (r = 0.87, RMSE = 22.1 mg/l, RRMSE = 52.8%) among
the six calibrated models in Fig. 3, based on the comparisons of r,
RMSE and RRMSE values as well as model bias evaluation results.
Therefore, we considered that the exponential model of red minus
infrared band got the best stable and acceptable result for estimating CSPM values from MODIS image in this study.
The exponential model of red minus infrared band was applied
to the MODIS images on 27 September 2007 and 30 August 2012 to
retrieve the CSPM values of Poyang Lake, and clear spatiotemporal
CSPM variations were observed in Fig. 4. The dredging was restricted
to the northern Poyang Lake before 2011, and it caused very high
CSPM values in this region (Fig. 4A) (Wu et al., 2007). The dredging
activities were removed to the central Poyang Lake from 2011 (ﬁeld
observation), which resulted in a turbid band with high CSPM from
the central to northern region (Fig. 4B).
4. Discussion
The coincidence between satellite overpass and in situ water
quality parameter measurement is very important for developing
remote sensing-based water quality parameter retrieval models
especially for a very dynamic waterbody, and model accuracy

generally declines when enlarging the time difference between
satellite overpass and in situ water quality parameter measurement. In this study, we used the CSPM values measured on 31 August
2012 and the MODIS Terra image on 30 August 2012 to validate
models, which might affect model validation results at a certain
level. We, however, considered that this effect should be weak,
because there were no rainfall and large changes on wind speed
and water level during these two days.
Two samples greatly affecting calibration results were removed
from the dataset on 27 September 2007 (Fig. 2). The same sampling dataset combined with its coincident MODIS Terra surface
reﬂectance product (MOD09), which was computed from MODIS
Terra level 1B bands 1–7 with 6S atmospheric correction method
(Kotchenova et al., 2006; Kotchenova and Vermote, 2007), were
employed for model calibrations by Wu and Cui (2008), and no
sample with large deviation from regression line was observed. We,
thus, considered that the atmospheric correction method employed
in this study might cause the large deviation of two samples from
the regression lines. Two samples with the highest CSPM values
affecting validation results were removed from the dataset on
30–31 August 2012 (Fig. 3). Sand dredging occurs in Poyang Lake
(Wu et al., 2007), which results in very high CSPM values in some
regions. The removed samples could be located within these areas,
but their corresponding MODIS image pixel with 250 m spatial resolution might only cover part of these regions. Such scale difference
of ﬁeld sampling and image pixel might cause that a higher measured CSPM measurement corresponded to a lower MODIS band
reﬂectance and further a lower estimated CSPM value.
In this study, the models of MODIS Terra red and near infrared
band as well as red minus infrared band well explained the variation
of CSPM measurements, while their validations showed unbiased
CSPM estimations (Fig. 2). The water-leaving radiances captured by
remote sensing sensor are used to estimate water quality parameters such as CSPM , and they are affected by the absorption and
backscattering coefﬁcients of waterbody (Lee et al., 2002). These
coefﬁcients are determined mainly by phytoplankton, suspended
sediment, yellow substance and water itself (Kirk, 1994; Ma et al.,
2006). Their absorption coefﬁcients decrease with the increasing
wavelength and are close to zero in the red and near infrared bands,
especially for water bodies with low phytoplankton concentration;
thus, the water-leaving radiance is dominated by the backscattering coefﬁcient of suspended sediment within the red and near
infrared regions (Doxaran et al., 2006; Ma et al., 2010). Such water
absorption and backscattering characteristics explained why the
red and infrared bands had great potentials to estimate CSPM .
The models of MODIS Terra red and near infrared band as well
as red minus infrared band obtained different ﬁtting accuracies
(R2 = 0.76–0.90) in our study (Fig. 2), which were moderate compared with those listed in Table 1 (R2 = 0.58–0.92). Many factors
might affect model ﬁtting accuracy, such as CSPM range, sampling
number, water constituents or model form. No signiﬁcant correlation was observed between R2 and CSPM range (r = 0.08, p = 0.68,
n = 28) as well as between R2 and sampling number (r = 0.06,
p = 0.77, n = 28) at a signiﬁcance level of 0.05 when the results from
our study and Table 1 were analysed together. Thus, the difference
in ﬁtting accuracy could be explained by that most CSPM models
were empirical or semi-empirical ones, the form and accuracy of
which varied in different water bodies or at different seasons due
to different water constituents (Liu et al., 2003; Zhang et al., 2008;
Ma et al., 2010). Therefore, model calibrations or validations are
very necessary when they are applied to different water bodies or
different seasons.
Several MODIS red band-based CSPM models have been developed for Poyang Lake, and they showed large variation (Fig. 5).
We could not quantitatively evaluate which model was more
accurate compared with other models, because all these models
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Fig. 3. Validations of the goodness-of-ﬁt regression models using the suspended particulate matter concentration (CSPM , mg/l) values measured on 31 August 2012 and the
moderate resolution imaging spectroradiometer Terra image on 30 August 2012. (1) is the result with 52 samples, and (2) is the result when two samples (shown with hollow
rectangles) were removed. The solid and dashed lines are the regression lines between the measured and estimated CSPM values, and the dotted line is the 1:1 line. RMSE
(mg/l) and RRMSE (%) are the root mean square error and relative root mean square error of estimation. (A)–(F) correspond to the model number used in Fig. 2.
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Table 3
Null hypothesis tests of the intercept (a) equal to zero and slope (b) equal to one of the regression line between the measured and estimated suspended particulate matter
concentration (CSPM ) values of 50 water samples. SE is standard error. The bold p value indicates that the null hypothesis test is statistically signiﬁcant at a signiﬁcance of
0.05. (A)–(F) correspond to the model number used in Fig. 2.
Intercept (a)
a ± SE
(A)-(2)
(B)-(2)
(C)-(2)
(D)-(2)
(E)-(2)
(F)-(2)

0.8903
2.5419
14.5908
11.0129
2.9644
5.7735

±
±
±
±
±
±

5.8317
10.1351
4.8193
4.6573
5.6329
4.2314

Slope (b)
t

p

b ± SE

0.1527
0.2508
3.0276
2.3647
0.5263
1.3644

0.8793
0.8030
0.0039
0.0220
0.6010
0.1785

1.1339
0.8013
0.5175
0.6132
1.0814
1.0299

were calibrated using different datasets, different atmospheric
corrections of images or at different seasons. Considering atmospheric correction method, Jiang and Liu (2011) used ﬂaash
method, and Wu and Cui (2008) and Cui et al. (2013) applied
6S code (Kotchenova et al., 2006; Kotchenova and Vermote,
2007); while the exponential model by Cui et al. (2013) (Fig. 5
(2), CSPM = 1.063 Exp(27.859Rrs (645))), one power model by
Jiang and Liu (2011) (Fig. 5 (4)-B, CSPM = 78,764Rrs (645)3.6279 )
and the cubic model by Wu and Cui (2008) (Fig. 5 (5), CSPM =
86,236.23Rrs (645)3 −15,858.70Rrs (645)2 + 1005.29Rrs (645)−15.67)
got very consistent ﬁtting results. However, these employed
traditional atmospheric correction methods (e.g. ﬂaash and 6S) are
considered as not be applicable over turbid case-II waters, because
they are based on the assumption of zero water reﬂectance in
the near-infrared region (Singh et al., 2013). A speciﬁc atmospheric correction for case-II waters suggested by Feng et al.
(2012) was applied in our study; while compared with the
results of Wu and Cui (2008), who used the same model ﬁtting dataset as that in this study, the employed atmospheric
correction method increased reasonably the MODIS red band
reﬂectance (Fig. 5), but it could not improve ﬁtting accuracy
(Table 1).

±
±
±
±
±
±

0.1248
0.1785
0.0578
0.0615
0.1184
0.0846

t

p

1.0729
−1.1132
−8.3478
−6.2894
0.6875
0.3534

0.2884
0.2710
≤0.001
≤0.001
0.4949
0.7253

We found that, although the model ﬁtting accuracies of CSPM
against single MODIS blue, green, red and infrared band were very
high in this study (R2 ≥ 0.88), the agreements between the measured and estimated CSPM values were not very high (r = <0.8) for
the red and infrared band while the CSPM estimations were biased
for blue and green band when these models were validated using an
independent dataset (Fig. 3). Such calibration and validation results
indicated that a model with a higher ﬁtting accuracy did not imply
higher estimation accuracy when it was applied to different images.
We considered that a key issue resulting in such situation is still
the atmospheric correction of image. Although several atmospheric
correction methods (Wang and Shi, 2007; Wang et al., 2009, 2012;
Feng et al., 2012) have been developed for the case-II waters, they
showed uncertainty or even failed in very turbid waters. Therefore,
developing accurate atmospheric correction methods for the turbid
case-II waters is still challenging.
We also found that, although the exponential model of red
minus infrared band only explained 76% of the variation of CSPM , it
got the highest and unbiased agreement between the measured and
estimated values (r = 0.87). Such result was comparable with that
of Tarrant et al. (2010), who reported that the linear model of red
minus infrared band explained about 82% of the variation of CSPM in

Fig. 4. Suspended particulate matter concentrations retrieved from the moderate resolution imaging spectroradiometer Terra images on 27 September 2007 and 30 August
2012 using the exponential model of red minus infrared band developed in this study.
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The exponential model of red minus infrared band got stable and
acceptable result for estimating CSPM values from MODIS image in
this study. Such model could be applied to other water bodies which
have similar water optical properties. However, careful model
validation or calibration must be carried out ﬁrst, because the exponential model is essentially semi-empirical one, which often varies
at different water bodies or even at different time periods. In addition, the method used for comparing CSPM estimation models in this
study may give a reference to other researchers who also are facing difﬁculties in selecting optimal model for remote sensing-based
water quality parameter retrievals.
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Fig. 5. Plot showing the models for estimating the suspended particulate matter
concentration (CSPM , mg/l) in Poyang Lake with the red band (%) of moderate resolution imaging spectroradiometer image: (1) exponential and cubic models developed
in this study, (2) exponential model by Cui et al. (2013), (3) exponential model by
Feng et al. (2012), (4) power models by Jiang and Liu (2011) and (5) cubic model by
Wu and Cui (2008).

the Roosevelt, Bartlett Pleasant Lake of the United States. Our result
indicated that the exponential model of red minus infrared band
obtained stable and acceptable for estimating the CSPM in Poyang
Lake. The atmospheric correction methods for the case-II waters
have uncertainty, and the difference of two bands might reduce
the impact of atmospheric correction on estimation results (Tarrant
et al., 2010), which might explained why the red minus infrared
band obtained more stable result compared with the single band
in this study.
We observed from Table 1 that the linear models of red and/or
infrared bands were generally employed when the CSPM values
were low while the exponential or power models were usually
applied when the CSPM values were high. Over the red and near
infrared regions, there existed positive correlation between the
concentration and backscattering coefﬁcient of SPM, which dominate the water-leaving radiance. Such correlation is generally
linear when the CSPM values are low, and becomes exponential or
power when the CSPM values are high because of multiple scattering or shielding effect. These could explain why an exponential
model between CSPM and red and/or infrared bands were usually
employed when the CSPM values were high.
The exponential model of red minus infrared band and other
models calibrated in this and other studies (Fig. 5) for estimating the
CSPM of Poyang Lake all showed a saturation phenomenon, namely,
the band reﬂectance will not increase with the increasing CSPM
value when it reach certain value. Such saturation phenomenon
will cause large estimation error for the regions with high CSPM
values. We found that the linear model of infrared band could
explain 89% of the variation of CSPM , which might overcome the
saturation phenomenon, but its validation accuracy was very low
(r = 0.54). Therefore, CSPM retrieval model should be further studied
for Poyang Lake. In addition, only two time period ﬁeld sampling
and MODIS images were employed in this study for model calibration and validation, and more independent datasets should be
obtained to validate our ﬁnding in future.

This study compared the MODIS-based retrieval models in order
to ﬁnd the optimal model for retrieving the CSPM values in Poyang
Lake. The exponential model of red minus infrared band got stable
and acceptable estimation result when compared with the single
band-based models. Such result could be explained by that the
difference of two bands reduced the impact of atmospheric correction uncertainty on estimation results. The developed exponential
model is essentially semi-empirical one, which often varies at different water bodies or even at different time periods. Thus, more
independent datasets should be obtained to further validate our
ﬁnding in this study for improving the CSPM estimation of Poyang
Lake.
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