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Abstract In this paper a method for remotely-sensed assessment of eutrophication was experimented. The water samples
were collected for analysis of COD (chemical oxygen demand) and nutrients concentration, and the remote sensing

reflectance data at the sampling points were synchronously measured using above-water method in two cruises, which
were conducted in the Pearl River Estuary in January 2003 and January 2004 respectively. Based on the in-situ data the
local algorithms for estimation of concentration of nutrients (P and N) and COD were developed by Partial Least
Squares (PLS) regression. The algorithms were then applied to atmospheric-corrected SeaWiF§ data and the COD and
nutrients concentration in Pearl River Estuary were estimated. And then the assessment of eutrophication was carried
out by comparison of the estimated nutrients and COD value with the water quality standard. The results show that the

whole estuary is seriously in eutrophication.
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1. INTRODUCTION

With of population growth and rapid industrialization
and urbanization, more and more solid, liquid and gas
wastes (known as the “three wastes™) have been emitted
to the environment in China, especially in the Pearl River
Delta area, the environmental pressure has increased
during the last two decades. The environmental
conditions have become a major limiting factor for the
progress of society and for the economical development.
Many serious red tide or harmful algae blooms have
occurred in the estuary area or its adjacent coastal areas
since the 1980s, and caused huge economic losses. It is
believed that the algae bloom or red tides is related with
the eutrophication in the estuary, and eutrophication has
become one of most serious problems of water quality in
the Pearl River estuary.

To detect the nutrients concentration is important for
water quality assessment and for red tides monitoring.
The conventional mothed for investigation on
distribution of nutrients concentration in coastal waters is
to collect water samples from the field and analyse the
nutrients concentration of the water samples in laboratory.
This kind measurement is expensive and time-consuming.
As it is hard to synchronously to collect water samples
from different stations, in return, it is hard to get accurate
distributions of the nutrients concentration, which will be
changeful due to the effect of tides and advection.

The satellite remote sensing technique is
complemental to the conventional measuring method,
and has advantage for its wide-view field, synchronous
and high frequency repeatable measurement, and low
cost. Remote sensing is expected to play a role on water
quality monitoring. With the development of remote
sensing technique, many studies on application of

satellite data for water quality monitoring have been
reported (e.g., Oron and Gitelson, 1996; Brivio et al.,
2001; Ostlund et al., 2001; Hu et al., 2004; Wang et al.
2004). However, most remotely sensed monitoring
investigations focused on determining single water
quality variables, such as suspended sediment, turbidity,
transparency or Secchi disc depth, chlorophyll, dissolved
organic matters (yellow substance), COD, and BOD
(Tassan 1994; Doerffer and Fischer 1994; Allee and
Johnson 1999; Arenz et al 1996; Chen et al 2003; Wang
et al. 2004).

In this paper, the Partial Least Squares (PLS)
regression is employed for analysis of the measured
remote sensing reflectance data and nutrients
concentration data, and the local algorithms for
estimation of nutrients concentration were developed.
And the nutrients concentration distribution in the Pearl
River  estuary  were retrieved from  the
atmospheric-corrected SeaWiFS images. And then the
eutrophication was assessed according to the nutrients
concentration retrieved from SeaWiFS data with
reference concentraion. The eutrophication extents and
their distribution patterns in the Pearl River estuary were
obtained from ocean colour satellite data.

2. STUDY AREA

The Pearl River is 2214 km long and has a catchment
area of 453,690 km* (Zhao, 1990). It has a mean annual
runoff of 326 billion m®. The annual discharge depends
on the amount of rainfall received in its catchment. From
Oct. to Apr. the weather is dominated by the northeast
monsoon, and the mean rainfall is relatively low with
about 30-40 mm/month (Zhao, 1990; Larson et al. 2005).
From May to Sep. the humid air is brought up from
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lower latitudes causing larger amounts of rainfall
(300-400 mm/month). The discharge into the Pearl River
estuary during the dry season is about 1,500 m’/s but the
flow rate can increase up to 20,000 m’/s during the wet
season. The annual discharge of suspended sediments is
about 87 million tons. The warm-humid climate results in
strong chemical weathering and about 30 million tons of
dissolved matters are discharged yearly (Zhao, 1990).
The water is discharged to the South China Sea through a
delta with eight river branches, which results n a
complicated spatial distribution of the water components.
There are several major cities in the delta, including
Guangzhou, Foshan, Shenzhen, and Zhuhai. The delta
area has experienced rapid industrialization and
urbanization. The economic expansion has adversely
impacted the water quality in the downstream areas of
the Pearl River system because of an increasing
discharge of industrial and domestic wastewater
(Jayawardena and Lai, 1989), Water quality in the
estuary has become progressively worse in the last 20
years,

The serious environmental crisis in the Pearl River
estuary is eutrophication. Since the nutrients mostly
originate from the discharge, the concentration of
nutrients is higher in the surface layer than in bottom
layer, displaying a seasonal variation (Yin, 2003). The
concentrations of total inorganic nitrogen (TIN) can be
very high (up to 126 uM, and generally >70 pM),
however the PO4 concentrations are generally low
(maximum 1.5 pM, and mostly <1 pM). The nutrient
ratios of N:P (N = TIN, P = PO4) is typically >50:1,
however, it can be >100:1, which is much higher than
16:1, the standard nutrient ratio for phytoplankton
ingestion. The nutrient ratio shows that P is the main
limitation factor in controlling phytoplankton biomass
production. The eutrophication has produced serious red
tide events or harmful algal blooms in the estuary and its
adjacent coastal waters since the 1980s and caused huge
economic loss. Thus, the environmental condition of the
area is a serious concern for the local societies. Recovery
programs for water quality are in operation and the water
quality in the estuary will hopefully be improved in the
near future. The remote sensing technique is expected to
monitor the effects of the recovery programs for the
water quality.

3. DATA EMPLOYED and METHODOLOGY

3.1. Data Collection

The in-situ data were collected during 2 cruises
conducted in the Pearl River Estuary, respectively in the
period of 25-26 January 2003 and 5-6 January 2004. The
in-situ measurements were taken at 18 stations in each
cruise; Fig.1 shows the positions of the stations.The
variables determined in this study include temperature,
salinity, chlorophyll-a, total suspended matters (TSM),
nutrients (TIN TP), chemical oxgen demand (COD),
dissolved organic carbon (DOC), gelbstoff absorption
coefficient (Ag), and remote sensing reflectance (Rrs).
The nutrients (TIN, TP) and COD were analyzed in
laboratory of the institute with China Standard Method,
the GB Method (GB/T 17378-1998). An above-water

method was used for the measurement of remote sensing
reflectance (R,).
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Figure 1  The sampling position of cruises January 2003 and 2004

The water-leaving radiance, radiance reflected by a
reference panel with 25% reflectance and sky radiance
were measured 3 times in rapid succession at each station
using the Ocean Optics USB2000 spectrometer
(wavelength range from 200 to 850 nm with a spectral
resolution of 0.37 nm) with fibre-optic extension cables,
and pistol-like grips. The R, data were averaged for the 3
radiance measurements. The average R, values over
SeaWiFS bands 1 to 6 were calculated. The R, increased
with increasing wavelength from SeaWiFS bands 1 to 5,
with the R, at band 6 being lower compared with band 5
(Table 1).

Table 1. In-situ reflectance data in the Pearl River Estuary

cruise 2003 2004

R(%) | Min Max | Mean Min Max | Mean
Ruiz | 0.9373 | 3.2489 | 1.8000 | 0.9376 | 3.1007 | 1.9831
Rus; | 1.05811( 4.2323 | 2.2139 | 0.9429 | 3.2595 | 2.2014
Ruge | 1.3246 | 5.3007 | 2.7858 | 1.1360 | 3.6110 | 2.6267
Rsio | 14234 | 5.9766 | 3.0714 | 1.3343 | 3.7982 | 2.8869
Rsss | 1.7044 | 7.4515 | 3.7229 | 2.0276 | 4.6781 | 3.5901
Rero [ 0.6300 | 7.1935 | 2.3352 | 0.8777 | 3.3283 | 2.0537

3.2 The Partial Least Squares (PLS) regression
algorithms

As a relative newer multivariate statistics approach,
PLS allows evaluation of the latent variables in a
multivariate space (Andren et al,1998; Eriksson et
al.,1995). The basic theory of PLS regression and its
application on algorithm development can be found in
references (Helland 2001; Ehsani et al. 1999, Yang 2005).
Being similar to PCA (Principal Component Analysis) ,
PLS regression can detect the maximum variance that is
called principal component in a data set. PLS regression
can also maximize the covariance between the predictor
(independent X-matrix) and the response matrix
(dependent Y-matrix). In addition, PLS regression can
simultaneously project the independent X-variables and
dependent Y-variables onto the same subspace based on
the optimal relationship between the observation position
in the X and the Y plane. Comparing with many other
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regression methods, PLSR is better for dealing with such
data sets that have fewer observations than variables and
a high degree of intercorrelation among the independent
variables (Sonesten,2001; Zhang et al.,1998).

PLS regression can find out latent structures
successively with component projection. In most cases,
this procedure can reduce spectral variables to a few
independent Principal Components. The final algorithm
predicted y; was expressed as

yi=agtarty; +asty; +.. .oty 0y

where t;;° to t,; were the scores from principal
component (PC) 1 to n for variable i. The scores were
calculated on the basis of mean-centered data. And a,
was the regression coefficient obtained by linear
regression of t versus y in the calibration iteration
process. ap was the centered mean parameter.

PLS uses prediction residual sum of squares (PRESS)
for checkout. The PRESS will be calculated in the

following ways:

n

PRESS=) (i - @

i=1

The lower the value of PRESS is, the better the
predicted ability of algorithm is. The model will be set up
when the value of PRESS is infinitesimal.

4. RESULTS

The measured reflectance data were first processed to
reflectance ratio, and 6 ratio cases were considered, that
is the reflectance of each band was divided by band 1 t
oband 6. Then with the reflectance data of 6 band, five
reflectance ratio can be obtained for each case. The series
of principal components (from first to fifth PC) were
analysed for different reflectance ratio cases, and used
for algorithm development. Totally 30 algorithms were
developed for different reflectance ratio cases with the
different PC series, and the algorithms were assessed
with their PRESS. And the algorithm with lowest PRESS
was choosed for estimation of nutrients concentrations.
The algorithm for TIN estimation is:

Log(TIN)=0.5776-0.2156*(R1/5)-0.2513*(R,/6)-0.4166

* (Ry/6)-0.0065(Ry)+0.2545(Rs)  (3)

Here R is the reflectance ratio, which band
combination is shown with the subscript. The algorithm
shown in Eq.(3) was developed using the first 2 PCs, its
PRESS is 0.0502, its average relative eroor is 9.06%.
And the algorithm for TP estimation is:

Log(TP)=-1.3259-0.752*( Ry/6)~0.0213%( R,)-+0.243*

(Ri6)+0.3003%( Ryp)-0.1222*%(Rsss)  (4)

similar to Eq. (3), R in Eq.(4) is the reflectance ratio,
which band combination is shown with the subscript. The
algorithm for TP estimation was also developed using the
first 2 PCs, its PRESS is 0.7802, its average relative
eroor is 32.64%. And the algorithm for COD estimation
is

Log(COD)=0.6075-0.3011*(R,/1)-0.1469%(R;/,)-0.0658
*(Ran)+0.0874*(Rs1)+0.1104*(Rg/,) )

Then the three algorithms were applied to
atmospheric-corrected SeaWiFS data, the concentration
of TIN, TP and COD can be retrieved for the whole Pearl
River estuary. :

The eutrophication was assessed with the nutrients
quality index (NQI), which is calculated from Eq.(6):

NOI = Ceop + Cry + Crp ©)
- CT C' C’
cop TIN P
Where Cppp~ Cpy~ Cpp  are the satellite-retrieved

concentration of COD, TIN and TP respectively, and
Ceop~ C'yy~ Cpp are reference concentration for
assessment of COD, TIN and TP, respectively. The
reference concentration are set as: C,, =3.0mg/L;
C'yy =03mg/L; Cp, =0.03mg/L.

Then the eutrophication was divided into three levels
based on the NQI values: the Oligotrophication level for
NQI<2, middle eutrophication level for 2<=NQI>3, and
eutriohication level for NQI>=3. The eutrophication
levels were assessed and their distribution patterns were
revealed from the SeaWiFS data. Fig. 2 shows the
distribution of eutrophication in the Pearl River estuary
and its adjacent waters, retrieved from SeaWiFS data of
January 10, 2003.

Fig. 2 Eutrophication distribution retrieved from SeaWiF$
data of Dec.31,1998 (2) and Jan. 10, 2003 (b) respectively.

5. DISCUSSION and CONCLUSION

The PLS regression results showed that ratio in case of
reflectance divided by band 6 is better than other ratio
cases for both of TIN and TP concentration estimation.
While the ratio in case of reflectance divided by band 1 is
better for COD estimation. COD is the index for oganic
pollution, and the coloured dissolved organic matters
(CDOM) or yellow substance has strong absorption at
short wavelength, and the higher yellow substance, the
higher COD, so the blue band (band 1) is important for
COD.

Our previous works showed that the Band 6 with
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central wavelength of 670 nm is very important for
coastal waters (chen et al. 2003; Chen et al. 2005). The
remote sensing reflectance at 670 nm is very low in case
1 waters, and significantly increases in case 2 coastal
waters because of scattering from the suspended
sediments. SeaWiFS band 6 (670nm) is therefore an
important band for the retrieval of water components
with terrestrial origine such as the suspended sediments
and nutrients in estuarine waters. The optical properties
of TIN and TP and their impacts on remote sensing
reflectance is not well-known, but both of sediments and
nutrients have similar terrestrial origine, and encounter
similar transfer processes. It makes the nutrients have
indirect relationship with reflectance.

The data used for algorithm development were
collected in winter time (local dry season). In order to
improve the algorithms, the dataset needs to be expanded
to include data collected in other seasons (including wet
season).
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