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ABSTRACT. The present study is focused on remote quantification of total suspended matter (TSM) for turbid inland waters. In situ 
remote sensing reflectance (Rrs) and TSM at 863 stations over 10 inland water bodies from China, Australia, and USA were collected 
and examined. Four empirical regression models based on sensitive reflectance bands (SB), derivatives (SD), the band ratio proposed 
by Doxaran et al. (2002; Rrs850/Rrs550: DM), and optimal band ratios (OBR) were examined to estimate TSM. The performance 
varies due to TSM concentration and the Chl-a: TSM ratio. The four models perform well when the water bodies are dominated with 
non-algal particles at high TSM concentration and yielded higher accuracy (R2 ranged from 0.83 to 0.91) with both DM and OBR 
models, while the OBR model outperformed other models when waters are dominated by phytoplankton. Our findings also indicate 
that phytoplankton in the water column affects the band ratio algorithm for TSM estimates. When data from all water bodies are 
considered collectively, the OBR model (R2 = 0.92) marginally outperforms the other three models (0.89, 0.87, and 0.88 for DM, SB, 
and SD, respectively). Future studies should be undertaken to analyze the influence of phytoplankton abundance on water-leaving 
signals for TSM estimates. The results of the present study also need further analyses to gain a more in-depth understanding of inherent 
optical properties for optically active constituents (OACs), such as absorption and backscattering to interpret the observed variations. 
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1. Introduction 

Total suspended matter (TSM) has a critical impact on 
light propagation in the water column. For inland waters, 
TSM is often related to nitrogen, phosphorus, heavy metal and 
micropollutant fluxes (Dekker et al., 2002; Hu et al., 2004). In 
many turbid regions, TSM is directly related to sediment 
transportation (Fettweis et al., 2006), and to the availability of 
light for primary production (Doxaran et al., 2002; Hu et al., 
2004). The concentrations and budgets are strongly influenced 
by sedimentation and soil erosion via river discharge. As such, 
TSM relates to the environment, ecology, fishery, and econo- 
my of inland waters (Panigrahi et al., 2009). Given that TSM 
is spatially heterogeneous, a synoptic view of TSM concentra- 
tion is very difficult to obtain by merely using an in situ moni- 
toring network (Song et al., 2012), and an optimal mapping 
approach is a combination of remote sensing, in situ measure- 
ments, and water quality modeling (Stumpf and Pennock, 
1989; Han and Rundquist, 1997; Doxaran et al., 2002). De- 
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monstrating strong spectral signals, TSM can be evidently 
mapped from the top-of-atmosphere radiance (Stumpf and 
Pennock, 1989; Hu et al., 2004; Odermatt et al., 2012) or with 
photographs taken from space (Acker et al., 2005). Algori- 
thms for remote estimation of TSM in oceanic and coastal 
waters are well developed, however, improving the perfor- 
mance of these algorithms for monitoring inland waters is still 
required for spatially and compositionally heterogeneous pat- 
terns caused by soil erosion and other anthropogenic impacts 
(Dekker et al., 2002; Doxaran et al., 2006; Song et al., 2012).  

In nature, the upwelling radiance from waters is an inte- 
gration of spectral signal from all constituents in a water 
column. In a shallow aquatic system, the bottom may also 
contribute to the amount of water-leaving radiance (Gons, 
1999; Ma et al. 2006). The influence of TSM or suspended 
minerals on chlorophyll-a (Chl-a) inversion has been widely 
recognized (Gons, 1999; Gitelson et al., 2008; Yang et al., 
2011). Chen et al. (1992) reported that the first derivative of 
remote sensing reflectance can be used to reduce water-sedi- 
ment composite signals, and the presence of significant and 
spectrally variable environmental effects can be partially re- 
moved or reduced through derivative transformation. Deriva- 
tive analysis has proven effective in reducing the effect of 
TSM on Chl-a estimation in controlled experiments with va- 
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rying suspended-sediment concentrations for the spectral do- 
main between 400 and 900 nm (Han et al., 1994; Rundquist et 
al., 1996; Sváb et al., 2005). In contrast, few investigations 
have been conducted to explore the influence of phytoplank- 
ton abundance on TSM estimates (Acker et al., 2005). 

Band ratio algorithms are widely used to determine TSM 

concentration using remote sensing data acquired from va- 
rious platforms (Doxaran et al., 2002; Myint and Waker, 2002; 
Hu et al., 2004; Sváb et al., 2005; Petus et al., 2010, Song et 
al., 2012) for coastal and inland waters. The differences in 
accuracy for the TSM estimation are due to the independent 
variability of optically active constituents (OACs) in case-II 
waters (Nechad et al., 2010). The band ratios used in these 
studies are based on the properties of the near-infrared (NIR) 
reflectance increasing with high concentration of inorganic 
particles (Doxaran et al., 2002), or the ratio of the reflectance 

peak to the reflectance at 550 nm. On the basis of the concept- 
tual bio-optical model (Gordon et al., 1975), Doxaran et al. 
(2002, 2003, and 2005) proved that the band ratio algorithm is 
effective in reducing the effects caused by sediment composi- 
tion and grain-size, in addition to illumination conditions.  

Semi-empirical algorithms are also based on the bio-op- 
tical model through linking remote sensing reflectance (Rrs) 
to water inherent optical properties (IOPs), that is, bulk ab- 
sorption (a) and backscattering (bb): R = f *(bb/a+bb), where R 
is the irradiance reflectance just beneath the water surface 
(Gordon et al., 1975). Algorithms based on bio-optical mo- 
dels have shown a promise to be spatiotemporally transfera- 
ble (Stumpf and Pennock, 1989; Dekker et al., 2001; Nechad 
et al., 2010). The use of bio-optical models for simultaneously 
estimating inorganic suspended matter (ISM), Chl-a, and 
colored dissolved organic matter (CDOM) has been exten- 
sively documented by Brando and Dekker (2003) who presen- 
ted the application of bio-optical models for the assessment of 

coastal water quality. In addition, Hans et al. (2002) demons- 
trated the successful application of the models for monitoring 
inland waters. However, few studies have assessed the effects 
of TSM type (silt, clay, or other types, as well as grain size 
and refractive index) and composition (algal vs. non-algal 
proportion) on the spectral signatures of inland waters (Doxa- 
ran et al., 2003; Binding et al., 2005). Therefore, the spatial 
and temporal transferability of bio-optical models in quanti- 
fying TSM is still uncertain. 

Benefiting from bio-optical modeling and deep insights 
into the IOPs, some empirical models have evolved into 
semi-empirical models (Forget et al., 1999; Babin et al., 2003; 
Acker et al., 2005). Both empirical and semiempirical model 
forms have been selected on the basis of simplified optical 
models and assumptions (Doxaran et al., 2002, 2003). The 
objectives of the present paper are to examine the spectral 
reflectance of inland waters characterized by heterogeneous 
TSM and Chl-a concentrations, and identify an appropriate 
empirical approach that could aid the quantifycation of TSM 
in the presence of variable Chl-a concentrations. The outline 
of the present paper is as follows: First, data collection and 
pre-processing methods are described. Second, two essential 

processing steps, i.e. spectral data processing and the 
algorithm that relates the Rrs to TSM concentration, are 
developed. These aspects are reflected in the empirical model 
results for various datasets with diverse TSM concentrations 
with optimal band ratio algorithm (OBR), Doxaran et al. 
(2002) model (DM), the most sensitive spectral band (SB) and 
sensitive derivative reflectance (SD) models for TSM estima- 
tion. 

 

2. Materials and Methods 

2.1. Study Sites 
Data sets from 10 water bodies from three countries were 

used to test or establish various empirical methods for TSM 
estimates with in situ collected spectra. Two spectrometers 
and three spectroradiometric measurement protocols were 
applied during the various field surveys. 

2.1.1. Northeast and East China Sites 

The Shitoukoumen Reservoir (STKR: 43°52’58.75’’ N, 
125°48’58.49’’ E; area (A) = 42.0 km2; depth (Z) = 6.3 m) and 
Songhua Lake (SHL: 43°38’41.57’’ N, 26°47’53.85’’ E; A = 
550.0 km2; Z = 35.0 m) are the major drinking and rec- 
reational water systems for over 5.1 million residents of Jilin 
province, China. The Shitoukoumen Reservoir is impaired by 
soil erosion and agricultural non-point pollution (Xu et al. 
2009). The catchment up to the dam of Songhua Lake is 
mainly composed of forest (72%), and major pollutants also 
come from agricultural and residential sources through some 
tributaries. Twelve/six field surveys on the STKR/SHL were 
conducted during 2006-2008, where 178 and 156 samples 
were collected, respectively. 

Lake Chagan (CGL: 45°14’33.52’’ N, 124°17’49.48’’ E; 
A = 372.0 km2; Z = 1.52 m), is located in the Southwest of 
Songnen Plain. Water from the Songhua River is discharged 
into the CGL bringing large amounts of suspended sediments. 
In addition, resuspension from the lake bottom contributes to 
TSM because of shallow lake depths coupled with strong 
winds. CGL is also a eutrophic lake with high Chl-a concen- 
tration, and low clarity (Song et al., 2011). There were 99 
samples collected from 2009 to 2010. 

Taihu Lake (THL: 31°10’45.24’’ N, 120°10’27.21’’ E; A 
= 2338.1 km2; Z = 1.9 m) is the largest fresh water body in 
East China with an average storage capacity of 4.76 × 1010 m3. 
As a typical shallow inland lake, THL is a large eutrophic 
water system with high spatial heterogeneity (Ma et al., 2006). 
Various aquatic ecosystems are distributed over the lake, such 
as algal-dominated, macrophyte-dominated, and transition 
zones, with complicated seasonal dynamics of phytoplankton, 
inorganic particulate matter, and CDOM. Altogether, 94 sam- 
ples were collected in October 2008 and May 2010. 

2.1.2. South Australia Sites (SA)  

The Myponga Reservoir (MPR) is an inland potable 
water source (35°24’10.02’’ S, 138°26’13.29’’ E; A = 2.8 km2; 
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Z = 21.5 m), located about 60 km south of Adelaide, and 
providing approximately 5% of the drinking water for the city. 
The Murray River at Mannum (MRM) is situated on the broad 
reaches of the Lower Murray River (34°44’55.11’’ S, 139°19’ 
33.22’’ E; Z = 5.6 m), and one of the main pumping stations 
supplying water to Adelaide is situated in this area. The Mur- 
ray River at Wellington (MRW) is connected to Alexandrina 
Lake (35°23’55.19’’ S, 139°27’33.11’’ E; Z = 5.3 m) just ups- 
tream of where it empties into the Lake. The river is adjacent 
to the coast of the Southern Ocean, serving as major drinking- 
water source for Adelaide through pumping stations. Six field 
surveys were conducted over the three potable waters from 
February to March 2009 yielding a total of 60 samples (see 
Table 1). 

2.1.3. Central Indian Sites (CIN) 

Eagle Creek (ECR: 39°51’09.84’’ N, 86°18’13.07’’ W; A 
= 5.0 km2; Z = 4.2 m), Morse (MR: 40°6’16.84’’ N, 86°2’ 
17.22’’ W; A = 6.0 km2; Z = 4.7 m), and Geist Reservoirs (GR: 
35°56’16.84’’ N, 85°57’47.22’’ W; A = 7.5 km2; Z = 3.2 m) 
are the major drinking water systems supplying potable water 
for over 900,000 residents in the Indianapolis Metropolitan re- 
gion, Indiana. Seventeen field surveys were conducted under 
widely diverse sun angles and sky conditions in 2005 and 
2006 and resulted in 276 samples. 

2.2. In Situ Data Collection 

Samples were obtained under a diverse range of sus- 
pended matter and algal bloom conditions (TSM and Chl-a 
concentrations ranging from 1.69 to 413.9 mg/L and 2.69 to 
183.2 μg/L, respectively). In situ water measurements were 
collected using an YSI 600 XLM multi-parameter probe (YSI 
Inc., Yellow Springs, OH, USA) including temperature (°C), 
turbidity (NTUs) and pH. Water clarity was determined as 
Secchi disk depth (SDD). Surface water grab samples were 
collected at each location at approximately 0.5 m below the 
water surface. Simultaneously, in situ spectral data were co- 
llected using ASD or Ocean Optics USB4000 spectrometers. 

Spectral reflectance for the water bodies in Northeast 
China and East China were measured with an ASD spectro- 
meter in accordance with the procedure proposed by Mobley 
(1999). Radiance was measured for both the water surface 
(Lsw) at approximately 1 m and a standard gray Spectralon 
(Labsphere, Inc., North Sutton, NH) reference panel (Lp) ab- 
out 0.25 m above the panel. In order to effectively avoid the 
interference of boat wakes and the influence from direct solar 
radiance, the spectrometer was positioned at an azimuth angle 
of 135° and a zenith angle of 40°, which yields the optimal 
compromise among conflicting requirements (Mobley, 1999). 
The spectrometer was then rotated upwards by 90 ~ 120° to 
collect skylight radiance (Lsky). The viewing zenith angle was 
the same as that when measuring water radiance. The remote 
sensing reflectance (Rrs) could be calculated as: 
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where r is the reflectivity of skylight at the air-water inter- 
face (r = 0.028 is acceptable for wind speed less than 5 ms−1), 
and ρp represents reflectance of the gray Spectralon standard 
(30%). 

The spectral reflectance for the water bodies in South 
Australia were collected using two inter-calibrated Ocean 
Optics USB4000 radiometers with CDAP/CALMIT programs 
developed by the University of Nebraska at Lincoln (Gitelson 
et al., 2008). The inter-calibration of the instruments was ac- 
complished by measuring the upwelling radiance Lcal(λ) from 
a 25% gray Spectralon reflectance standard and the corres- 
ponding incident irradiance Ecal(λ) simultaneously. The above- 
water surface Rrs at nadir was computed as (Gitelson et al., 
2008): 
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where t is the water-to-air transmittance and equals to 0.98, F 
is the spectral immersion factor computed following Ohde 
and Siegel (2003), n is the refractive index of water relative to 
air taken as 1.33, π is used to transform the irradiance reflec- 
tance R into a remote sensing reflectance, and Rcal(λ) is the re- 
flectance of the Spectralon panel linearly interpolated to ma- 
tch the band centers of each radiometer. 

In situ spectra for the water bodies in Central Indiana, US 
for 2005 and 2006 were collected using an ASD spectrometer. 
Total upwelling radiance (Lup) was recorded with a fiber optic 
pointed in a nadir and was set at approximately 1.2 m above 
the water surface. Downwelling irradiance (Ed) measurements 
were collected at each sample site using a white Spectralon 
(99%). Remote sensing reflectance (Rrs; sr−1) was obtained 
using the ratio of upwelling radiance (Lup; W.m−2.sr−1) at a 
nadir to the downwelling irradiance (Ld; W.m−2): 
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In this spectral measurement method, the impact of wa- 
ter-air interface and path radiance was not considered, how- 
ever this might not have a significant effect on algorithms ba- 
sed on band ratios (Han and Rundquitst, 1997; Doxaran et al., 
2002). 

2.3. Laboratory Analysis 

Approximately 200 ~ 400 mL water samples were fil- 
tered onto pre-ashed and pre-weighed filters (47 mm, 0.7 µm 
pore size GF/F glass fiber filters) using a filtration manifold. 
TSM (mg/L) was calculated by subtracting the original wei- 
ght of the clean filter from the post-filtered weight dried in 

100 °C oven for 1 h. The filters used to measure TSM were wei- 
ghed and then ashed for 75 min at 550 °C in a porcelain mu0 
ffle furnace. Inorganic suspended matter (ISM, mg/L) was ca- 
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lculated by subtracting the original weight of the filter from 
the post-ashed weight. Chl-a concentration was extracted in 
90% buffer acetone and then determined spectrometrically 
following the EPA method (APHA, 1998), with details found 
in Song et al. (2012). 

The TSM absorption coefficient was measured using a 
quantitative filter technique. First, each water sample was fil- 
tered using Whatman GF/FTM filters with a nominal pore si- 
ze of 0.7 µm to measure the absorption spectrum of TSM (ap). 
Second, organic pigments on the filters in the first step were 
removed using the methanol extraction method to measure the 
absorption spectrum of the depigmented samples (ad). Subse- 
quently, the spectral absorption coefficient for phytoplankton 

pigments aph was derived as the difference between ap and ad. 
A detailed description on how to determine the absorption of 
the various constituents can be found in the study by Cleve- 
land and Weidemann (1993) and Xu et al. (2009).  

2.4. Theory and TSM Modeling Methods 

The bio-optical model based on Gordon et al. (1975) 
indicates that irradiance reflectance just beneath water surface 
R(0) is closely related to the concentrations of water consti- 
tuents, in which R(0) is expressed as the ratio of the IOPs, i.e., 
total absorption (a) and backscattering (bb) of OACs, and can 
be expressed as: 

)()(

)(
),0(




b

b

ba

b
fR


  (4) 

where f denotes the experimental factor dependent on the light 
field (sun angle) and volume scattering function; and a(λ) and 
bb(λ) are the total absorption and backscattering coefficients 
(m-1) for a given wavelength, which are given by: 

a(λ) = aw(λ) + aph(λ) + aTR + aCDOM(λ)  (5) 

bb(λ) = bb,w(λ) + bb,ph(λ) + bb,TR(λ)  (6) 

where aw(λ), aph(λ), aTR(λ), and aCDOM(λ) are the absorption 
coefficients for pure water, phytoplankton, TR denotes trip- 
ton, and CDOM at wavelength (λ), respectively, whereas 
bb,w(λ), bb,ph(λ), and bb,TR(λ) are the backscattering coefficients 
for corresponding components in a water column. 

The primary objective of this study is to compare various 
empirical models for TSM estimation with data sets collected 
at various times and locations with a large concentration gra- 
dient. However, the relationships between water constituent 
IOPs and below-water reflectance, Rrs(0

-, λ) and above water 
remote sensing reflectance Rrs (0+, λ), will help to explain 
these empirical models. Several studies have demonstrated 
that derivative analysis is an effective approach for TSM 
estimation using hyperspectral data (Chen et al., 1992; Han 
and Randquist, 1997), which can be derived from: 

   2/)( )1()1()( jji RRD   (7) 

where Dλ(i) is the first derivative at a wavelength i midpoint 
between wavebands j-1 and j+1. Rλ(j-1) and Rλ(j+1) are reflec- 
tance at the j-1 and j+1 waveband and  is the difference in 
wavelengths (Pu and Gong, 2000). A 5-point triangular smoo- 
th algorithm was applied to the original spectral reflectance to 
reduce the noise before calculating the derivative of Rrs, 
which was implemented in Matlab 2009b software. 

2.5. Model Accuracy Assessment 

Different parameters between predicted value (y´) and 
measured value (y) are calculated, including root mean square 
error (RMSE), relative RMSE (RMSE %), and mean absolute 
errors (MAE). The RMSE, MAE and relative error (RE), in- 
cluding its corresponding relative parameters are calculated 
by the following formula: 
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where N is the number of samples in the dataset, and y  
denotes the average measured value. Further, determination 
coefficient (R2) and ratio of prediction to deviation (RPD) 
were applied in this study. As R2 is a very common parameter 
its formula is omitted here, and RPD is calculated as (Miehle 
et al., 2006): 
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where SDP is determined by the follow equation: 
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According to Williams (2001), a model is accurate if R2 

and RPD values are above 0.91 and 2.5; a good prediction is 
achieved when R2 ranges from 0.82 to 0.9 and RPD is higher 
than 2; whereas an approximate prediction is achieved when 
R2 lies between 0.66 and 0.81 and RPD is higher than 1.5. 
Poor prediction is obtained when R2 ranges from 0.5 to 0.65 

2 
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Table 1. Descriptive Statistics of Water Quality Parameters 

Parameter Min Max Mean SD CV N 

(a) Field trips for Shitoukoumen Reservoir: Jun-28, Aug-17, Sep-12 
and Oct-13 in 2006; May-21, Jun-22, Jul-19, Aug-28, Oct-12 in 
2007; Jun-13, Sep-23 in 2008 

SDD (cm) 5 120 38 23.7 0.62 

Turbidity (NTUs) 0.65 70.63 41.65 40.7 0.83 

TSM (mg/L) 3.67 225.2 58.78 54.78 0.84 

Chl-a (μg/L) 0.45 47.52 13.82 10.66 0.96 

Chl-a: TSM (μg/mg) 0.01 2.64 0.52 0.59 1.12 

178 

(b) Field trips for Songhua Lake: May-11 in 2006, May-10, Jun-14, 
Sept-9, and Oct-13 in 2007; Jul-25 and Sept-24 in 2008  

SDD (cm) 86 755 252 108 0.43 

Turbidity (NTUs) 0.03 15.22 2.09 2.12 1.04 

TSM (mg/L) 0.08 18.58 4.77 3.85 0.81 

Chl-a (μg/L) 0.45 37.52 8.82 7.66 0.87 

Chl-a: TSM (μg/mg) 0.43 21.81 2.91 3.59 1.23 

156 

(c) Field trips for Chagan Lake: Jul-15, Aug-29 and Oct-12 in 2009; 
May-8 and Sept-13 in 2010 

SDD (cm) 11.5 50 32.1 10.72 0.34 

Turbidity (NTUs) 30.52 95.55 67.21 52.03 0.77 

TSM (mg/L) 9.90 414.0 112.7 91.02 0.81 

ISM (mg/L) 5.3 378.6 79.37 76.33 0.96 

Chl-a (μg/L) 1.24 84.48 16.68 18.33 1.09 

Chl-a: TSM (μg/mg) 0.02 7.28 0.66 1.31 1.99 

99 

(d) Field trips for Taihu Lake: October 2008 and May 2010 

SDD (cm) 12 180 52 32 0.61 

TSM (mg/L) 1.57 68.1 28.4 23.7 0.83 

ISM (mg/L) 0.5 51.1 17.28 14.54 0.84 

Chl-a (μg/L) 0.46 183.2 28.82 27.92 0.96 

Chl-a: TSM (μg/mg) 0.23 12.34 1.56 2.41 1.54 

94 

(e) Six field trips for three waters in South Australia during February 
20 and March 4 in 2009 

SDD (cm) 20 275 96.2 79.6 0.83 

Turbidity (NTUs) 0.80 41.50 13.07 11.16 0.85 

TSM (mg/L) 2.01 94.1 17.58 17.42 0.99 

Chl-a (μg/L) 6.27 75.3 19.09 13.46 0.70 

Chl-a: TSM (μg/mg) 0.62 5.51 1.84 1.28 0.69 

60 

(f) Field trips for three reservoirs in Central Indiana, US: Sept-6-7 in 
2005; Jun-15, Jun-29, Jul-6, Jul-19, Jul-25, Jul-31, Aug-1, Aug-16, 
Aug-22-24, Sept-7, Sept-19, Sept-25, Oct-6-7, Nov-2 in 2006  

SDD (cm) 24 150 62 32.4 0.52 

Turbidity (NTUs) 2.3 42.0 9.3 4.2 0.45 

TSM (mg/L) 2.1 54.5 18.7 7.3 0.39 

ISM (mg/L) 0.8 33.1 8.7 4.6 0.52 

Chl-a (μg/L) 2.8 182.5 62.8 24.66 0.39 

Chl-a: TSM (μg/mg) 1.10 9.37 3.72 1.38 0.39 

276 

* SDD, Secchi disk depth; TSM, total suspended matter; ISM, inorganic 
suspended matter; Chl-a, chlorophyll-a; SD, standard deviation and CV = 
(SD/average of parameters), coefficient of variation.  

and RPD is below 1.5. In this study, all samples were orga- 
nized in sequence according to their measured dates, and the 
first two were selected for calibration (2/3 of the samples), the 
third was chosen as validation (1/3 of the samples) for each 

dataset with the different modeling approaches. 

3. Results  

3.1. Constituent Characteristics  

For all the field surveys conducted over 10 water bodies 
in the three countries, a large diversity of inland waters with 
varying OACs was encountered. The statistical values of the 
major water quality parameters, e.g., SDD, turbidity, TSM, 
and Chl-a for the various datasets are summarized in Table 1. 
TSM shows a wide range for the Shitoukoumen Reservoir (3.7 
~ 225.2 mg/L), resulting in lower water clarity and larger va- 
riation of turbidity. A similar trend is observed for Chagan 
Lake (TSM: 9.9 ~ 413.9 mg/L) with even lower water clarity 
and higher variation in turbidity. Medium concentration of 
TSM were observed in Taihu Lake and CIN waters from USA, 
but high Chl-a concentration with large variation occurred (Ta- 
ble 1). With concentration ranging from 0.08 to 18.58 mg/L, 
the TSM in Songhua Lake is low compared with those in the 
other waters being investigated. 

As shown in Table 1, a large variability for the Chl-a: 
TSM ratio is observed within each water body. The lower 
Chl-a: TSM ratio for Shitoukoumen Reservoir and Chagan 
Lake suggest that these two are the most suspended-mineral- 
dominated waters. Lowest mean Chl-a: TSM ratio was ob- 
served for the Central Indiana samples because of the high 
Chl-a concentrations. The samples from both Taihu Lake and 
waters from South Australia are characterized by medium Chl-a: 
TSM ratios. As shown in Table 2, the correlation between 
TSM and Chl-a in the subsequent data sets varies significantly 
and the correlation coefficients (R) range from -0.26 to 0.93. 
For high TSM concentration water bodies, such as at the Shi- 
toukou Reservoir and Chagan Lake, a low correlation is ob- 
served (Figure 1, Table 2), indicating Chl-a and TSM do not 
co-vary. In contrast, for the highly turbid productive waters, 
e.g., Taihu Lake, and waters from Central Indiana and South 
Australia, the TSM and Chl-a concentrations are closely asso- 
ciated (Table 2, Figure 1). For the aggregated dataset, a low 
correlation coefficient is observed (Table 2, Figure 1). The 
lack of a significant relationship between Chl-a and TSM for 
the aggregated data set indicates that each parameter plays di- 
fferent roles in affecting the optical properties of various wa- 
ter bodies (Gitelson et al., 2008), and TSM including phyto- 
plankton is not fully co-varying with Chl-a concentration (Fi- 
gure 1, Table 2).  

3.2. Spectral Characteristics 

In situ spectral measurements provide optical signatures 
over various waters bearing different TSM concentrations 
(Figures 2a-f). Rrs spectra, except from the Shitoukoumen Re- 
servoir (Figure 2a) and Chagan Lake (Figure 2c), exhibit a 
shape quite similar to that collected in turbid productive waters 
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Table 2. Relationship of TSM and Chl-a concentration for va- 
rious waters 

Datasets N R P Regression R2 

STKR 178 -0.26 >0.1 Y = -0.329x+1.517 0.082
SHL 156 0.53 >0.05 Y = 0.923x+0.585 0.220
CGL 99 -0.32 >0.05 Y = -0.256x + 1.514 0.087
THL 94 0.79 >0.001 Y = 1.014x-0.138 0.696
SA 60 0.93 > 0.001 Y = 0.617x+0.677 0.808
CIN 276 0.70 >0.005 Y = 1.090x+0.405 0.632
Aggregated 863 0.126 >0.5 Y = 0.122x + 1.112 0.016
* N, sample number; R, correlation coefficient between TSM and Chl-a; 
P, significant level; Regression, the dependent Y represents log (TSM) 
and independent x represents log (Chl-a) concentration; R2, determination 
coefficient. 
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Figure 1. Scatter plot of logarithmic transformed total suspen- 
ded matter (TSM) versus chlorophyll-a (Chl-a) concentrations 
for various datasets. CIN, three reservoirs in the Central India- 
na, US; STKR, the Shitoukoumen Reservoir dataset; SHL, the 
Songhua Lake dataset; CGL, the Chagan Lake dataset; THL, 
the Taihu Lake dataset; SA, the South Australia datasets. 
 

(Doxaran et al., 2002; Dall’Olmo and Gitelson, 2005). These 
water bodies, including the Taihu Lake (Figure 2d) and three 
reservoirs in Central Indiana (Figure 2f), are dominated by 
phytoplankton, exhibiting a deep absorption trough at appro- 
ximately 680 nm. For the spectra collected over Songhua La- 
ke (Figure 2b), most show low Chl-a and TSM concentration 
features, whereas the spectra from the Murray Rivers sections 
from South Australia (Figure 2e) show high TSM and Chl-a 
concentrations. The spectra from Myponga Reservoir (Figure 
2e, low group) show low reflectance magnitude due to low 
TSM and Chl-a concentrations. The magnitude for the Shitou- 
koumen Reservoir and Chagan Lake exhibits high value at 
NIR region, which are consistent with spectra from highly 
turbid estuaries (Doxaran et al., 2002; Doron et al., 2011). A 
more remarkable variation in the spectral range of 750 ~ 900 
nm suggests significant variability in TSM in the examined 
waters (Doxaran et al., 2002; Ruddick et al., 2006; Doron et 
al., 2011), as confirmed by the data presented in Table 2. 

3.3. Correlation Analysis 

Correlograms were constructed by sequential correlation 
analysis of reflectance, its derivative at each of 500 individual 
narrow bands against TSM concentration at a time, and subse- 
quent plotting of the correlation coefficient (R) against wave- 
length for each dataset (Figure 3). The correlograms for TSM 
show broad regions of relatively high R value in both the 
visible and NIR spectral regions. Generally, the R value trends 
can be divided into three groups. The first group represents 
high TSM concentration, which shows high R values between 
690 ~ 850 nm spectral region and non-algal particles domina- 
ting water upwelling radiance (Figure 3a and Figure 3c). The 
second group represents high algal and non-algal particle tur- 
bid waters (i.e. Figure 3d, 3e and 3f) with high R values at 
approximately 700 nm. The R value is generally relatively low 
in the blue, green, and NIR regions beyond 850 nm (Stumpf 

and Pennock 1989; Myint and Walker 2002). The third group 
represents low TSM concentration (i.e., Figure 2b), which 
exhibits high R values in the visible spectral region and rela- 
tively low R values between 650 ~ 850 nm (Binding et al., 2005). 
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Figure 2. Remote sensing (Rrs) spectra for: (a) Shitoukoumen 
Reservoir; (b) Songhua Lake; (c) Chagan Lake; (d) Taihu La- 
ke; (e) three drinking waters in South Australia with lower spe- 
ctra collected from Myponga Reservoir (indicated by arrow), 
and (f) three reservoirs in Central Indiana, US. 
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Figure 3. Total suspended matter (TSM) correlations with ref- 
lectance and derivative for each band with various datasets: (a) 
the Shitoukoumen Reservoir dataset; (b) the Songhua Lake da- 
taset; (c) the Chagan Lake dataset; (d) the Taihu Lake dataset; 
(e) the South Australia dataset, and (f) dataset for three reser- 
voirs in the Central Indiana, US. 

 
The derivative reflectance obtains relatively high R va- 

lues in the blue, green, and red regions, whereas relatively low 
values are observed in the NIR regions. The correlation co- 
efficient fluctuated in both the visible and NIR regions, parti- 
cularly in the blue and wavelength beyond 800 nm region. A 
significant variation for the R value of the collected datasets is 
illustrated in Figure 3. For waters from South Australia (Fi- 
gure 3e) and Central Indiana (Figure 3f), derivative analysis 
proved to be an effective approach for improving TSM and 
spectral variable association. Hence, the highest R values are 
generally produced in the red spectral region (Chl-a fluore- 
scence peak) for highly productive waters (i.e. Figure 3e-3f). 

3.4. Band Ratio Analysis 

For a preliminary analysis, 2-D coefficient correlograms 
were obtained by sequential regression of band ratio pairs 
ranging from 400 to 900 nm (250,000 combinations) against 
TSM concentrations (Figure 4). Several “hot spots” in the 
diagram indicate relatively broad regions of highly correla- 
ted band ratio with TSM concentrations. Apparently, large 
variations in the R values can be observed from various data- 
sets, and the maximum values range from 0.81 (Figure 4b) to 

0.97 (Figure 4e). The best performing band combination loca- 
tions are not consistent for data sets collected from various 
waters. The overall pattern for the Shitoukoumen Reservoir 
(Figure 4a) is similar to that for the Chagan Lake (Figure 4c). 
This result is featured by the high R values in the spectral 
region beyond 700 nm and blue or green band ratio pairs. In 
terms of the data from the Songhua Lake, further investigation 
is necessary to elucidate the higher correlated band ratio pairs 
located in the red (around 690 nm) and blue spectral regions 
for TSM (around 400 nm). The highest correlation band ratio 
pairs for turbid productive waters usually occur at or around 
the chlorophyll absorption bands (Figures 4d-f). It can be 
noticed that both the Songhua and Taihu Lakes showed na- 
rrow band ratio windows with high R values, indicating limi- 
ted band ratios can be applied for TSM estimation with remo- 
tely sensed data. 
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Figure 4. 2-D diagrams for total suspended matter (TSM) cor- 
related with each band ratio pairs for various datasets: (a) the 
Shitoukoumen Reservoir dataset; (b) the Songhua Lake data- 
set; (c) the Chagan Lake dataset; (d) the Taihu Lake dataset; 
(e) the South Australia datasets, and (f) dataset for three reser- 
voirs in the Central Indiana, US. 

3.5. Model Performances 

3.5.1. Various Data Sets 

The empirical models based on the optimal band ratios 
(OBR) for TSM with various datasets are presented in Fi- 
gures 5a-f, whereas the model accuracy parameters are sum- 
marized in Table 3. The models based on the OBR perform 
well with both calibration and validation samples evenly dis- 
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tributed along the 1:1 line for the Shitoukoumen Reservoir 
and South Australia data sets. The model predictions are accu- 
rate according to the criteria proposed by Williams (2001) as 
shown by the R2 and RPD values (Table 3). The OBR model 
for SA dataset performs best among all datasets, and it also 
performs well with the Chagan Lake data set, except for three 
outliers. A good model prediction is obtained with respect to 
R2 and RPD (Table 3). The OBR model performs poorly 
according to the given criteria for the Songhua Lake data set 
with low R2 and a slope far from unity (0.64). The OBR 
models for Taihu Lake and Central Indiana data sets achieve 
approximate prediction according to the R2 and RPD values in 
Table 3. Both models showed a non-linear relationship be- 
tween measured and predicted TSM, especially when TSM 
concentration was more than 30 mg/L (Figures 5d and f). 

Modeling results based on the sensitive band reflec- 
tance (SB), derivative (SD), and DM are summarized in Table 3. 
The models based on different spectral variables perform well 
for the highly turbid Shitoukoumen Reservoir and Chagan 
Lake. The DM shows similar prediction performance to OBR, 
and both outperformed the SB and SD models (Table 3). 
Nevertheless, the DM models for the other waters, i.e. Song- 
hua Lake, Taihu Lake, and waters from South Australia and 
Central Indiana, with lower TSM and high algal particles per- 
form poorly (Table 3). The SB (the spectral bands are STKR: 
853 nm; SHL: 557 nm; CGL: 776 nm; THL: 713 nm; SA: 743 
nm and CIN: 711 nm, respectively) and SD (the correspon- 
ding bands are STKR: 630 nm; SHL: 652 nm; CGL: 880 nm; 
THL: 727 nm; SA: 690 nm and CIN: 698 nm, respecttively) 
models achieve stable performances, whereas some models 
(THL and CIN datasets) achieve accuracy close to that of the 
OBR model, and are even better for the SHL dataset. 

3.5.2. Aggregated Dataset 

The performances of the four modeling approaches are 
compared with the aggregated data set (n = 863), and the 
results are illustrated in Figure 6. The four models exhibit 
relatively similar performances with the aggregated data set. 
The correlation between the measured and the model-predi- 
cted results fitted well along the 1:1, line except for the three 
samples from Chagan Lake (Figure 6a). The slope close to 
unity and small intercept values (2.037 mg/L) further con- 
firm that the OBR model achieved good performance. The 
RMSE of TSM prediction is 14.6 mg/L for the OBR model, 
with a systematic overestimation or underestimation when 
TSM concentrations are less than 20 mg/L (Figure 6b). Ge- 
nerally, the relative error (RE) is reduced when TSM con- 
centration increases (Table 4). The DM model performs well 
for some waters, the model-predicted and measured TSM 
concentrations correlate well with the aggregated dataset 
(Figure 6c). However, the model achieves smaller slope (0.89) 
and slightly larger intercept values, showing lower determi- 
nation coefficient (R2 = 0.87) and higher RMSE value (17.25 
mg/L). Similar to the OBR model, a systematic RE is obser- 
ved when TSM concentration is less than 20 mg/L (Figure 6d). 
The SB and SD models show performances similar to that of 

the DM model considering their respective RMSEs (20.17 and 
18.30 mg/L), determination coefficients (0.87 and 0.88), and 
intercepts (4.02 and 4.42), but with varied respective slope 
values (0.98 and 0.88) (Figures 6e and 6g). The RE values for 
the SB and SD models are also comparable, as shown in 
Figures 6f and 6h for the aggregated dataset. 
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Figure 5. Correlation between measured and predicted TSM 
for various datasets with specific band ratios: (a) the Shitou- 
koumen Reservoir dataset; (b) the Songhua Lake dataset; (c) 
the Chagan Lake dataset; (d) the Taihu Lake dataset; (e) the 
South Australia dataset, and (f) the dataset from three reser- 
voirs in Central Indiana, US. 
 

As shown in Table 4, variable performances were 
observed for different models with respect to different TSM 
ranges. Better performance was observed for SD in the TSM 
range of 0 ~ 10 mg/L (N = 254), while largest mean RE value 
was achieved with DM (Table 4). In the TSM range of 10 ~ 
50 mg/L (N = 458) and 50 ~ 100 mg/L (N = 87), the lowest 
mean RE value was achieved through the OBR modeling 
approach. Nevertheless, similar mean RE values were derived 
from OBR, DM and SD modeling approaches when the TSM 
concentration was greater than 100 mg/L (Table 4). Thus, it 
can be seen that SD is effective for TSM estimation with 
lower concentrations in the water column, while OBR 
performs well for TSM with medium concentration ranges. 
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4. Discussion 

4.1. Performance Comparison  

It can be observed from Table 3 that four modeling 
approaches perform well for highly turbid waters with abun- 
dant TSM in the water column. Compared to the STKR, more 
inorganic matter exists in the CGL water (Table 1). Therefore 
four modeling approaches perform well due to stronger water- 
leaving radiance. For highly productive waters, e.g., the three 
reservoirs from Central Indiana, Taihu Lake, and waters from 
South Australia, the OBR model significantly outperforms the 
DM model (Table 3), and marginally outperforms SB and SD 
models. For the SHL, a more clear water (average SDD: 2.09 
m) with low TSM (Table 1), SB and SD models achieve 
relative better performance than OBR and DM; the DM model 
yields a low R2 of 0.25.  

As shown in Figure 6, four of the models all yield good 
results with the aggregated dataset, in which the OBR margi- 
nally outperforms the other three models (Table 4). As noted, 
this is likely because the large TSM concentration gradient 

from the Chagan Lake and Shitoukoumen Reservoir covering 
the TSM range from other waters; thereby DM also shows 
good predicted result for the aggregated dataset. It is evident 
from Figure 6b, 6d, 6f and 6h that the OBR modeling app- 
roach yields lower relative error (35.8%), DM yields higher 
RE (65.7%), while medium REs are observed for SB (41.2%) 
and SD (39.0%) modeling, suggesting that OBR is the best 
among these four modeling approaches. Different TSM ranges 
also confirm this conclusion (Table 4). 

Variability in TSM composition results in differences in 
the dominant OACs and the relationship between TSM and 
spectral variables (i.e., spectral reflectance, derivative, and 
band ratio) varies significantly. Aside from the variations in 
sediment types (grain size and mineral refractive index) and 
illumination conditions, all parameters can affect the water- 
leaving signal of inland waters and the accuracy of remotely 
sensed TSM concentrations (Chen et al., 1992; Doxaran et al., 
2003; Sváb et al., 2005). Although the derivative analysis and 
band ratios of NIR and visible regions can partly reduce or 

Table 3. Results of Calibration and Validation for Various Models Using Different Datasets 

Model calibration   Model validation  
Models 

RMSE RMSE% MAE RPD R2  RMSE RMSE% MAE RPD R2 
(a) Dataset for Shitoukoumen Reservoir Northeast China:        
OBR 15.9 28.2 11.9 4.5 0.89  14.1 24.5 10.7 5.3 0.92 
DM 20.2 35.6 15.0 3.6 0.79  16.6 29.0 12.9 4.5 0.88 
SB 20.7 35.9 14.7 3.5 0.78  20.5 35.7 14.6 3.5 0.78 
SD 23.7 38.4 19.2 3.1 0.69  23.9 39.0 19.5 3.0 0.69 
(b) Dataset for Songhua Lake in Northeast China: 
OBR 1.8 37.6 1.3 3.2 0.68  2.6 37.9 1.5 2.9 0.65 
DM 2.7 55.5 1.9 2.2 0.31  16.6 54.2 1.9 2.0 0.25 
SB 18.2 31.7 15.2 3.3 0.75  18.0 31.5 15.0 3.3 0.75 
SD 18.6 32.8 15.7 3.2 0.73  18.2 32.1 15.2 3.4 0.74 
(c) Dataset for Chagan Lake in Northeast China: 
OBR 41.2 36.0 23.4 3.7 0.83  23.6 20.8 15.2 6.2 0.93 
DM 41.6 36.4 23.9 3.6 0.82  23.5 20.5 15.7 6.2 0.93 
SB 42.1 36.6 23.7 3.5 0.82  42.8 36.4 23.8 3.4 0.81 
SD 41.6 36.3 23.5 3.7 0.83  41.5 36.2 23.6 3.7 0.83 
(d) Dataset for Taihu Lake in East China: 
OBR 10.0 39.1 7.0 3.1 0.67  9.8 37.5 7.9 3.3 0.76 
DM 15.5 60.5 11.4 2.0 0.21  18.0 68.0 13.2 1.8 0.09 
SB 10.1 37.9 8.1 3.2 0.75  9.4 37.2 7.7 3.4 0.77 
SD 9.9 37.7 8.0 3.2 0.75  10.7 38.2 8.3 3.1 0.73 
(e) Dataset for three drinking water sources in South Australia: 
OBR 4.6 24.9 3.5 5.7 0.94  4.2 22.6 2.9 6.5 0.96 
DM 17.0 92.3 9.8 1.5 0.17  19.6 104.1 10.9 1.4 0.09 
SB 7.2 32.5 5.9 3.7 0.70  6.9 31.1 5.4 3.9 0.73 
SD 5.3 26.1 3.9 4.8 0.88  5.1 26.9 3.7 5.1 0.90 
(f) Dataset for three drinking water source in central Indiana, US: 
OBR 4.9 30.2 3.4 3.6 0.66  3.7 22.8 2.9 4.9 0.80 
DM 8.0 49.9 5.5 2.3 0.08  7.9 49.2 5.6 2.3 0.10 
SB 4.3 27.4 3.1 4.1 0.74  4.5 28.2 3.2 3.9 0.72 
SD 6.1 37.8 4.2 3.2 0.46  5.7 35.1 3.8 3.4 0.52 
* OBR, model based on optimal band ratio through iteration; DM, model based on Doxaran et al. (2002) proposed bands (R850/R550); SB, model ba- 
sed on sensitive spectral band; SD, model based on sensitive derivative. 
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eliminate the aforementioned effects, they cannot fully cover 
these diverse compositional variations in OACs (Doxaran et 
al., 2002, 2003, 2005; Binding et al., 2005; Nechad et al., 
2010). The DM model works well for waters with high TSM 
concentration dominated by non-algal particles (Figures 5a 
and c). 

 

Table 4. Statistics for Relative Errors with Respect to Diffe- 
rent TSM Concentration Ranges for Optimal Band Ratio (OBR), 
Doxaran Model (DM, Doxaran et al., 2002), Sensitive Spec- 
tral Band (SB) and Sensitive Derivative Reflectance (SD) Mo- 
dels for Aggregated Dataset 

TSM 
(mg/L) 

Samples 
(N) 

Statistics OBR DM SB SD 

0-10 254 Min -405.07 -60.31  -142.38 -562.30 

  Max 955.97  1105.65 1188.49 1046.42 

  Mean 69.16  147.32  65.27 63.92  

  SD 141.08  327.94  143.29 150.90 

10-50 458 Min -63.62  -73.03  -57.71 -187.20 

  Max 225.34  296.55  290.08 379.91 

  Mean 25.20  31.91  31.39 30.65  

  SD 35.50  42.72  47.34 45.87  

50-100 87 Min -47.12  -81.75  -65.27 -152.17 

  Max 62.10  86.68  155.42 118.28 

  Mean 18.11  27.55  38.70 29.40  

  SD 22.38  34.68  46.21 39.38  

>100 68 Min -54.62  -57.64  -61.03 -66.84 

  Max 96.20  94.32  88.72 75.64  

  Mean 14.04  16.07  20.90 16.47  

  SD 22.10  21.87  26.05 21.49  
* Min, denotes minimum value; Max, denotes maximum value, and SD 
represents standard deviation. # indicates that the mean value and is cal- 
culated through the absolute relative errors (RE) to avoid the cancelation 
of positive and negative values. 

4.2. Chl-a vs. Relative Error 

Investigations have proven that non-phytoplankton ab- 
sorption, such as detritus and CDOM, may cause a tendency 
of Chl-a overestimates (Gons, 1999; Gitelson et al., 2008; 
Yang et al., 2011). The same is true for TSM estimation 
because phytoplankton tends to reduce spectral reflectance in 
the visible spectral region (400 ~ 690 nm) as illustrated by 
Sváb et al. (2005, Figure 6). An example of this condition is 
presented in Figure 7a, where three spectra had practically 
similar TSM concentrations (35.7, 34.8, and 34.25 mg/L) but 
with distinct Chl-a concentrations (24.93, 36.23, and 53.55 
μg/L). Higher phytoplankton abundance increases the absorp- 
tion, which in turn causes Rrs reduction in the spectral range 
of 400 ~ 700 nm with significantly larger magnitudes than 
that in the spectral range of 700 ~ 900 nm. Consequently, an 
overestimation of TSM is observed for samples with higher 
Chl-a concentrations (TSMpredicted = 36.15, 37.23, and 40.24 
mg/L) derived from the DM model. Similar trends are found 
with OBR and SB modeling. 

0 100 200 300 400
0

100

200

300

400

Measured TSM (mg/L)

P
re

d
ic

te
d

 T
S

M
 (

m
g

/L
)

(a). OBR

 

 

y = 0.938 x + 2.0367 

R2 = 0.919                  
RMSE = 14.6              

INDY
STKR
SHL
THL
CGL
SA

  
0 100 200 300 400 500

-500

-250

0

250

500

750

1000

1250

Measured TSM (mg/L)

R
el

at
iv

e 
er

ro
r 

(%
)

(b). OBR Residual

 

 

Mean absolute relative error = 35.8
SD = 75.11                                          

INDY

STKR
SHL
THL
CGL

SA

 

0 100 200 300 400
0

100

200

300

400

Measured TSM (mg/L)

P
re

d
ic

te
d

 T
S

M
 (

m
g

/L
)

(c). Doxaran Model 

 

 

y = 0.887 x + 4.02 

R2 = 0.87                
RMSE = 17.25        

  
0 100 200 300 400 500

-500

-250

0

250

500

750

1000

1250

Measured TSM (mg/L)

R
el

at
iv

e 
er

ro
r

(d). Residual 

 

 

Mean absolute relative error = 65.7
SD = 184.47                                           

 

0 100 200 300 400
0

100

200

300

400

Measured TSM (mg/L)

P
re

d
ic

te
d

 T
S

M
 (

m
g

/L
)

(e). Sensitive Band Model

 

 

 y = 0.976 x + 4.02 

R2 = 0.87                
RMSE = 20.17        

  
0 100 200 300 400 500

-500

-250

0

250

500

750

1000

1250

Measured TSM (mg/L)

R
el

at
iv

e 
er

ro
r 

(%
)

(f). Residual

 

 

Mean absolute relative error = 41.2
SD = 82.23                                             

 

Measured TSM (mg/L) 

R
el

at
iv

e 
er

ro
r 

(%
) 

Measured TSM (mg/L) 

Measured TSM (mg/L) Measured TSM (mg/L) 

Measured TSM (mg/L) Measured TSM (mg/L) 

P
re

di
ct

ed
 T

S
M

 (
m

g/
L
) 

R
el

a
tiv

e 
er

ro
r 

(%
) 

R
el

a
tiv

e 
er

ro
r 

(%
) 

P
re

di
ct

ed
 T

S
M

 (
m

g/
L
) 

P
re

di
ct

ed
 T

S
M

 (
m

g/
L
) 

 

0 100 200 300 400
0

100

200

300

400

Measured TSM (mg/L)

P
re

d
ic

te
d

 T
S

M
 (

m
g

/L
)

(g). Sensitive Derivative Model

 

 

y = 0.875 x + 4.421 

R2 = 0.875                
RMSE = 18.30          

   
0 100 200 300 400

-500

-250

0

250

500

750

1000

1250

Measured TSM (mg/L)

R
el

at
iv

e 
er

ro
r 

(%
)

(h). Residual

 

 

Mean absolute relative error = 39.02
SD = 81.7                                                 

 Measured TSM (mg/L) 

R
el

at
iv

e 
er

ro
r 

(%
) 

P
re

di
ct

ed
 T

S
M

 (
m

g/
L)

 

Measured TSM (mg/L)  
Figure 6. Comparison of various modeling approaches for ag- 
gregated datasets: (a) optimal band ratio model and (b) rela- 
tive error (RE) vs TSM in the first row; (c) Doxaran Model 
result and (d) RE vs TSM in the second row; (e) sensitive spe- 
ctral band model and (f) RE vs TSM in the third row; (g) sen- 
sitive derivative model, and (h) RE vs TSM in the fourth row. 
SD: standard deviation. 
 

To analyze the influence of Chl-a concentration on TSM 
estimation based on band ratio algorithms, the HydroLight 
software (Sequoia Scientific, Inc., Bellevue, WA) was used to 
simulate Rrs with various Chl-a and ISM combinations (Gi- 
lerson et al., 2007; Yang et al., 2011). Laboratory-measured 
IOPs, such as aph, aTR, and aCDOM from Equations (5) and (6), 
are provided as inputs for the HydroLight simulation, whereas 
the default case-II water scenarios are considered for the si- 
mulation of bb. ISM concentration changes from 1 to 500 
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mg/L with 10 mg/L increment intervals, and Chl-a concen- 
tration changes from 1 to 500 μg/L with 10 μg/L increment in- 
tervals. A ratio between algal dry biomass and Chl-a of 100 is 
adopted in this study (Aponasenko et al., 2007) to convert 
Chl-a concentration into dry weight of total phytoplankton. 
The influence of Chl-a concentration variation on TSM esti- 
mation using the OBR modeling approach is illustrated in 
Figure 7b. Phytoplankton abundance causes remarkable varia- 
tion for the band ratio at the same TSM concentration level 
through simulated Rrs. A power regression fitted the TSM 
well with the simulated dataset, which is in good agreement 
with the results from Doxaran et al. (2002, 2005).  

Figure 7c indicates that the Chl-a concentration exerts a 
varied influence on various ISM concentrations. The lower 
the Chl-a concentration, the stronger the influence Chl-a ex- 
erts on OBR for TSM estimation. 51 groups of Chl-a are 
regressed (with both linear and non-linear regressions) again- 

st OBR to analyze the influence of phytoplankton abundance 
on TSM estimation. It can be observed from Figure 7d that 
the modeling R-square values are less influenced with lower 
Chl-a concentration, while the slightly stronger influences are 
observed when the Chl-a concentrations increase, particularly 
when the concentration reaches 200 μg/L. A more systematic 
dataset is still needed to further confirm this assumption in 
future work, particularly with in situ collected datasets. The 
effects of phytoplankton composition and package (Bricaud et 
al., 1995; Babin et al., 2003) are other issues that also should 
be considered for TSM estimation for inland turbid productive 
waters, in addition to CDOM with the visible band (Bricaud et 
al., 1995; Babin et al. 2003; Yang et al., 2011). Similar pa- 
tterns are also observed for DM and SB, but SD is more ef- 
fective to reduce the Chl-a effect on TSM estimation.  

Figure 8a shows the relationship between absolute va- 
lues for relative error (RE) and Chl-a concentration. No ob- 
vious correlation (R = 0.17) can be observed for the in situ 
dataset. Analysis reveals that the correlation between abso- 
lute values of RE and Chl-a concentration varies for different 
datasets, and the R values are 0.054 (STKR), 0.251 (SHL), 
0.362 (CGL), 0.338 (THL), 0.469 (SA), 0.026 (CIN), respe- 
ctively. It has been proven that pigment absorption efficiency 

is a function of season, environment conditions, nutrient and 
light availability, and species composition (Metsamaa et al., 
2006; Randolph et al., 2008; Paerl and Paul, 2012). Similarly, 
the absorption of non-algal particle also varies due to the 
composition, particles size and concentration (Babin et al., 
2003; Binding et al., 2005). Figure 8b shows the correlation 
between absolute values of RE and Chl-a: TSM ratio, an 
obvious trend (R = 0.53) can be observed that samples with 
high Chl-a: TSM ratios usually account for high RE values. 
Similarly, the correlation between RE and Chl-a: TSM ratio 
varies for different datasets, and the correlation coefficients 
are 0.394 (STKR), 0.723 (SHL), 0.706 (CGL), 0.308 (THL), 
0.685 (SA), 0.331 (CIN). The variations are most probably 
due to the association among various OACs in the different 
waters. It is worth noting that the relative concentration of 
Chl-a to TSM ratio exerts impact on the TSM modeling accu- 
racy. 
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Figure 7. Influence of Chl-a concentration on TSM estima- 
tion based optimal band ratio (OBR) algorithm: (a) remote 
sensing reflectance spectra taken in Lake Taihu, TSM concen- 
tration is 35.7, 34.8 and 34.25 mg/L while Chl-a concentration 
is 24.93, 36.23 and 53.55 μg/L, respectively; (b) Chl-a concen- 
tration influence on TSM estimation through Hydro-light si- 
mulated remote sensing reflectance, ISM ranges [1, 500] with 
10 mg/L increment interval and Chl-a ranges [1, 500] with 10 
μg/L interval; (c) relationship between OBR band ratio and 
TSM under the influence of some specific Chl-a concentra- 
tions; (d) determination coefficient variation via OBR mode- 
ling approach against Chl-a concentration changing from 1 to 
500 μg/L with 10 μg/L interval. 

4.3. Performances vs. IOPs 

As shown in Figures 3 to 5 and Table 3, different sensi- 
tive reflectance bands, derivatives, and band ratios are ob- 
served for various waters because of the variations in the 
composition of OACs (Doxaran et al., 2003; Binding et al., 
2005; Doron et al., 2011). According to previous investiga- 
tions (Gordon et al., 1975; Morel and Gentili, 1993), back- 
scattering coefficient (bb) determines the Rrs magnitude, thus 

higher Rrs spectra from Shitoukoumen Reservoir and Chagan 
Lake are mainly determined by high bb values. However, no 
bb values were measured in this study, which restrict us from 
in-depth discussion on this aspect. According to our results, 
four modeling approaches achieve stable performances for the 
Shitoukoumen Reservoir and Chagan Lake data sets. Non- 
algal substances in Chagan Lake contributed more than 80% 
of the absorption for all TSM absorption (Figure 9). Even for 
the Shitoukoumen Reservoir, the phytoplankton shows nearly 
equal absorption to non-lgal absorption only in a very narrow 
spectral region around 620 nm (Figure 9). Further, it is also 
indicated from Figure 1 and Table 2 that TSM and Chl-a are 
less correlated, which are different from the other data sets 
(see regression lines in Figure 1 for CIN, THL, SA and SHL 
data sets). Analysis of the relative contributions of algal and 
non-algal particles to TSM absorption indicates that phytop- 
lankton accounts for nearly half of the TSM absorption in 
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Songhua Lake (Figure 10 black line), implying that pigments 
contribute a large proportion to TSM absorption, especially in 
the spectral region of 600 ~ 700 nm (Lohrenz et al., 2003). In 
contrast, the relative contributions of algal and non-algal 
particles to absorption indicate that phytoplankton accounts 
for most of the TSM total absorption in the waters from 
Central Indiana, USA (Figure 10), implying phytoplankton 
dominate the total TSM absorption.  
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Figure 8. The relationship between (a) absolute RE and Chl-a 
concentration, (b) absolute RE values and the concentration 
ratio of Chl-a: TSM. 

 

 
Figure 9. Relative contributions of inorganic suspended mat- 
ter (ISM) and phytoplankton to the TSM absorption spectra in 
various water bodies. 

5. Conclusions 

Numerous in situ reflectance measurements covering a 
diverse range of TSM and phytoplankton abundance were 
collected for remotely estimating TSM using spectral data. 
The models perform better with four approaches when the 
waters are dominated by non-algal particulate matter with 
higher TSM concentrations (e.g., the STKR and CGL data 
sets). However, the DM model performs poorly when the 
waters are dominated by phytoplankton, as well as at low 
TSM concentration (e.g., the SHL data set) because the mo- 
del is originally developed for highly turbid estuarine waters 
with relatively low Chl-a concentration. To summarize, the 
OBR model works well for waters with variable TSM con- 
centration, SB and SD models also achieve reasonable accu- 
racy for TSM estimates. 

Our results indicate that the band ratio algorithm beco- 
mes nonlinear for highly productive waters (e.g., THL and 
CIN waters) when phytoplankton dominates the spectral ab- 
sorption feature. Phytoplankton abundance in the water co- 
lumn can complicate water-leaving spectral signals, which 
may limit or reduce the accuracy of the algorithm for remote 
sensing of TSM concentration. Remote sensing models ba- 
sed on the classification of waters according to AOPs, such as 
Rrs or IOPs (a and bb), should be considered in future 
research because grouping waters with similar AOPs or IOPs 
may facilitate TSM estimation through remote sensing tech- 
nology for inland water (Lubac and Loisel, 2007). Thereby, va- 
rious models oriented to variable water types can be estab- 
lished for accurately estimating TSM in the water column 
using remotely sensed data.  
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