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Abstract

The water quality grades of phosphate (PO,-P) and dissolved inorganic nitrogen (DIN) are integrated by spatial
partitioning to fit the global and local semi-variograms of these nutrients. Leave-one-out cross validation is used
to determine the statistical inference method. To minimize absolute average errors and error mean squares,
stratified Kriging (SK) interpolation is applied to DIN and ordinary Kriging (OK) interpolation is applied to PO,-P.
Ten percent of the sites is adjusted by considering their impact on the change in deviations in DIN and PO,-P
interpolation and the resultant effect on areas with different water quality grades. Thus, seven redundant
historical sites are removed. Seven historical sites are distributed in areas with water quality poorer than Grade IV
at the north and south branches of the Changjiang (Yangtze River) Estuary and at the coastal region north of the
Hangzhou Bay. Numerous sites are installed in these regions. The contents of various elements in the waters are
not remarkably changed, and the waters are mixed well. Seven sites that have been optimized and removed are
set to water with quality Grades III and IV. Optimization and adjustment of unrestricted areas show that the
optimized and adjusted sites are mainly distributed in regions where the water quality grade undergoes transition.
Therefore, key sites for adjustment and optimization are located at the boundaries of areas with different water
quality grades and seawater.
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1 Introduction

Many countries have investigated the environmental status of
estuaries, bays, and offshore marine areas. The US made
guidelines for monitoring and assessing environment of all
coastal waters (US EPA, 2010). And many marine environment
monitoring programs and monitoring conventions has been
made, for the Baltic Sea, the Mediterranean Sea, the North Sea,
the East Asian seas and so on (Karydis and Kitsiou, 2013). The
result told us that eutrophication is a serious marine environ-
mental problem all over the world (Lindkvist et al., 2013). Baltic
Marine Environment Protection Commission (Helsinki Commis-
sion) pointed out that because of nutrient pollution, most areas
of the Baltic Sea are facing eutrophication problem (HELCOM,
2010). Analyzing results from the data collected between 2001
and 2006 showed that 161 of the total 172 coastal areas were af-
fected by eutrophication. The eutrophication of the Black Sea
was once much more serious than the Baltic Sea (Borysova et al.,

2005), however it was found that the condition has been improv-
ing, the nitrogen and phosphate exported by the river has de-
creased by 20% between 1970 and 2000 (Karydis and Kitsiou,
2013).Thus continuous monitoring on the marine environment is
necessary to reveal the dynamic variation of environmental qual-
ity and providing basis for environmental policy making (Karydis
and Kitsiou, 2012; Wang et al., 2016).

Shanghai is located at the coastal confluence of the Changji-
ang (Yangtze River) Estuary and East China Sea, facing the East
China Sea, north of the sea area of Jiangsu, and south to the sea
area of Zhejiang. The Shanghai’s sea area has emerged as one of
the most severely polluted sea areas in China because it is af-
fected by the rivers flowing into the sea and land-sourced pollut-
ants. In particular, changes in the material input and distribution
of nutrients heavily influence this area (Wang et al., 2002; Shi et
al., 2003; Zhou et al., 2006; Li et al., 2007). Chen and Chen (2003)
showed the trend of water quality in the Shanghai’s sea area and
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demonstrated that the water quality near the river mouth bar has
significantly deteriorated by nearly four times the growth of its ni-
trate content over the last 20 years. The China Oceanic Environ-
ment Quality Bulletin 2000 showed that the water quality at the
Xuliujing section of the Changjiang River may be classified as
poorer than Grade IVY, Over the last 20 years, the water quality
in the Changjiang Estuary has continuously deteriorated; in par-
ticular, the water quality has decreased by at least one grade
every five years. The deterioration of water quality in this area
continues to increase. Eutrophication of water has progressed as
follows: no eutrophication, 1980s; mild eutrophication, end of the
1980s and the beginning of 1990s; medium eutrophication, mid
and late 1990s; and medium or severe eutrophication, 21st cen-
tury (Quan et al., 2005; Han et al., 2003). The annual increase in
dissolved inorganic nitrogen (DIN), nitrate, and phosphate (PO,-
P) discharges to the Changjiang River is consistent with the an-
nual increase in their contents in the Shanghai’s sea area. The
annual growth rate of DIN in both areas is within the range of
3.3%-4.8%, while that of PO,-P is within the range of 5.6%-6.2%
(Fan et al., 2015). The community structure of phytoplankton in
the Shanghai’s sea area has constantly changed from 1984 to
2010, and percentages of dinoflagellate and diatom have changed
in a manner consistent with the change in the percentages of nu-
trients in the Changjiang River. The percentages of DIN and PO -
P, as well as discharges of silicate, have declined (Huang et al.,
1986; Yang et al., 1989; Fang, 2008; Li, 2009).

The marine environment protection plans of domestic coastal
provinces and cities in China indicate that polluted areas are
management targets. One of the coastal cities or provinces ex-
pressed in its marine environment protection plan for 2011-2015
show that, “Marine environmental pollution will be under full
and effective control, and environment quality will be signific-
antly improved. The area of sea water with the sea water quality
reaching or exceeding Grade I is estimated to increase by 5% in
2015. Environmental quality management targets defined in the
hierarchy control program will be basically achieved”. The
change in the percentages of areas with different sea water qual-
ities is reflected in the marine environment protection plan and
in the annual marine environment quality communiqués of
state/sea areas/provinces and cities. The percentage of areas
with Grades I and II water quality is expected to increase, and
areas with at least Grade IV water quality is expected to decrease.
In recent years, the Shanghai Marine Environment Quality Com-
muniqué has shown that sea areas with water quality poorer than
Grade IV remain very high and account for at least 70% of such
areas.

The existing monitoring sites must be optimized on the basis
of nutrients (DIN and PO,-P) to improve the efficiency of water
quality monitoring and meet the needs of environmental man-
agement. An accurate mechanism or model is difficult to achieve
in a marine environment because of the complex distribution of
polluted sources and transport of pollutants. Therefore, the stat-
istical method is generally adopted to optimize sites and perform
statistical inferences (Shen and Wu, 2013; Sheikhy Narany et al.,
2014). Based on regionalized variable theory and considering the
variogram as a basic tool, the Kriging method makes use of spa-
tial correlation for mapping of structural phenomenon with cer-
tain randomness (Matheron, 1963, 1967). Error variance of Kri-
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ging interpolation for target variable can be used to optimize the
sampling patterns effectively and further improve the accuracy of
mapping. It is widely used in marine, soil, and other environ-
mental survey and monitoring (Shen and Wu, 2013; van Groeni-
gen et al., 2000; Zimmerman, 2006). Kriging interpolation is
based on spatial stationary hypothesis. However, spatial hetero-
geneity is one of the main characteristics of the study objects, so
spatial sampling and statistical inference must be given careful
attention (Wang et al., 2010). The nutrients in the Shanghai mar-
ine show obvious stratified heterogeneity which do not satisfy the
spatial stationary requirements of Kriging and cannot be re-
moved by fitting a spatially continuous surface (Gao et al., 2015).
Goovaerts (1997) introduced stratified Kriging (SK, called Kriging
with strata in that book) for regionalized variables with hierarchy
and heterogeneity to produce best linear unbiased estimator.
However, the spatial sampling optimization for mapping of the
regionalized variables with stratified heterogeneity has not been
resolved. Also, in the marine environment monitoring, the preci-
sion of estimated area of water quality grade is of much import-
ance and much attention should be paid to.

This paper firstly implemented a comprehensive stratifica-
tion for the study area and fitted global and local semi-vari-
ograms of nutrient elements, secondly selected the best statistic-
al inference method for nutrient elements by cross validation.
And, finally optimized current monitoring sites using bidirection-
al optimization method, that’s to remove redundant sites accord-
ing to the variation of areas of water quality grades and mean in-
terpolation error, and then add new sites to right places to min-
imize the interpolation errors.

2 Data and methods

2.1 Study area

The 6 300-km long Changjiang River is the largest river in
China, with a basin of 1.8 million km?. The annual quantity of wa-
ter flowing into the sea exceeds 960 billion m3. Thus, the Changji-
ang River is the third largest river in the world. The Changjiang
Estuary has become a region with a highly developed economy
and very dense population. Hence, the estuary is considerably af-
fected by human activities and must with stand tremendous
pressure from resource usage and the environment. The Shang-
hai’s sea area is located at the core of the Changjiang Estuary. In
this study, data of the water quality in the Shanghai’s sea area in
August 2011 were collected in 70 monitoring sites. These data
were derived from The East China Sea Environmental Monitor-
ing Center, State Oceanic Administration, China. The study area
is located at 30°30'-32°00'N, 121°00’-123°00'E (Fig. 1), where the
big pints are monitoring site, and small points all over the water
area are gotten by discretizing the study area. The surface con-
tent data of the water quality parameters, such as DIN and PO,-
Pwere used. The DIN included ammonia nitrogen, nitrate, and
nitrite.

Samples were collected in the surface water (approximately
0.5 m deep). The samples were kept in well-sealed sampling
bottles for cryopreservation. The samples were immediately ana-
lyzed after they were thawed in the laboratory. Analysis was
based on The Specifications of the National Standard of the
People’s Republic of China for Marine Monitoring: Part IV Sea

DAccording to the National Standard of the People’s Republic of China—Sea Water Quality Standards (GB3097-1997). Beijing: Standards
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Fig. 1. Map of Shanghai’s sea area. The big points are water quality monitoring sites, and small point are grids gotten by discretizing

the study area.

Water Analysis (GB 17378.4-2007). The cadmium-copper column
reduction method, hydrochloride naphthalene ethylenediamine
spectrophotometry method, and indophenol blue spectrophoto-
metry method were used to analyze ammonia nitrogen, nitrate,
and nitrite, respectively. Phosphorus molybdenum blue spectro-
photometry method was used to analyze PO,-P.

2.2 Ordinary Kriging (OK) and SK interpolation

OK is a statistical method that uses spatial correlation for spa-
tial interpolation. This process expresses the variable of the point
to be estimated as the linear weight of peripheral points to solve
the weighted coefficients on the basis of space stationary hypo-
thesis, with unbiased and optimal conditions considered as limit-
ations (Isaaks and Srivastava, 1989).

In OK, the observation values of the sample points are as-
sumed to be (z,, z,, ..., z,,), while the actual value of the point to
be estimated is z,. The linear combination of the observation val-
ues of sample points is used to estimate the values of un-sampled
points, as follows:

n
,’20 = Z /liZi. (])
i=1

In OK, the observation value of each position is a realization of
random variable. Suppose expected values of the random vari-
ables in the study area are constants, i.e., they do not change with
spatial position.

A spatial semi-variogram is used to reflect the spatial vari-
ation of the target variable. According to the stationary hypothes-
is, the observation values of multiple sample points can be con-
sidered as multiple observation values of a random variable.
Therefore, a pair of points, with a distance of h between them, is
used to calculate the actual semi-variogram:

N(h)
v(h) = ﬁ(h) ; (2(uta) — 2(ta + B)] @

where N(h) is the number of points pairs with the distance h. u, is
the start point of a point pair, and u,+h is the end point of the
point pair.

With unbiased and optimal conditions as limitations, the es-
timated weights without sampling might be to solve linear equa-
tions of the semi-variogram.

n
Zj'jy (Zlvzj) —pH= y(207Z1)7
j=1

n
D 4y (Z2.Z) — p =7 (20, Z5)
j=1

n
D iy (ZnZ) —n=7(ZoZn),
j=1

Ai=1,
2:: 3

where y(Z,, Z;) refers to the semi-variogram value between
sample points 1 and j, y(Z,, Z,) refers to the semi-variogram value
between the point to be estimated and sample point 1, u refers to
the Lagrange multiplier, and ;, refers to the weighted coefficient
in Eq. (1). 4, is substituted into Eq. (1) to obtain the estimated
value. The estimated error variance can be calculated through

Eq. (4):

&% ZZZAW (Z0,Z3) =y (Zo, Zo) *ZZAW Zi,2)). @
-1

i=1 j=1

From Eq. (4), the estimated error of the estimated point is
only related to the semi-variogram and the position of sample
point, not to the value of the sample point. Therefore, the estim-
ated error can be used to optimize the sample points.

SK is used for regionalized variables with spatially stratified
heterogeneity based on OK. It proceeds in following three steps
(Goovaerts, 1997): (1) dived the study area into continuous strata
to minimize the difference within stratum and maximize the dif-
ference among strata; (2) fit the semi-variogram of each stratum
using sampling data belong to it; and (3) predict the values of un-
sampled points with nearby sampling data of the same stratum
using OK.

2.3 Spatial simulated annealing
Spatial simulated annealing originates from the simulation of
annealing in thermodynamics. An approximate optimal solution
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is obtained within polynomial time by slowly reducing the tem-
perature and continuously decreasing the value of objective
function (van Groenigen et al., 1997, 1999). Sites can be optim-
ized according to spatial simulated annealing through the follow-
ing steps:

(1) Design the objective function f{s), for sampling optimiza-
tion, set the sample sizen, initial temperature T, and cooling rate
a.

(2) Generate the initial sampling plan s, using the simple and
random or uniform space sampling method. Set s=s, and calcu-
late the value of f{s,). Set current temperature =T,

(3) Select a sampling point from the current sampling plans,
and search a new point with a random angle and distance
around the selected sampling point to replace it, thereby gener-
ate a new sampling plan s,. Calculate the corresponding object-
ive function f{s,) optimized target function. The following for-
mula is used to calculate the acceptance probability of the new
solution s,:

1 () <f(s),

P e (PO pesre

Arandom number (rand) is generated in 0-1. If rand<p, s, is
accepted and set s=s,. Otherwise, s, is rejected.

(4) JTudge whether to stop the iteration. If the stopping cri-
terion has not been satisfied, decrease the temperature by set-
ting T=Ta and go to Step (3) to continue the iteration. Otherwise,
stop the iteration outputs.

2.4 Monitoring sites optimization method

The aim of monitoring sites optimization is to increase the ac-
curacy of DIN and PO,-P interpolation mapping and the areas
calculation of different environmental quality grades. The optim-
ization method consists of the following steps:

(1) Acquire spatial heterogeneity and correlation parameters.
Analyze the spatial correlations and heterogeneity of DIN and
PO,-P. If the spatially stratified heterogeneity is found, the study
area is stratified and the semi-variograms of all strata are fit.

(2) Select a proper inference method. Use leave-one-out cross
validation to compare different inference methods to select the
one which produce smallest error to be used in sites optimiza-
tion.

(3) Removed redundancy sites in sequence. DIN and PO,-P
interpolation errors and changes in the area of some water qual-
ity resulting from reduction of sample points are used to evaluate
the redundancy of sample information. In each round, the re-
dundant site to be removed is determined as following:

(a) Order the sites, and select the first site to be left out, i.e.,
i=1.

(b) Employ the rest sites to interpolate the DIN contents in all
points in the study are using the method selected from Step (2),
calculate the mean interpolation error variance, and compare
changes in mean interpolation error variances before and after
reduction.

(c) Employ the rest sites to interpolate the PO,-P contents in
all points in the study area using the method selected from Step
(2), calculate the mean interpolation error variance, and com-
pare changes in mean interpolation error variance before and
after reduction.

(d) Use the interpolation result of DIN and PO,-P contents of
above two steps to classify the water quality, and compare
changes in areas with different water qualities before and after

reduction.

(e) Judge whether all sites have been left out once. If yes, go to
Step (f); if not, select the next site to be left out, and go to Step (b).

(f) Determine the site to be removed in this round. The site to
be removed is the one that cause the smallest change of mean in-
terpolation error variance and water quality areas after removal;
The removing iteration ends when the number of removed sites
reaches the limit of adjustable sites, or reaches the largest change
in DIN and PO-P interpolation errors and areas of water qualities
set beforehand.

(4) Optimize new sites. The mean error variances of DIN and
PO,-P in each position in the study area are used as optimization
objectivity, as shown in Eq. (6):

N N
1 1
0= N Z S + 100 x N 2512)041‘, (6)
i—1 i—1

where N refers to the number of spatial point location in the
study area, 0% refers to the interpolation error variance of DIN
in i spatial point, and 512)04,- refers to the interpolation error vari-
ance of PO,-P in the i spatial point. Remaining sites are used as
fixed sites and spatial simulated annealing is used to search the
optimal locations for new sites. The optimization method was
realized by coding with R language (V 2.15.1) and the gstat pack-
age (1.0) (Pebesma, 2004).

3 Results

3.1 Spatial stratification

Water quality in a location is determined by the index with
poorest grade. The DIN and PO,-P were used to calculate the wa-
ter quality which inturn was used to stratify the study area (Fig.
2). Areas with water quality poorer than Grade IV were desig-
nated as Stratum land areas with water qualities of Grades I, II,
III, and IV were combined to form Stratum 2. The Hangzhou Bay
has a high DIN and PO,-P concentration, similar to the DIN and
PO,-P value at the Changjiang River mouth, but far away from it.
This character might affect the accuracy of semi-variogram if all
sampling data were adopted without discrimination. To void this,
the Hangzhou Bay was independently divided into a subzone of
Stratum 1, called Region 2. The remaining area with water qual-
ity poorer than Grade IV is designated as another subzone of
Stratum 1, called Region 1 (Fig. 3).

3.2 Semi-variograms fitting

The global and local semi-variograms of DIN and PO,-P are
fitted according to the spatial stratification result. For the global
semi-variogram, all sites are included in the calculation. The
semi-variogram of Region 1 only uses the sites within it. Because
the sites in Region 2 were not enough and its spatial variation is
similar to that of Region 1, it used semi-variogram of Region 1 as
its semi-variogram. Thus the Stratum1 have only one uniform
semi-variogram fitting using data in Region 1, and in calculating
and analysis of rest part, Stratum 1 would not be divided into Re-
gion 1 and Region 2, but as one unit. For the semi-variogram in
Stratum 2, all sample points are used for the fitting calculation.

The semi-variogram fitting results of DIN are listed in Table 1.
The semi-variogram of Global, Stratum 1 and Stratum 2 are all of
Gaussian type, but with different range, sill and nugget. Figure 4
listed their semi-variogram plots.

The PO,-P contents are generally small numbers, and the fit-
ting result can easily be affected by rounding. Therefore, the PO,-
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Table 1. Adjusted semi-variogram models for DIN concentra-
tion

Type Nugget (C,)  Sill(C;+C)  Range (a)
Global Gaussian 0.220 1.210 190 945
Stratum 1  Gaussian 0.252 0.733 95 640
Stratum2  Gaussian 0 1.508 25013

P content is multiplied by 10 for the before calculation. The semi-
variogram results of PO,-P are listed in Table 2. Again, the semi-
variogram of Global, Stratum 1 and Stratum 2 are all of Gaussian
type, but with different range, sill and nugget. Figure 5 listed the
corresponding semi-variogram plots.

3.3 Selection of statistical inference method

Based on analysis of the spatially stratified heterogeneities
and correlations of DIN and PO,-P, OK, SK, and inverse distance
weighted (IDW) interpolation methods were selected preliminar-
ily as candidate statistical inference methods. Cross validation
method was used to select the best inference method. In the
cross validation method, one site was left out and other sites were
used to interpolation the DIN or PO,-P of this missing site every
time, until every site has been interpolation once. The absolute
mean error and error variance of the interpolations are calcu-
lated and compared.

OK, SK, and IDW cross validation results of DIN are shown in
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Table 2. Adjusted variogram models for PO,-P concentration Table 3. SK exhibits the smallest absolute average error and error
Type Nugget (C,)  Sill(C,+C) Range(a)  variance; thus, it is selected for DIN. The error distribution is
Global Gaussian 0 0.206 166 914 shown in Fig. 6. OK and SK interpolation errors gradually in-
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Table 3. DIN cross validation result

OK SK IDW
Absolute average error 0.2534 0.2312 0.469 0
Error variance 0.1259 0.1170 0.277 8

the largest error. The absolute average errors of the various water
qualities are as follows: Grade I is 0.054 1; Grade II is 0.053 6;
Grade III is 0.098 8; Grade IV is 0.151 0; and poorer than Grade IV
is 0.327 8.
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The results of OK, SK, and IDW cross validation results of
PO,-P are shown in Table 4. OK reveals the smallest absolute av-
erage error and error variance; thus, it is selected for PO,-P. The
error distribution of the various methods is shown in Fig. 7. OK
and SK interpolation errors gradually increase as water quality
deteriorates from Grade I to poorer than Grade IV. Water quality
poorer than Grade IV shows the highest error. The absolute aver-
age errors of the different water quality grades are as follows:
Grade I'is 0.004 56; Grade II is 0.005 48; Grade III is 0.008 76,
Grade IV is 0.009 90; and poorer than Grade IV is 0.011 09.
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Fig. 6. Absolute error map of DIN cross validation.

Table 4. PO,-P cross validation result

OK SK IDW
Absolute average error 0.092 35 0.141 86 0.194 57
Error variance 0.016 77 0.051 58 0.047 43

3.4 Reduction of redundant monitoring sites

Seven redundant historical sites (10% of the 70 monitoring
sites) will be removed. Each site is gradually reduced based on
the site reduction method. The reduced sites are labeled by their
codes (Fig. 8). Table 5 shows the interpolation errors obtained
after gradual reduction of sites, gradual changes, and accumu-
lated changes in the areas of various water quality grades. The
area of each grid is approximately 4 km?.

After A2D31YQO015S is removed, the corresponding mean in-
terpolation deviations of DIN and PO,-P change to 1.00x10-* and
3.00x10-5, respectively, resulting in slight changes in error. The
area of poorer than Grade IV water quality decreases by 1 unit,
whereas that of Grade IV increases by 1 unit. After A2D31YQ013S
is removed, the corresponding mean interpolation deviations of
DIN and PO,-P change to 2.00x10-* and 1.00x10-5, respectively,
which do not cause changes in the areas of various water quality
grades. After A2D31YQO67S is removed, the corresponding mean
interpolation deviations of DIN and PO,-P change to 4.00x10-*
and 1.00x10-5, respectively, which also do not cause changes in
the areas of various water quality grades.

After A2D31YQO062S is removed, the corresponding mean in-

terpolation deviations of DIN and PO,-P change to 6.00x10-* and
7.00x10-5, respectively, which do not cause changes in the areas.
After A2D31YQO030S is removed, the mean interpolation devi-
ations of DIN and PO,-P change to 1.50x10-% and 3.00x1075, re-
spectively. Areas of water qualities of Grades I and III are de-
creases by 1 unit, whereas those with water qualities of Grades II
and IV increase by 1 unit. After A2D31YQ004S is removed, the
mean corresponding interpolation deviations of DIN and PO,-P
change to 3.00x10-* and 3.00x10-6, respectively. Areas with water
qualities of Grades I and IV increase by 1 unit, where as those
with water quality poorer than Grade IV are reduced by 2 units.
After A2D31YQO069S is removed, the corresponding mean inter-
polation deviations of DIN and PO,-P change to 9.00x10-* and
2.40x10-5, respectively. Areas with water qualities of Grade I and
poorer than Grade IV are reduced by 1 unit of area, whereas
those with water qualities of Grades II and IV increase by 1 unit
(Table 5).

Changes in the accumulated area are as follows: Grade I de-
creases by 1 unit; Grade II increases by 2 units; Grade III de-
creases by 1 unit; Grade IV increases by 4 units; and poorer than
Grade IV decreases by 4 units (Table 5).

3.5 Optimization of the monitoring sites
3.5.1 Under the restriction of water grades

The sum of the interpolation errors of DIN and PO,-P (ob-
served values were multiplied by 10) in all positions is minim-
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Fig. 8. Results map of sites reductions.

Table 5. Standard deviation of interpolation errors and (accumulated) changes in the areas of various water quality grades after site

reduction
No. of sites Standard deviation of =~ Standard deviation of PO,-P  Gradel GradeIl ~ GradeIll ~GradelIV Poorer than
DIN interpolation error interpolation error Grade IV

All sites 0.404 8 0.016 177 669 678 741 640 4123
A2D31YQ015S 0.4049 0.016 180 0(0) 0(0) 0(0) 1(1) -1(-1)
A2D31YQ013S 0.405 1 0.016 181 0(0) 0(0) 0(0) 0(1) 0(-1)
A2D31YQ067S 0.405 5 0.016 191 0(0) 0(0) 0(0) 0(1) 0(-1)
A2D31YQ062S 0.406 1 0.016 198 0(0) 0(0) 0(0) 0(1) 0(-1)
A2D31YQ030S 0.407 6 0.016 201 -1(-1) 1(1) -1(-1) 1(2) 0(-1)
A2D31YQ004S 0.407 9 0.016 204 1(0) 0(1) 0(-1) 1(3) -2(-3)
A2D31YQ069S 0.408 8 0.016 228 -1(-1) 1(2) 0(-1) 1(4) -1(-4)

ized to add seven sits in the subzones of Grades III and IV water
quality. SK interpolation is used to interpolate for DIN, whereas
OK interpolation is used for PO,-P. After optimization of the

monitoring sites, the standard deviation of DIN interpolation er-
rors of all positions is 0.399 82 and that of PO,-P is 0.016 087.
Optimization and adjustment under the restriction of water
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grades show that the optimized and adjusted sites are mainly dis-
tributed in regions where the water quality grade undergoes
transition, for example, two added sites near the transition of
Grades II and III water quality, three near the transition of Grades
III and IV, and one near the transition of Grade IV and the poorer
than Grade IV (Fig. 9).

3.5.2 Without any restriction

The sum of the interpolation errors of DIN and PO,-P (ob-
served values were multiplied by 10) in all positions is minim-
ized to optimize the selected points over the whole region
without any limitation. SK interpolation is used to interpolate
DIN, whereas OK is used for PO,-P. After optimization of the
monitoring sites, the standard deviation of DIN interpolation er-
rors of all positions is 0.396 77 and that of PO,-P is 0.016 071.

Optimization and adjustment of unrestricted areas also show
that the optimized and adjusted sites are mainly distributed in
regions where the water quality grade undergoes transition, for
example, one added site near the transition of Grades I and Il wa-
ter quality, two near the transition of Grades II and III, and one
near the transition of Grades III and IV, and so on (Fig. 10).

4 Discussion

DIN and PO,-P in Shanghai Marine seriously exceed stand-
ard values. Thus, eutrophication of the estuary area must be
monitored. Nutrients are the main substances of terrigenous in-
put. Although local governments continue to enhance the parti-
tioning of marine environment protection and seek environ-
mental protection audits of sea areas, the marine environmental

Table 6. Position coordinates of optimized site in the subzones

North latitude/(°) East longitude/(°) Water partition
30.491 2 123.024 7 Grade III
31.5916 122.898 6 Grade III
30.8159 123.066 6 Grade IV
30.9422 123.087 6 Grade III
31.1226 123.0459 Grade III
30.562 9 122.649 5 Grade IV
30.4729 123.2747 Grade III
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protection of sea areas is also under the jurisdiction of these gov-
ernments. The proportional distribution of areas under different
water quality grades is the first task in marine environmental pro-
tection. The increasing percentages of areas with water qualities
of Grades I and IT and the decreasing percentages of areas with
water qualities of Grade IV and poorer than Grade IV are specific
tokens of environmental protection performance. Thus, the total
terrigenous pollutant to the sea is under control, and the dis-
charge is up to the required standard.

Partitioning of the Shanghai’s sea area on the basis of water
quality grades or types of sediments (Chen et al., 2009) can re-
flect stable physical dynamic processes in this sea area. Under
the effects of the runoff from the Changjiang River and co-oscil-
lating tides of the open sea, the main reversing currents in the es-
tuary are bounded by channel transport to the open sea (with ob-
vious inequality of tides). The impact of tides from the open sea is
significantly enhanced outside the estuary, where rotating flow is
focused and a turbid zone with obvious stratification is formed.
Sea area stratification (spatial heterogeneity) and semi-vari-
ogram fitting (space correlation) are used to solve various com-
plex physical processes over the whole sea area; these methods
can accurately reflecting the main water masses of the sea area
and their distribution characteristics.

Optimization objectivity of monitoring sites is based on the
monitoring purpose and program design. When focusing on the
environmental characteristics of a comprehensive index, minim-
izing the error variance of the principle component of the com-
prehensive index is used as optimization target of the monitoring
sites (Bing-Bo Gao et al., 2015). When focusing on the environ-
ment characteristics of nutrients (DIN and PO,-P), the main ele-
ments exceeding the standard, and their distribution, the site im-
pact on DIN and PO,-P errors should be fairly low. Redundant
sites with limited influence on the estimation of polluted area
and the interpolation errors were removed, and several sites were
added within the border of Grades III and IV or within the
boundary of the whole sea area.

The characteristics of the sea area under different seasons
(temporal change) and partitions (spatial change) can influence
the selection of statistical inference methods and affect the op-
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Fig.9. Optimized site layout with the addition of seven sites in the subzones.
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Fig. 10. Optimized site layout with the addition of seven sites in the whole region.

Table 7. Position coordinates of optimized site in the whole re-

ion
. North latitude/(°)  East longitude/(°) Water partition

31.266 7 123.2139 Grade II
30.689 5 122.7952 Grade IV
31.3571 123.1090 Grade II
31.2850 122.9829 Grade I1I
30.8873 122.5437 poorer than Grade IV
31.8441 123.109 6 Grade I

30.508 8 122.6705 Grade IV

timization results of the monitoring sites. However, for estuaries,
bays, and other regions with more determinate characteristics of
water mass, the statistical inference and its parameters of some
key elements can be stable. For complex temporal and spatial
variations in the sea area, researchers and managers must pro-
ceed from the whole situation to perform the necessary sea area
partitioning and site adjustment based on targeted monitoring
purpose and the distribution characteristics of the main physical
water masses. This implement of the monitoring sites optimiza-
tion must achieve multiplier effects.

5 Conclusions

The Shanghai Marine Environment Monitoring sites were op-
timized by integrating spatial correlation and stratified hetero-
geneity. The distribution of areas of different water quality grades
in the Shanghai’s sea area was generally determined by the
poorest index. This process basically reflects the distribution
characteristics of the water quality grades according to the nutri-
ents. To calculate the areas under the different water quality
grades according to the optimized site layout more accurately,
spatial stratum was stratified by integrating the current DIN and
PO,-P status of sea water quality grades. The global and local
semi-variograms of DIN and PO,-P were fitted, and the statistical
inference methods were selected through leave-one-out cross
validation. SK interpolation was used for DIN, whereas OK inter-
polation was used for PO ,-P. During optimization of the monitor-
ing sites, redundant monitoring sites that had the lowest impact
on the areas of different water grade, and the interpolation mean

errors of the DIN and PO,-P were firstly removed. To adjust the
historical sites by 10%, seven historical sites were removed. And
then to improve the accuracy of DIN and PO,-P interpolation
mapping new sites were added optimally to right locations with
or without restriction of water grades.

Using the original sites, the standard deviation of DIN inter-
polation errors of all positions was 0.404 8, whereas that of PO,-P
was 0.016 18. If the points in the strata with Grades III and IV are
optimized, the DIN standard deviation of interpolation errors of
all positions becomes 0.399 82 after optimization and that of PO,-
P becomes 0.016 087. If the points over the whole region are op-
timized without any limitation, the standard deviation of DIN in-
terpolation error of all positions becomes 0.396 77 and that of
PO,-P becomes 0.016 071 after site optimization. Optimization
method was applied to optimize the environmental monitoring
sites in estuary areas; this process can improve the interpolation
accuracy and computational accuracy of areas with different wa-
ter quality grades.
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