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Abstract We report results of three field campaigns conducted at 39 stations. At each station, we
measured reflectance spectra in situ and collected water samples for measuring chlorophyll a (CHL) and
suspended solids (SS) concentrations in the laboratory. To identify the indicative bands and develop
suitable estimation models for CHL (CCHL) and SS (CSS) concentrations in Taihu Lake, a spectral-feature
method and a derivative method were applied. The following conclusions were drawn: (a) the critical
CCHL and CSS probably causing their spectral variation are, respectively: 0, 10, 50 and 75 μg L-1, and 0,
10, 50 and 100 mg L-1; (b) the derivative method is better than the spectral-feature method for
estimating CCHL and CSS; (c) the optimal variable for CHL is a reflectance second-order derivative at
501 nm or a reflectance first-order derivative at 698 nm; the optimal variable for SS can change when its
concentration is low and the range is narrow; otherwise, the optimal variable is a reflectance first-order
derivative at 878 nm; and (d) the CHL and SS have an effect on one another’s retrieval. The CCHL
estimation accuracy would benefit from narrowing the CSS range. With CCHL increasing and its range
broadening, the corresponding CSS estimation accuracy decreases gradually.
Key words remote sensing; chlorophyll; suspended solids; hyperspectral reflectance; Taihu Lake, China

Analyse hyperspectrale de la chlorophylle a et des matières solides en suspension à
l’aide de mesures de terrain dans le Lac Taihu, Chine orientale
Résumé Nous présentons les résultats de trois campagnes de terrain menées en 39 stations. A chaque
station, nous avons mesuré in situ des spectres de réflectance et collecté des échantillons d’eau pour
mesurer au laboratoire les concentrations en chlorophylle a (CHL) et en matières solides en suspension
(SS). Pour identifier les bandes informatives et développer des modèles pertinents d’estimation des
concentrations en CHL (CCHL) et en SS (CSS) dans le Lac Taihu, une méthode spectrale et une méthode
dérivée ont été mises en œuvre. Les conclusions suivantes ont été tirées: (a) les CCHL et CSS critiques
causant probablement leur variation spectrale sont, respectivement: 0, 10, 50 et 75 μg L-1, et 0, 10, 50 et
100 mg L-1; (b) la méthode dérivée est meilleure que la méthode spectrale pour estimer CCHL et CSS; (c) la
variable optimale vis-à-vis de CHL est une dérivée de second ordre de la réflectance à 501 nm ou une
dérivée de premier ordre à 698 nm; la variable optimale vis-à-vis de SS est évolutive lorsque la
concentration est faible et la gamme est étroite; sinon la variable optimale est une dérivée de premier ordre
de la réflectance à 878 nm; et (d) CHL et SS ont un effet l’une sur l’estimation de l’autre. La précision de
l’estimation de CCHL profiterait d’un rétrécissement de la gamme de CSS. Lorsque CCHL augmente et sa
gamme s’élargit, la précision de l’estimation correspondante de CSS diminue graduellement.
Mots clefs télédétection; chlorophylle; matières solides en suspension; réflectance hyperspectrale; Lac Taihu, Chine

INTRODUCTION
Remote sensing, which can help reduce the intensity of ground measurement, allows
periodic and timely observations. Some water-quality parameters, such as chlorophyll
(CHL), suspended solids (SS) and coloured dissolved organic matter (CDOM), cause
optical properties of waters to change, and this has an impact on remote sensing spectral
signals (Ritchie & Cooper, 1991). Consequently, their concentrations can be estimated
by remote sensing. Multi-spectral remote sensing sensors, such as Landsat
MSS/TM/ETM (Ritchie & Cooper, 1991; Gitelson et al., 1993; Yacobi et al., 1995;
Keiner & Yan, 1998; Dekker et al., 2001; Ma & Dai, 2005) and SPOT (Dekker et al.,
2001; Doxaran et al., 2002), are usually applied to estimate water-quality parameters in
coastal waters (Sathyendranath et al., 2004) and inland lakes. Many methods have been
Open for discussion until 1 February 2008
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developed and applied for spectral analysis, usually with multivariate statistics
(Richards, 1993). However, it is difficult for multi-spectral remote sensing to estimate
concentrations accurately, due to the wide band range of these sensors. With the
availability of hyperspectral data that can represent significant spectral features of waterquality parameters, it is possible to estimate the concentrations. In hyperspectral databased estimation, it is essential to select suitable diagnostic bands that optimize the
existing algorithms, or to develop new algorithms. Some applications using field
hyperspectral in situ data or hyperspectral images in lakes can be found in the literature
(i.e. Chen et al., 1992; Goodin et al., 1993; Lahet et al., 2001; Flink et al., 2001).
However, there are differences in the locations of diagnostic spectral bands for lakes
with different water quality, or for different seasons in the same lake.
With the rapid economic development taking place in China, the environment is
gradually deteriorating, causing serious problems in the Yangtze Basin and southern
China (Zhang et al., 2005; Su et al., 2005; Chen et al., 2006). Lakes are important in
being both recorders of environmental changes and carriers of economic development
and human activities. The task of monitoring lakes, especially in present-day China, is
difficult. Taihu Lake, one of the five largest freshwater lakes of China, is shallow
(mean depth of 1.9 m), 68.5 km in length from south to north, with a mean width of
34 km from east to west, and an area of 2427.8 km2 (including 51 islands) (Qin et al.,
2004). Taihu Lake is located in the Yangtze Delta on the lower reaches of the Yangtze
River in eastern China (Fig. 1) and is an important drinking water source.
Unfortunately, in recent years, the water quality of the lake has been deteriorating,
especially in Meiliang Bay, at the north of Taihu Lake, this being the primary inflow
of water to the lake. Cyanobacteria blooms have covered large areas every summer
since the 1990s (Qin et al., 2004). Eastern Taihu Bay, located in the southeast, is the
primary outflow of lake water. Water quality in this area is mesotrophic with numerous
hydrophytes (Qin et al., 2004). The two selected areas are representative of the entire
lake. Optical properties of waters in Taihu Lake are dominated by phytoplankton

Fig. 1 Location of Taihu Lake, China.
Copyright © 2007 IAHS Press
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(chlorophyll, CHL), SS, including organic and inorganic materials, and a yellow substance (dissolved organic carbon, DOC), which are mainly of terrestrial origin,
especially in Eastern Taihu Bay. Of the three parameters, the optical properties of
DOC are the simplest, showing mainly the CDOM absorption (Prieur &
Sathyendranath, 1981). The other two are more complex. It is of vital importance to
identify ideal diagnostic bands and develop suitable models with high estimation
accuracy of SS (CSS) and CHL (CCHL) concentrations using satellite imagery or the
derived spectra.
In this study, hyperspectral data and water-quality parameters were collected in the
field. Then, a spectral-feature method and a derivative method were employed to select
the diagnostic bands for different ranges of CSS and CCHL. Finally, the optimum models
were developed and the mutual influences of the parameters studied.
DATA ACQUISITION
Two campaigns were conducted at Meiliang Bay, in March and June 2003, and a third
was carried out in April 2004 at both Meiliang Bay and Eastern Taihu Bay.
Information on the water samples examined is given in Table 1. Field spectra were
measured with a portable Field Spec FR spectroradiometer (ASD Inc., USA) in a
wavelength range of 350–2500 nm with 1-nm interval and against a halon white
reference panel. The sky light radiance was not removed. In each campaign, there were
few clouds, wind speed was about 1–2 m s-1, and the water surface was calm. Spectral
data were obtained from a boat at about 120 cm above the water surface and radiance
directly from the water surface was eliminated under the condition of optimal angles
between the sensor, the sun and the water surface. The spectra were measured at least
10 times at each sample station and a mean was taken as the final result. Surface water
samples were collected immediately after measuring the spectra at about 30 cm depth
with a two-litre polyethylene water-collecting instrument. Water samples were stored
in ice and returned to the laboratory, where CSS and CCHL were analysed. The
spectrophotometric determination method was used to measure CCHL. The samples
were filtered through a Whatman GF/F glass-fibre filter of 0.70 μm pore size; then
extracted with 90% ethanol in the dark for about 4–6 hours; the ethanol was heated
with 80–90°C water for about 3–5 minutes; and absorbencies measured at 665 and 750
nm with a UV2401 spectrophotometer (Shimadzu Corp., Japan). The CSS were
determined gravimetrically from samples collected on pre-combusted and pre-weighed
GF/F filters in a diameter of 47 mm, dried at 95°C overnight.
Table 1 Water bodies studied, the period of measurement, ranges of chlorophyll a concentration and
suspended solid concentration.
Site
Number of samples Date
CCHL (μg L-1)
CSS (mg L-1)
Meiliang Bay
6
26/3/2003 0.14–32.51
9.50–72.20
Meiliang Bay and vicinity
14
15/6/2003 10.68–71.85
41.24–80.28
Meiliang Bay
6
5/4/2004 11.83–40.74
33.5–173.5
Eastern Taihu Bay
13
4/4/2004 0.34–10.46
3.40–29.00
In total, 39 sample points are valid, but CSS of two samples are in the range 100–175 mg L-1, which
cannot represent the true information. Therefore, the two points were deleted. Finally, only 37 sample
points are used in this paper.
Copyright © 2007 IAHS Press
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THEORY AND METHOD
It was assumed that reflectance directly from the water surface and the lake bottom
may be neglected. Then the irradiance measured above the water surface is caused by
absorption and backscattering, mainly due to pure water, CHL, SS and DOC. The
reflectance, R(λ) can be calculated as (Gordon et al., 1988):

Downloaded by [Nanjing Institute of Geography and Limnology] at 19:06 08 July 2013

R(λ ) ≈ f

bb ( λ )
a( λ ) + bb ( λ )

(1)

where a(λ), the total absorption coefficient as a function of the wavelength λ, is due to
pure water, CDOM, and phytoplankton pigment (equation (2)); and bb(λ), the total
backscattering coefficient as a function of the wavelength λ, is commonly due to pure
water, suspended solids, and phytoplankton pigment (equation (3)):

a( λ ) = a w ( λ ) + a ph ( λ ) + a g ( λ )

(2)

bb ( λ ) = bbw ( λ ) + bb ph ( λ ) + bbd ( λ )

(3)

where aw ( λ ) and bbw ( λ ) , respectively, are absorption and backscattering due to the

pure water; a g ( λ ) is absorption due to CDOM; a ph ( λ ) and bb ph (λ ) , respectively, are

absorption and backscattering due to phytoplankton pigment; bbd ( λ ) is backscattering
due to total suspended substances; and f is an empirical factor, depending on the
incident light field and the volume-scattering function in the water. There exists
considerable variation in the numerical value of f (Aas, 1987). With variation of the
wavelength, the absorption and/or backscattering due to CHL, SS and DOC have
different contributions to the above-water reflectance. Different CCHL leads to different
spectra in shape and in magnitude at different bands because of different pigment
compositions and phytoplankton cell sizes (Iluz et al., 2003). The reflectivity increases
with increasing CSS because of the strong scattering, affected by the content, type and
grain size of suspended solids, and observation angle of the sensor (Flink et al., 2001).
Consequently, there exist close relationships between the above-water reflectance and
concentrations of water-quality parameters. The next step is to find the best diagnostic
bands and to develop the optimal estimation models.
One method used in this study is a spectral-feature method, with which estimation
models are developed using variables at important and diagnostic wavelengths and
then the best model and variable are determined by comparison. Waters with different
CCHL and CSS may show different features at different wavelengths. According to the
maximum and minimum values of CCHL, the 37 valid samples were divided into two
main groups and then 10 sub-groups. The first main group included six sub-groups,
with ranges of 0–10, 0–20, 0–30, 0–40, 0–50 and 0–75 μg L-1, and the second main
group included four sub-groups, with ranges 10–75, 20–75, 30–75 and 40–75 μg L-1.
Likewise, they were also divided into two main groups and 14 sub-groups based on the
maximum and minimum value of CSS. The first main group included eight sub-groups,
with ranges 0–10, 0–20, 0–30, 0–40, 0–50, 0–60, 0–80 and 0–100 mg L-1, and the
second main group included six sub-groups, with ranges 10–100, 20–100, 30–100, 40–
100, 50–100 and 60–100 mg L-1. In each sub-group, there were at least six samples and
one sample might be in different groups. To compare measurements taken at different
Copyright © 2007 IAHS Press
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locations and times, the reflectance was normalized according to equation (4) (Ma &
Dai, 2005). Then correlation analysis was carried out between the normalized
reflectance and corresponding CSS and CCHL in each group for the next grouping and
modelling:

′ xij − x j
xij =
Sj

(4)

1 m
∑ (xij − x j ) (i = 1, 2, …, m; j = 1, 2, …, n) and i is
where x j = ∑ xij and S j =
m i =1
m −1
the ith band; j the jth sample; m the total number of bands of each spectrum; and n the
total number of samples.
Following the discussion of important and diagnostic bands in Gordon (1979),
Carder & Steward (1985), Gitelson (1992) and Gitelson et al. (1993, 1994), the
absorption trough for CHL is located at about 680 nm and the reflectance peak at about
710 nm. A statistical method was employed to find the real wavelengths/locations of
the absorption trough close to 680 nm and the reflectance peak close to 710 nm,
indicating CHL content in Taihu Lake, using the following variables (Fig. 2) (Ma &
Dai, 2005): reflectance peak height (Rh), peak shoulder width (Rw), area surrounded by
the peak (RA), distance from peak to trough (RD), and absorption trough depth (Rd).
The variables Rh, RA and RD, together with the ratio of reflectivity at the real peak to
that at the real trough (Rp/Rt), the ratio of reflectivity at the real peak to that at the
wavelength with maximum reflectivity (Rp/Rm), and the real location of reflectance
peak (λp) were linearly or nonlinearly fitted (by regressions) with CCHL of different
sampling groups to develop the optimal estimation models.
The strong scattering due to suspended solids increases the spectral reflectivity in
the visible and NIR ranges. Reflectance beyond 750 nm depends on both organic and
non-organic suspended matter concentrations and is insensitive to algal pigments (Han
et al., 1994). The variation of reflectivity at 750 nm is smaller because of strong water
absorption in the NIR range (Gitelson et al., 1994). The slope of the reflectance curve
close to 706 nm begins to change at 750 nm. Additionally, there exists a small
reflectance peak close to 820 nm. Using the above criteria, we described quantitatively
Peak height
0.13
0.12

Distance

0.11
0.10
0.09
0.08

Trough depth

0.07

Area

800

770

740

710

680

650

620

590

560

530

500

470

440

410

0.05

380

0.06
350

Reflectance (dimensionless)

Downloaded by [Nanjing Institute of Geography and Limnology] at 19:06 08 July 2013

2

Wavelength (nm)

Fig. 2 Diagram showing how to determine the peak, area, height and trough depth.
The spectral curve is the mean of all the spectra measured on 15 June 2003.
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the primary spectral features of SS with the following variables: (a) the reflectivity at
820 nm (R820); (b) the mean reflectivity in the range 810–820 nm surrounding the
small reflectance peak (R810-820); (c) the mean reflectivity in the range 750–850 nm
(R750-850); (d) the mean reflectivity in the range 750–900 nm (R750-900); (e) the mean
reflectivity in the range of 350–750 nm (R350-750); (f) the ratio of reflectivity at 820 nm
to that at 550 nm (R820/R550); and (g) the natural logarithm of the six variables
mentioned above, i.e. lnR820, lnR810-820, lnR750-850, lnR750-900, lnR350-750 and ln(R820/R550).
Likewise, the correlation analysis and regression fitting were used to develop the
appropriate models for CSS estimation in different groups.
The other method used in this study is based on derivative analysis, which can be an
effective tool for analysing hyperspectral data (Fsai & Philpot, 1998). It enhances minute
fluctuations in reflectance spectra and separates closely-related absorption features
(Louchard et al., 2002). However, derivatives are notoriously sensitive to noise (Fsai &
Philpot, 1998), so it is essential for the derivative to minimize random noise. Four options
have been developed for smoothing and derivative calculation (Fsai & Philpot, 1998):
(a) Savitzky–Golay smoothing and derivative computation; (b) Kawata–Minami smoothing and finite approximation derivative computation; (c) the mean-filter smoothing and
finite approximation derivative computation; and (d) Savitzky–Golay smoothing and finite
approximation derivative computation. Mean-filter smoothing and finite approximation
derivative computation were selected in this study according to the analyses and results of
Fsai & Philpot (1998). The first-order derivative was estimated by:
R(λ j ) − R( λi )
dR
≈
(5)
dλ i
Δλ
where Δλ is the separation between adjacent bands, Δλ = λj – λi and λj > λi, and the
interval between bands is assumed to be constant. The nth-order derivative can be
derived from the first-order derivative as:

dnR
dλn

≈
j

d d (n −1) (s )
dλ dλ( n −1)

(6)

In order to adapt the filter size to optimize noise reduction and to adjust the effective
sampling interval (band separation) to better match the scale of the spectral features,
different filter sizes from 3 to 15 and the different separations Δλ from 3 to 15 nm were
used and compared, so that the best choice could be made. In each group, correlation
analyses were carried out between CCHL and CSS and the derivatives of first and second
order, respectively. Then the appropriate models were developed and analysed.
RESULTS

The measured spectral reflectance was in the visible and near infrared (NIR) range
from 350 to 1100 nm, but only the range 350–900 nm was used for spectral features
corresponding to CHL and SS. The statistical analysis shows that, in Taihu Lake, the
central locations of the peak and trough are at 706 and 682 nm, respectively, and the
maximum reflectivity is at 572 nm, which is a little different from values reported by
Gordon (1979), Carder & Steward (1985), Gitelson (1992) and Gitelson et al. (1993,
1994), but within the range mentioned by Gitelson (1992). For the derivative spectra,
Copyright © 2007 IAHS Press

814

First derivative

(a)

×10-4

Ronghua Ma et al.

18.0
12.0
6.0
0.0
-6.0
-12.0

(b)

Eastern Taihu Bay

0.8
0.4
0.0
-0.4
-0.8

900

875

850

825

800

775

750

725

700

675

650

625

600

575

550

525

500

475

450

425

400

-1.6

375

-1.2
350

Second derivative

×10

-4

1.2

Wavelength (nm)

Fig. 3 Derivative spectra using mean-filter smoothing with filter size 9 and finite
approximation at 10 nm separations: (a) first-order, and (b) second-order derivatives.
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Fig. 4 Correlations between CCHL (μg L-1; denoted by CHL) and reflectivities in the
initial ten groups (N: number of samples).

the best filter size is 9 and the most appropriate interval (i.e. Δλ) is 10 nm. Figure. 3(a)
and (b) shows the derivatives of first and second order obtained by equations (5) and
(6), respectively.
The correlations between the normalized spectra and CCHL (Fig. 4) of the ten subgroups show that, in the first main group, when CCHL was smaller than 10 μg L-1, there
were no distinct relationships between CHL and spectral reflectance over the whole
wavelength range, except that close to 590 nm, which indicates that the contribution
from CHL to the water-leaving irradiance reflectance was not distinct. When CCHL was
smaller than 20 μg L-1, the relationship varied, especially close to 500, 610, 650, 680
Copyright © 2007 IAHS Press
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and 710 nm, and the correlation coefficients R, were apparently different from those at
other bands. With CCHL ranges increasing, the relationships became stronger. When
CCHL reached 30 μg L-1, the band range with the strong relationships (i.e. the absolute
value of R > 0.6) close to 500 and 710 nm broadened to 430–510 and 700–730 nm,
respectively. Moreover, the relationship between the absorption trough close to
680 nm and CCHL became stronger, and so did the relationship between the reflectance
peak close to 710 nm and CCHL. In the second main group, the variations in
relationship curves as a function of the wavelength λ were very similar in shape, but
different in magnitude. We consider 0, 10 and 75 μg L-1 as the CCHL threshold. Then
the 37 samples were re-divided into 10 sub-groups, with ranges 0–10, 0–20, 0–30,
0–40, 0–50, 0–75, 10–30, 10–40, 10–50 and 10–75 μg L-1, respectively.
The linear and/or nonlinear regression fits between CCHL of the new 10 groups and
the six variables show that: (a) the determination coefficient (R2), is far less than 0.6 in
the range 0–10 μg L-1, supported by 17 samples (N = 17); (b) with CCHL ranges
broadening from 0–10 up to 0–75 μg L-1, R2 becomes larger up to 0.90 and the most
appropriate estimation model can be described by equation (7); and (c) when CCHL
values are in the ranges 10–30 μg L-1 (N = 8), 10–40 μg L-1 (N = 11) and 10–50 μg L-1
(N = 15), the most appropriate model is described by equation (8) and all R2 values are
greater than 0.6 but less than 0.8. When the range is broadened to 10–75 μg L-1
(N = 20), the model is also described by equation (7).
(μg L-1)
(7)
C CHL = a × (R p / Rt ) + b
C CHL = ae

(μg L-1)

bλ p

(8)
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0.6
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where a and b are determined by regression fitting.
Figure 5 illustrates correlations between different CCHL ranges and the first-order
derivatives, showing that R2 of the most appropriate estimation models of the first-order
derivative increased with CCHL ranges broadening from 0–10 to 0–75 μg L-1, and the
optimal band moved gradually to NIR. When CCHL is in the range 0–10 μg L–1, the

Correlation coefficient R
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Fig. 5 Correlations between CCHL (μg L-1; denoted by CHL) and the first-order
derivatives in some of the new ten sub-groups (N: number of samples).

Copyright © 2007 IAHS Press

816

Ronghua Ma et al.

Table 2 The optimal bands and models of the derivatives of first and second order for estimating
chlorophyll a concentration (R2: determination coefficient; N: number of samples).

0–10
0–20
0–30
0–40
0–50
0–75
10–30
10–40
10–50
10–75

Optimal band and model by
the first-order derivative
(DEV1)
y = a × DEV1(622) + b
y = a × DEV1(688) + b
y = a × DEV1(682) + b
y = a × DEV1(680) + b
y = a × DEV1(695) + b
y = a × DEV1(697) + b
y = a × DEV1(681) + b
y = a × DEV1(698) + b
y = a × DEV1(698) + b
y = a × DEV1(698) + b

R2
0.60
0.64
0.70
0.73
0.85
0.91
0.60
0.74
0.87
0.88

Optimal band and model by
the second-order derivative
(DEV2)
y = a × DEV2(501) + b
y = a × DEV2(501) + b
y = a × DEV2(501) + b
y = a × DEV2(501) + b
y = a × DEV2(501) + b
y = a × DEV2(501) + b
y = a × DEV2(511) + b
y = a × DEV2(508) + b
y = a × DEV2(683) + b
y = a × DEV2(684) + b

R2

N

0.73
0.78
0.61
0.77
0.86
0.89
0.48
0.72
0.78
0.83

17
23
25
28
32
37
8
11
15
20

10<SS<100 N=30
20<SS<100 N=25
30<SS<100 N=21
40<SS<100 N=18
50<SS<100 N=12
60<SS<100 N=9

Second main group

0<SS<10 N=7
0<SS<20 N=12
0<SS<30 N=16
0<SS<40 N=19
0<SS<50 N=25
0<SS<60 N=28
0<SS<80 N=34
0<SS<100 N=37

350
370
390
410
430
450
470
490
510
530
550
570
590
610
630
650
670
690
710
730
750
770
790
810
830
850
870
890

1.0
0.8
0.6
0.4
0.2
0.0
-0.2
-0.4
-0.6
-0.8
-1.0
1.0
0.8
0.6
0.4
0.2
0.0
-0.2
-0.4
-0.6
-0.8

First main group

optimal band is at 622 nm, but in the ranges 0–20, 0–30, 0–40 and 10–30 μg L-1, it is
close to 681 nm; and in the other ranges, it is close to 698 nm. In the second-order
derivative, when CCHL covers 0–10 μg L-1, the locations of the best variables are
constant, at 501 nm; for 10–30 or 10–40 μg L-1, the optimal band is close to 510 nm; and
for 10–50 or 10–75 μg L-1, the optimal band is close to 684 nm. Table 2 lists the optimal
bands and models of the derivatives of first (DEV1) and second (DEV2) order estimating
CCHL in the ten new sub-groups, and the results obtained by the derivative method.
The correlations between the normalized spectra and CSS (Fig. 6) in the 14 subgroups show that, in the first main group, when CSS was in the range 0–10 mg L-1, the
correlation coefficient (R), as a function of the wavelength λ, decreased from –0.07 at
350 nm to –0.93 at 472 nm, and was less than –0.90 in the range 451–506 nm. Then R
increased gradually to 0.90 at 647 nm, decreased to about 0.60 at 710 nm, increased to

Correlation coefficient R
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CCHL range
(μg L-1)

Wavelength (nm)

Fig. 6 Correlations between CSS (mg L-1) and reflectivities in the initial 14 sub-groups
(N: number of samples).
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0.80 at 854 nm, up to 870 nm, again decreased gradually. The bands where R was less
than 0.80 were in the ranges 643–697 and 854–870 nm. When the upper limit of CSS
range reached 20 mg L-1, the variational tendency mentioned above became apparently
different. The value of R was always <0.85 in the range 350–850 nm. When the upper
limit reached 40 mg L-1, the tendency became similar again. But when the upper limit
reached 50 mg L-1 up to 100 mg L-1, the tendency was different. In the range 350–
470 nm, R ranged from –0.60 to –0.80. Then it began to decline. And R was more than
0.80 and less than 0.90 in the range of 724–858 nm. In the second main group, when CSS
was in the range of 10–100 mg L-1, R took a trapezoid shape, increasing from –0.50 at
350 nm to 0.90 at 870 nm, and then decreasing. When the CSS range became narrower,
the tendency remained the same. But when the concentration range decreased to 30–
100 mg L-1, the abnormal tendency emerged at 610–710 nm. In other band ranges,
especially from 710 to 900 nm, the tendency was the same. Based on the above, it is
supposed that the critical CSS is 10 mg L-1 in the range below 100 mg L-1. So we
considered 0, 10 and 100 mg L-1 to be the threshold concentrations of SS. Then the 37
samples were re-divided into 23 sub-groups (cf. Table 3), which were used as follows.
The results by the spectral-feature method in the new 23 sub-groups (cf. Table 3)
show that: (a) generally, R810-820 and R820 are the optimal variables for CSS estimation;
(b) in the range 0–10 mg L-1, the optimal band is close to 687 nm; (c) from the range
0–20 up to 0–50 mg L-1, the best is lnR820 and R2 increases; when the range is extended
continuously up to 0–100 mg L-1, the best is R810-820, but R2 does not increase
Table 3 The optimal variables and models for estimating CSS (R2: determinative coefficient; N: number of samples).
SS range
(mg L-1)
0–10
0–20
0–30
0–40
0–50
0–60
0–70
0–80
0–90
0–100
10–30
10–40
10–50
10–60
10–70
10–80
10–90
10–100
20–100
30–100
40–100
50–100
60–100

Most appropriate model
by spectral feature
method
y = a × R687 + b
y = a × lnR820 + b
y = a × lnR820 + b
y = a × lnR820 + b
y = a × lnR820 + b
y = a × R810–820 + b
y = a × R810-820 + b
y = a × R810-820 + b
y = a × R810-820 + b
y = a × R810-820 + b
y = a × R820 + b
y = a × ln(R820/R550) + b
y = a × R810-820 + b
y = a × R810-820 + b
y = a × R810-820 + b
y = a × R810-820 + b
y = a × R810-820 + b
y = aebR810-821
y = aebR810-831
No
No
No
No

R2
0.68
0.52
0.54
0.56
0.79
0.81
0.83
0.84
0.82
0.77
0.35
0.48
0.72
0.73
0.75
0.78
0.74
0.74
0.58
<<
0.60

Most appropriate model
by the first-order
derivative (DEV1)
y = a × DEV1(575) + b
y = a × DEV1 (742) + b
y = a × DEV1 (743) + b
y = a × DEV1 (875) + b
y = a × DEV1 (872) + b
y = a × DEV1 (875) + b
y = a × DEV1 (878) + b
y = a × DEV1 (878) + b
y = a × DEV1 (878) + b
y = a × DEV1 (878) + b
y = a × DEV1 (867) + b
y = a × DEV1 (787) + b
y = a × DEV1 (850) + b
y = a × DEV1 (878) + b
y = a × DEV1 (878) + b
y = a × DEV1 (879) + b
y = a × DEV1 (878) + b
y = a × DEV1 (878) + b
y = a × DEV1 (878) + b
y = a × DEV1 (878) + b
y = a × DEV1 (879) + b
No
No

R2
0.80
0.62
0.56
0.69
0.84
0.86
0.87
0.87
0.88
0.88
0.44
0.64
0.83
0.81
0.81
0.83
0.83
0.82
0.72
0.60
0.50
<<
0.60

Most appropriate model
by the second-order
derivative (DEV2)
Y = a × DEV2(684) + b
y = a × DEV2 (840) + b
y = a × DEV2 (457) + b
y = a × DEV2 (775) + b
y = a × DEV2 (777) + b
y = a × DEV2 (779) + b
y = a × DEV2 (835) + b
y = a × DEV2 (835) + b
y = a × DEV2 (836) + b
y = a × DEV2 (835) + b
y = a × DEV2 (460) + b
y = a × DEV2 (776) + b
y = a × DEV2 (777) + b
y = a × DEV2 (780) + b
y = a × DEV2 (712) + b
y = a × DEV2 (809) + b
y = a × DEV2 (808) + b
y = a × DEV2 (822) + b
y = a × DEV2 (823) + b
y = a × DEV2 (823) + b
y = a × DEV2 (764) + b
y = a × DEV2 (765) + b
y = a × DEV2 (765) + b

R2

N

0.85
0.71
0.64
0.73
0.84
0.83
0.84
0.86
0.82
0.80
0.70
0.70
0.83
0.79
0.79
0.80
0.75
0.73
0.60
0.42
0.33
0.66
0.70

7
12
16
19
25
28
33
34
36
37
8
12
18
21
26
27
29
30
25
21
18
12
9
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0<SS<40 N=19
0<SS<60 N=28
0<SS<70 N=33
0<SS<80 N=34
0<SS<100 N=37

10<SS<100
N=30
20<SS<100
N=25
30<SS<100
N=21
40<SS<100
N=18
50<SS<100
N=12
60<SS<100 N=9

Second new main group

0<SS<10 N=7

350
370
390
410
430
450
470
490
510
530
550
570
590
610
630
650
670
690
710
730
750
770
790
810
830
850
870
890

1.0
0.8
0.6
0.4
0.2
0.0
-0.2
-0.4
-0.6
-0.8
-1.0
1.0
0.8
0.6
0.4
0.2
0.0
-0.2
-0.4
-0.6
-0.8
-1.0

First new main group

continuously, and in the range 0–80 mg L-1 the maximum is 0.84; (d) when the lower
limit of CSS range is 10 mg L-1, R2 increases step by step with the range up to 10–
80 mg L-1; when the range is narrow, the best estimation variable is liable to change;
and in the range 10–50 to 10–100 mg L-1, the best variable is R810-820; and (e) when the
range is 20–100 mg L-1, R2 is very low, which shows that the variables mentioned
above are not appropriate for CSS estimation.
Figure 7, illustrating correlations between CSS of different ranges and the firstorder derivatives, and Table 3, listing the appropriate models for estimating CSS, show
that: (a) when CSS is in the range 0–10 mg L-1, the optimal bands of the derivatives of
first and second order are at 575 and 684 nm, respectively; (b) when the range is up to
0–20 and 0–30 mg L-1, the optimal band of the first-order derivative is close to 742 nm,
while that of the second-order derivative is changeable; (c) when CSS ranges are 10–30,
10–40 and 10–50 mg L-1, the optimal bands of the first-order derivative are located at
867, 787 and 850 nm, respectively; and (d) when CSS is in other ranges, the optimal
bands of the first-order derivative are all in the range 872–879 nm and 878 nm is better
in general, while the optimal bands of the second-order derivative are concentrated
mainly in the ranges 764–765, 775–780, 822–823, 808–809 and 835–836 nm,
respectively.
There is a relationship with R of about 0.50 between CCHL and CSS (Fig. 8), which
shows that maybe they affect one another in the spectral feature and the CCHL and CSS
estimations. Figures 9(a) and (b), respectively, illustrate the estimation qualities of
CCHL in 10 sub-groups and of CSS in the corresponding sub-groups, with the two
methods at the selected bands mentioned above, quantified using a determination
coefficient R2. For example, when CCHL is in the range 0–20 μg L-1, there are 12
samples and their corresponding CSS is in the range 0–90 mg L-1; in the range 0–
30 μg L-1, there are 16 samples and their corresponding CSS is still in the range

Correlation coefficient R
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SS denotes Css (mg L-1).

Wavelength (nm)

Fig. 7 Correlations between CSS (mg L-1; denoted by SS) and the first-order
derivatives in some of the 23 new sub-groups (N: number of samples).
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Fig. 8 Scatter plot of pairs (N = 37): SS concentrations and CHL concentrations; the
correlation coefficient is 0.5027.
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0.90
0.82
0.74
0.66
0.58

Suspended solids concentration ranges (mg L-1)
corresponding to chlorophyll-a concentration ranges

Fig. 9 Comparison among different methods and spectral influence of CHL on SS.
R12: determination coefficient for optimal estimation model of CCHL; R22 determination
coefficient for optimal estimation model of CSS in the range corresponding to CCHL
range; +: first-order derivative method, : second-order derivative method; Δ: spectralfeature method.

0–90 mg L-1. Further, the estimation properties of CSS in 23 sub-groups are illustrated
by Fig. 10(a), and those of the corresponding CCHL by Fig. 10(b). These figures show
that: (a) for CHL or SS, the model using the derivative method is better than that by
the spectral feature method (Figs 9(a) and 10(a)); (b) when the CCHL range is 0–
50 μg L-1,the model using the second-order derivative at 501 nm is the best in general
(Figs 9(a) and 10(b)). It can evidently improve the estimation accuracy of CCHL when
the CCHL range is very narrow, such as 0–10, 0–20 μg L-1, but generally the upper limit
Copyright © 2007 IAHS Press
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(a)

0-10

Suspended solids concentration ranges (mg L-1)

Chlorophyll-a concentration ranges (μg L-1) corresponding to
suspended solids concentration ranges

Fig. 10 Comparison among different methods and spectral influence of SS on CHL [R12:
determination coefficient for optimal estimation model of CSS; R22: determination coefficient
for optimal estimation model of CCHL in the range corresponding to CSS range; +: first-order
derivative method; : second-order derivative method; Δ: spectral-feature method].

of the range is not more than 20 μg L-1; (c) when the CCHL range broadens, but is
limited by the upper limit of 75 μg L-1, such as 0–60, 0–65 and 0–75 μg L-1, the firstorder derivative model close to 698 nm (Fig. 9(a)) or the spectral-feature model are
better (Fig. 10(b)), but when it is located within the range 10–75 μg L-1, especially
within the higher concentration range, the first-order derivative model close to 698 nm
is obviously better (Fig. 9(a)); (d) when CSS varies within the range 0–50 mg L-1, or in
the range 10–40 mg L-1, the second-order derivative model is the best (Fig. 10(a)), but
a constant variable does not exist; (e) when CSS is in the range 0–60 to 0–100 mg L-1,
or in the range 10–50 to 10–100 mg L-1, the first-order derivative model is best (Fig.
10(a) and Fig. 9(b)) and the location is stable, close to 878 nm.
In Fig. 9, there are three sub-groups with a CSS range of 0–90 mg L-1 (Fig. 9(b)),
corresponding to three sub-groups with CCHL ranges of 0–20, 0–30 and 0–40 μg L-1
(Fig. 9(a)); there are three sub-groups with a CSS range of 0–100 mg L-1, corresponding
to sub-groups with CCHL ranges of 0–50, 0–75 and 10–75 μg L-1; there are two subgroups with a CSS range of 10–90 mg L-1, corresponding to sub-groups with CCHL
ranges of 10–30 and 10–40 μg L-1. The conclusion is that, for the same CSS range, if
the CCHL range broadens, the mean R2 value of the CSS estimation model decreases, i.e.
the accuracy gets worse. So the CSS estimation accuracy can be enhanced by narrowing
down the corresponding CCHL under the condition of a relatively stable CSS range.
In Fig. 10, there are three sub-groups with a CCHL range of 0–35 μg L-1 (Fig.
10(b)), corresponding to sub-groups with CSS ranges of 0–20, 0–30 and 0–40 mg L-1
Copyright © 2007 IAHS Press
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(Fig. 10(a)); three sub-groups with CCHL range of 0–65 μg L-1, corresponding to subgroups with CSS ranges of 0–50, 0–60 and 10–60 mg L-1; five sub-groups with CCHL
range of 0–35 μg L-1, corresponding to sub-groups with CSS ranges of 0–20, 0–30,
0–40, 10–30 and 10–40 mg L-1; and 13 sub-groups with CCHL range of 0–75 μg L-1,
corresponding to CSS ranges of 0–70, 0–80, 0–90, 0–100, 10–70, 10–80, 10–90, 10–
100, 20–100, 30–100, 40–100, 50–100 and 60–100 mg L-1. The conclusions are that:
(a) in the same narrower CCHL range (e.g. 0–35 μg L-1), with CSS range broadening
(e.g. from 0–70 to 0–100 mg L-1 and from 10–30 to 10–40 mg L-1), the mean R2 value
of the CCHL estimation model decreases sharply; and (b) in the same broader CCHL
range (e.g. 0–75 μg L-1), with CSS range broadening (e.g. from 0–70 to 0–100 mg L-1
and from 60–100 to 10–100 mg L-1), the R2 mean value of the CCHL estimation model
decreases gradually. That is, with CSS range broadening, the estimation accuracy of
CCHL decreases. So, the CCHL estimation accuracy can be enhanced by narrowing down
the corresponding CSS under the condition of a relatively stable CCHL range.
Additionally, based on the comparison and analysis, 50 μg L-1 and 50 mg L-1 are
considered the thresholds of CCHL and CSS, respectively.
DISCUSSION

Chlorophyll (CHL) and SS are two important factors that affect water quality. It is helpful
to retrieve their concentrations by remote sensing. Determining the best wavelength may
help select the appropriate remote sensor. Spectral reflectance from water is the sum of the
contributions mainly from CHL, SS and DOC. There may be a spectral effect between
different substances, so it is essential to reduce such effects as much as possible in order to
improve the estimation accuracy. Based on reflectance ratio, we may establish better
statistical relationships to retrieve CSS and CCHL (Carder et al., 1991).
A reflectance ratio of the band with central wavelength ranging in the interval of
680–710 nm (the region of the chlorophyll fluorescence peak) and a band with central
wavelength at approximately 665–680 nm (the region of the maximum chlorophyll
absorption) is good for CHL retrieval (Gitelson, 1992; Gitelson et al., 1993; Pulliainen et
al., 2001). However, statistical methods always have some limitations from one
geographical location to another, because different waters have different compositions,
which may cause subtle differences in reflectance features and so different optimal estimation variables. For example, R712/R688 is optimal for Lake Hiidenvesi, R683/R663 for
Lake Tuusulanjärvi, and R687/R674 for a coastal archipelago in Finland (Pulliainen et al.,
2001); R705/R678 for the Mecklenburg lake district of Germany (Thiemann & Kaufmann,
2000); and R443/R550 is better for the waters in Gulf of Eilat, Israel, which are in an
oligotrophic state (Iluz et al., 2003). Additionally, the first-order derivatives can reduce
the disturbance of pure water and the second can reduce the effect of suspended solids
(Goodin et al., 1993). So, the CCHL and CSS can be retrieved with higher precision by the
derivative spectra. However, the derivatives, especially second-order derivatives, are
relatively insensitive to variations in illumination intensity, whether it is caused by
variations in sun angle, cloud cover, or topography. Hence, it is also of vital importance
to reduce or eliminate random noise. The mean filter of size 9 was used to smooth the
raw spectra to reduce the noise signals in this study. Chen et al. (1992) indicated that the
first-order derivatives of reflectance at 560 and 727 nm are strongly correlated with
Copyright © 2007 IAHS Press
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suspended sediment concentration. Goodin et al. (1993) showed that the first-order
derivative of reflectance at 720 nm was correlated with the sediment concentration, and
demonstrated the difference between the second-order derivatives at 660 and 695 nm
with chlorophyll concentration. Their results are different from those in this paper and
they did not consider the variation of spectral features of water-quality parameters with
different concentration ranges. The indicator bands are a little different because of different water quality in different lakes. Consequently, it is very important to divide the
concentrations into different ranges based on the subtle spectral features and the
indicator bands, to establish different appropriate models. Lahet et al. (2001) developed
correlation models between the first-order derivative of reflectance and different
suspended particle matter and chlorophyll concentrations to make colour classifications
of coastal waters. The concentration ranges used were very narrow: 0.3–14.4 mg L-1 for
suspended particle matter and 0.2–3.4 μg L-1 for chlorophyll. Han & Rundquist (1997)
showed that the first-order derivative of reflectance was better correlated with
chlorophyll concentration than the NIR/red band ratio, which is validated in this paper.
However, when the chlorophyll concentration is very low, there is a large error. Accordingly, leaving out those points whose CCHL is close to zero improves the estimation
accuracy, which is shown by applying the most appropriate model to estimate CCHL of
waters in Meiliang Bay and in Eastern Taihu Bay. In fact, there is no significance for
CCHL estimation at such points. So it is necessary, for these points, to study further the
more subtle spectral features in order to differentiate and eliminate their influence on
other points.
CONCLUSIONS

The following steps are of particular importance in the process of concentration
estimation of water-quality parameters by hyperspectral reflectance: (a) identifying the
diagnostic bands from among numerous bands; (b) reducing the spectral effects
between different substances and the background noise signals; and (c) dividing all the
samples into different groups, or dividing the whole water body into several areas with
different water quality classes, in order to make full use of the subtle spectral features
of the water body with different concentrations of matter.
The derivative method is better for CSS and CCHL estimations than the spectralfeature method. The values of 0, 10, 50 and 75 μg L-1 for CHL and 0, 10, 50 and
100 mg L-1 for SS are considered the threshold concentrations useful in dividing the
samples into groups in order to develop the most appropriate models for improving the
estimation accuracy. For CCHL, the optimal variable for the derivative model is the
second-order derivative of reflectance at 501 nm, or the first-order derivative of
reflectance at 698 nm. The best model for the spectral feature is the ratio of the
reflectivity of the chlorophyll fluorescence peak at 706 nm to that of the absorption
trough at 682 nm, or the location of the chlorophyll fluorescence peak at 706 nm. For
CSS, when it is low and the range is narrow, the optimal variable is liable to change.
Otherwise, it is the first-order derivative of reflectance at 878 nm, and the mean of the
reflectivities in the range 810–820 nm, or the reflectivity at 820 nm.
Chlorophyll and SS have an effect on one another’s retrieval. It is very beneficial
for improving the CCHL estimation accuracy, to narrow down the corresponding CSS
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range under the condition of a relatively stable CCHL range. The CSS estimation
accuracy decreases gradually with the increase of the corresponding CCHL range.
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