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ABSTRACT

When building a multi-parameter water quality testing model for marine environmental pollution
emergency response, the characteristics of marine environmental data are analyzed based on the
method of a data-driven model artificial neural network, and the mapping relationship between state
variables of the marine environment is established by taking state variables of the marine environ-
ment as input-output parameters of the model. The method of emergency multi-parameter inversion
of the combined unit model is used to optimize the inversion of emergency parameters (chemistry
and biology) of a data-driven model with regional variation, and to invert the near-optimal solution.
Based on the inversion results, a non-conservative water quality testing model of marine environmen-
tal pollution is constructed from the two emergency parameters of chemistry and biology. This model
mainly studies the decomposition rate of nitrogen and phosphorus and the effects of phytoplankton
growth, respiration, withering and sedimentation on the nutrient value from the two aspects of chemi-
cal decomposition speed and biological process which affect the change of the nutrient value of marine
environmental pollution. The water quality concentration of the marine environment is determined
according to nutrient value, and the ocean ring is realized. The test results of the water quality test
model are as follows: the predicted values of chlorophyll and inorganic nitrogen content in Liaodong
Bay and Bohai Bay, China is in good agreement with the measured values, and the predicted values of
inorganic nitrogen, chlorophyll current and water level in the nutrient salts of Liaodong Bay and Bohai
Bay are in good agreement with the measured values. The test results are of high accuracy.

Keywords: Marine Environment; Pollution; Parameter Inversion; Emergency Multi-Parameter; Water
Quality; Test Model; Nutrients

1. Introduction

In recent years, with the rapid development of the domes-
tic economy, the problem of marine pollution has become
more and more serious. Some factories directly discharged
pollutants into the sea, which not only caused great damage
to the marine environment but also brought a certain degree
of potential safety hazards to people’s health [1]. Since the
1990s, the area of coastal water quality in China which is infe-
rior to that of a class of seawater quality standards has risen
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from 100,000 square kilometers in 1992 to 220,000 square kilo-
meters in 1999, with an average annual growth rate of 14.6%.
Since 1999, China’s marine environmental protection work
has achieved initial results, the overall pollution situation has
been improved [2], the momentum of pollution aggravation
has been curbed, and the area of the whole sea area that does
not meet the water quality standards of clean sea areas has
decreased from 220,000 square kilometers in 1999 to 169,000
square kilometers in 2003, a decrease of 16.3%. The environ-
mental pollution situation has been preliminarily improved
[3-5]. However, the data of 2004 show that the area of the
whole sea area which fails to meet the water quality standard
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of clean sea area is about 196,000 square kilometers, which is
about 27,000 square kilometers more than that of 2003, and
the area of moderate and seriously polluted coastal waters in
China has increased [6].

Marine environmental pollution hinders the develop-
ment of the domestic economy to a certain extent, so it is par-
ticularly important to monitor marine environmental pollu-
tion in an emergency way, which requires relevant personnel
to strengthen emergency multi-parameter testing of water
quality. The uncertainty of marine environmental pollution
parameters is a major problem in research and application
[7]. Many foreign scholars have done a lot of research in the
field of marine environmental pollution emergency multi-
parameter water quality testing. The influence of metal con-
centration in the Black Sea Bay on the marine environment
and the changing trend of water quality in Kamchia River are
analyzed by the regression method. The method only consid-
ers the change of chemical element content in seawater, but
not the biological effect of biological content in seawater on
water quality.

In this paper, a multi-parameter water quality testing
model for marine environmental pollution emergency is
constructed. Considering several emergency parameters,
the changes of chemical substances and plankton contents in
the marine environment are studied, and the effects of the
changes of chemical substances and plankton contents on
marine environmental water quality are analyzed [8,9]. The
measured water quality results are basically consistent with
the measured values. Therefore, the multi-parameter water
quality testing model for marine environmental pollution
emergency is of great significance for monitoring the marine
environment.

2. Materials and methods
2.1. Emergency multi-parameter inversion
2.1.1. Artificial neural network method of a data-driven model

Different from the traditional engineering numerical
model, the data-driven model is based on limited knowledge
of marine environment physics. It only takes the state variables
of the marine environment as input-output parameters of the
model, analyses the characteristics of the marine environment
data [10], and establishes the mapping relationship between
the state variables of the marine environment (reference
formula (1)). It is realized by an artificial neural network,
fuzzy logic, expert system and machine learning. The neural
network BP algorithm can approximate any non-linear
continuous function based on training samples. By learning
input-output sample data, the functional relationship
between them is fitted. In this paper, an artificial neural
network BP algorithm model is proposed. Only when the
weight is adjusted, and additional momentum term with an
assignment of 0.5 is introduced, and the learning rate is 0.05.

(yl,...,yi,...,ym)=F(x1,...,xi,...,xn) 1)

In Eq. (1), (x,...x,...,x,) and (y,,...,y,...,,) are input-out-
put variables of the state of marine environment respec-
tively, and F is a function reflecting the relationship between
input-output variables.

2.1.2. Emergency multi-parameter inversion method and steps
of the combined unit model

In this paper, the study area is divided into several
units. The concentration of pollutants in each unit is calcu-
lated by the numerical calculation of the design conditions
of the water quality test model. The relationship between
state variables and control variables (F in the same Eq. (1) is
established by the method of a data-driven model artificial
neural network, (x,,...,x,...,x,) represents the concentration
of pollutants at the observation points in the domain, and
(Yy--sYy---Y,) represents the model parameter, is inverted
with the measured data [11]. The specific implementation
steps are as follows:

e Step 1: Selection of control variables:

The seawater quality testing model includes a large
number of parameters. If all the parameters are used as
control variables, there will be great uncertainty. Therefore,
emergency parameters (chemical parameters and biological
parameters) should be selected as control variables.

e Step 2: Study the division of units in the sea area:

According to the distribution of geographic location and
measured location, the study area is divided into N units, and
an emergency parameter a in the model is setto (a,,...,a,...,a ).
e Step 3: The numerical calculation of seawater quality test

model:

For m control variables, n points are selected for each
control variable in the range of values, to fully reflect the
response of the marine environment to the change of param-
eters combination, the principle of multi-parameter matching
design is adopted, and the H[cﬂ =n" operating conditions
are obtained through combination. The multi-parameter
matching design conditions are calculated by using the sea-
water quality model, and the pollutant concentration results
of the observation points in each unit are output.

e Step 4: Emergency multi-parameter combination unit
inversion based on the data-driven model:

Considering the dynamic changes of model parameters
among different units in the study area, the results of pollut-
ant concentration at the internal observation points and the
corresponding control variables are used as sample data to
learn the data-driven model, and the relationship formula
between them is obtained.
(St} St St} )

1

(Sty S, St} ) @)

(aN,...,bN,...,zN) (Sth,.,.,St2

2 e Stfv)

In Eq. (2), (a,b,...,2) is the model parameter, St is the state
variable of water quality model, superscript k represents dif-
ferent state variables, and N is the number of divided sea area
units.

The measured data of the observation points in the sea
area are taken as input samples and substituted into the
relationship established in Eq. (2) to invert the near-optimal

solution [(a;,h'l,...,z;),(a'z,b;,...,z'z),...,(a'N,b'N,...,zN)} of the
model parameters.
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e Step 5: inversion results test:

The near-optimal solution of the model parameters is
introduced into the water quality model of the sea area, and
the quality of the calibration results is verified [12]. Fig. 1is a
schematic diagram of the parameter inversion process of the
data-driven model.

Fig. 1 represents the sequence of the whole process. It
mainly includes parameter inversion module and water
quality calculation module. The water quality calculation
module calculates the design conditions and verifies the opti-
mal solution. The parameter inversion module analyses the
results of the water quality module and concludes the rela-
tionship between model parameters and observation points
in the sea area, to invert the near-optimal solution. A and B
are the links of two modules. Fig. 2 is a schematic diagram of
the data-driven model neural network architecture for emer-
gency multi-parameter inversion of combined units.

The data-driven model neural network for emergency
multi-parameter inversion of combined units in Fig. 2 con-
sists of three layers, that is, input layer, intermediate layer
and output layer. The input layer is the pollutant concentra-
tion test results of observation points in the sea area with a
total of N units, and the output layer is the model parameter

[(a'],b;,...,z'1 ),(alz,bvz,...,zlz),...,(a'N,bVN,...,z‘N)J of N units.

Taking the measured data above into the non-linear rela-
tionship, the optimal inversion of model emergency param-
eters (chemistry and biology) with regional variations is
studied. The relationship between model parameters and
observation points in the sea area is summarized, and the
near-optimal solution is inverted. Based on the inversion
results, the non-conservative multi-parameter water quality
for an emergency is constructed.

Because phytoplankton is the indicator organism to
measure water quality [13], the quality of marine envi-
ronment water is closely related to the abundance of phy-
toplankton and community composition. The decrease
or overbreeding of phytoplankton will indicate that the

Marine Water Quality Computing Module

marine environment is tending to deteriorate. As a nutri-
ent element in marine water quality, nutrients consumed
by phytoplankton through photosynthesis and nutrient
production by phytoplankton through respiration, extra-
cellular dissolution, and decomposition of organic debris
are analyzed below. From the point of view of chemistry
and biology, the nutrient content in the marine water qual-
ity can be measured to measure the water pollution in the
marine environment.

2.2. Construction of emergency multi-parameter water quality
testing model

The income and expenditure of nutrients mainly include
three parts: one is the process of physical income and expen-
diture; the other is the process of the influence of the trans-
formation of chemical forms on the income and expenditure;
the third is the process of biological income and expenditure.
The main form of physical revenue and expenditure process
is the input of terrestrial pollution sources, which will bring
a large number of organic substances such as nitrogen and
phosphorus into the water body. Chemical effects mainly
refer to the decomposition of pollutants under the action
of marine microorganisms, forming various inorganic salts
and becoming an important source of nutrients in seawater.
In this paper, the chemical transformation between different
forms of nutrients is mainly reflected in the decomposition
of nitrogen and phosphorus. There are many forms of nitro-
gen in seawater. In addition to NO;, NO; and NHj, there are
gaseous compounds such as N,, N,O and NH,, and there
are nitrification and denitrification among different forms of
nitrogen compounds. The decomposition rate of phospho-
rus can be obtained from the literature experiment [14]. The
specific values are shown in Table 1. Biological revenue and
expenditure can be divided into biological absorption and
nutrient regeneration. This paper mainly considers that phy-
toplankton consumes a certain amount of nutrients through
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Fig. 1. Data-driven model parameter inversion process diagram.
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Fig. 2. Schematic diagram of the data-driven model neural network architecture for parameter inversion of combined units.

Table 1
Main parameter values required for calculation

Influencing process Parameter Value

Phytoplankton Maximum growth rate 2.0d
Semisaturated constant (DIN) 3.0 umol/L
Semisaturated constant (DIP) 0.15 pumol/L
Optimum light intensity 0.07 cal/cm?/min
Respiratory velocity at 0°C 0.03d
Temperature dependence coefficient of respiration 0.0519°C
Dead speed (20°C) 0.0281 L pmol-N/d
Dead temperature coefficient (20°C) 0.069°C
Settlement velocity 0.173md

Decomposition process of Decomposition speed from PON to NH, (20°C) 0.030 d

nitrogen Decomposition speed from PON to NH, (20°C) 0.0693°C
Decomposition speed from PON to DON (20°C) 0.030 d
Decomposition speed from PON to DON (20°C) 0.0693°C
Decomposition speed from DON to NH, (20°C) 0.030 d
Decomposition speed from DON to NH, (20°C) 0.0693°C
Nitrification coefficient 0.05d
Decomposition velocity temperature coefficient 0.0693°C

Decomposition process of Decomposition velocity of P(20°C) 0.012d

phosphorus Temperature coefficient of decomposition velocity 0.0691°C

photosynthesis, and phytoplankton generates nutrients
through respiratory release, extracellular dissolution, and
decomposition of organic debris.

2.2.1. Conservative water quality model

The Conservative water quality model is the basis of the
non-conservative water quality model. The Conservative con-
centration equation is also the basis of the non-conservative

concentration equation. Conservative pollutant transport
equation based on concentration C is given as follows:

ac 9(uC) a(wC)

+

8(w-w')C _a(kh GC}

+ + =

ot Ox oy 0z Ox Ox 3)
9 k"£ +3 k”§ +M,
oy oy ) ox 0z
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In Eq. (3), u, v, w, and 1 are the velocity and water level
values calculated by hydrodynamic equation respectively;
C is the concentration; M, is the physical source term, which
is the source strength of removing convective diffusion effect
caused by physical action, mainly referring to the point
source strength of input from sewage outlet; k" and k° are hor-
izontal and vertical pollutant diffusion respectively; w* is the
settling velocity of pollutants.

2.2.2. Non-conservative water quality model

The difference between the non-conservative equation
and the conservative equation is mainly reflected in the
source term, that is, the source strength of the conservative
water quality model mainly introduces the source strength of
pollutants, while the source strength of the non-conservative
model equation also includes the source strength of chemical
and biological effects. Namely:

M=M,+M, +M, 4)

In Eq. (4), Mh is the source term of inorganic nitrogen
(DIN) and inorganic phosphorus (DIP), which is caused by
chemical decomposition. The expression is M, = kc, k is the
decomposition rate, and M_ is the source term reflecting the
absorption and consumption of nutrients by various changes
of phytoplankton.

To quantitatively calculate the effects of chemical and
biological actions on the concentration of nutrient elements,
the following Egs. (5) and (6) are used to describe the changes
in nutrient values:

d(DIN

(dt ):(PON+DON)FJ ~Ngy x(1=Ryo, )+ Nygy ©)
d(DIP
(T) - (POP+DOP), Py, (®)

PON represents suspended DIN; DON represents dis-
solved DIN; FJ represents chemical decomposition; SW rep-
resents the consumption of nutrients by biological processes;
RNO3 is the coefficient of nitrification; (1- Ryo,) represents
denitrification; XH represents nitrification. ’

Chemical decomposition rate:

The decomposition rate of nitrogen can be expressed as:

Ky =Ky 'OENZO @)
In Eq. (7), K,, is the decomposition rate of abiotic nitro-
gen; K, is the decomposition rate of abiotic nitrogen at
20°C; 0, is the temperature coefficient of the abiotic nitrogen
decomposition rate.
The decomposition rate of phosphorus can be expressed

as:

0

K, =Koy '9;20 8)

In Eq. (8), K, is the decomposition rate of abiotic phos-
phorus; K, is the decomposition rate of abiotic phosphorus

at 20°C; 0, , is the temperature coefficient of abiotic phospho-
rus decomposition rate.

In this paper, the dissolved and suspended nutrients in
Egs. (5) and (6) are combined for calculation.

Biological process equation:

Biological effects are mainly reflected in the impact of
phytoplankton on nutrients [15], so the nutrient variables
caused by phytoplankton are closely related to the amount
of phytoplankton:

d(DIN) . thi
. N (Wlthered + Settlement — Breathing — Grow)fz ©)
d(DIP in w
( " ) = P(Withered + Settlement — Breathing — Gro ) B (10)

In Egs. (9) and (10), fz represents phytoplankton; the
right end of the equation can be described by the following
four phytoplankton processes, respectively:
*  DPhytoplankton withering process:

D, =D,y 'eTD;ZO (11)

In Eq. (11), D, is the dead rate of phytoplankton; D, is
the dead rate of phytoplankton at 20°C; 6, is the tempera-

ture coefficient of the dead rate of phytoplaﬁkton.
*  Deposition rate of phytoplankton:

D,, = const (12)
* Respiratory processes of phytoplankton:

The respiratory process of phytoplankton can be treated
according to Eq. (13):

R,=g,8,(T)

In Eq. (13), R, is the respiration rate of phytoplankton;
8, is the respiration rate at 0°C; g (T) is the temperature con-
trol function, where g (T) = ¢'” is taken, and r is the tempera-
ture-dependent coefficient.
*  Phytoplankton growth process:

The growth process of phytoplankton is related to tem-
perature, light condition and nutrient supply [22,23].

The effect of temperature:

(13)

F, —;ﬂ-exp{l—;} (14)

S S

In Eq. (14), F, is the influence of temperature on the
reproductive rate, T, is the most suitable growth tempera-
ture for plants, and its value is related to the optimum light
intensity of different phytoplankton species. The optimum
growth temperature of general phytoplankton is higher than
the average annual temperature of the waters they live in.
The effect of temperature on the primary production pro-
cess is exponential, which indicates that the growth activity
of phytoplankton will increase rapidly with the increase of
temperature at a suitable temperature [16,24,25], but it will be
inhibited when the temperature is too high or too low.
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Effects of illumination conditions:

I_L
I

F=Ll.g® (15)
IS

In Eq. (15), F, is the influence of light conditions on repro-
duction; I, is the most suitable light intensity; I is the effective
solar radiation of water body, which is related to the water
area and species; a is the semi-saturated constant of light
effects.

Nutrient limitation effects:

E DIP DIN ] a6)

P = min[ ;
Kyp +DIP K + DIN

In Eq. (16), F; is the effect of nutrients on the reproduc-
tive rate of phytoplankton; DIP is the concentration of inor-
ganic phosphorus; DIN is the concentration of inorganic
nitrogen; K, is the absorption semi-saturation constant of
inorganic phosphorus; K , is the absorption semi-saturation
constant of inorganic nitrogen.

Because the growth process of phytoplankton is affected
by the above three factors: temperature, light condition,
and nutrient supply, the amount of nutrient consumed in
the growth process of phytoplankton can be calculated as
follows:

G -F

I

-E

T

P = Mmax “Fep 17)
In Eq. (17), G, is the growth rate of phytoplankton, p__
is the maximum growth rate of phytoplankton, F, is the light
quantity dependence of reproductive speed, and F, is the
temperature dependence of reproductive speed.

It should be noted [17-19] that the amount of residual
nutrients needed to be converted by the amount of
phytoplankton after the withering and sedimentation
processes occur, in which the reduction of phytoplankton is
obtained by multiplying the withering rate, sedimentation
rate and time. Similarly, nutrients consumed by respiration
and growth processes can also be obtained according to
this principle, in which respiration rate, growth rate and
time multiply to increase phytoplankton production. The
parameters required for the above calculation are shown in
Table 1.

2.2.3. Conditions for calculating concentration field

Initial condition: interpolation of C, = 2006 annual
sampling detection scatter concentration. Boundary condi-
tions: They are also divided into the fixed coastal and open
coastal boundaries. There is no diffusion term at the coastal
solid boundary, sea surface and seabed, and the normal
gradient of each state variable is 0. At the open boundary
of the [18], the state variables are treated according to the
inflow and outflow computational domains: when inflow
into the computational domain, the state variables at the
open boundary are measured offshore; when outflow, the
state variables at the open boundary only consider the con-
vection effect.

2.2.4. Moving boundary treatment

Because the Bohai Sea is submerged and dried up from
time to time according to the different topography, the
dynamic boundary is used to simulate the environmental
dynamic conditions of the sea area. Therefore, in the material
transport model, only the wet and drypoints determined by
power flow calculation need to be treated as follows: if n-1
time is a wet point and n time is a dry point, then the con-
tinuing calculation of the wet point into wet point time only
needs to be substituted by the concentration value of n-1
time; otherwise, if n-1 time is a dry point and n time is a wet
point [19], then n-1 time is the wet point. The concentration
value of time is n-2 is substituted for the calculation.

3. Results

Taking the Bohai Sea as the research object, the validity of
the multi-parameter water quality testing model for environ-
mental pollution emergencies in this paper is verified. The
Bohai Sea includes Liaodong Bay, Bohai Bay, and Laizhou
Bay. This paper mainly studies Liaodong Bay and Bohai
Bay. Firstly, DIN and chlorophyll state variables are selected
to verify the inversion effect of the multi-parameter combi-
nation unit of the water quality testing model in this paper.
Then, based on the inversion results, the real-time distribu-
tion of DIN and Chl in Liaodong Bay and Bohai Bay is tested
by the water quality testing model in this paper.

3.1. Multiparameter inversion test of pollution emergency
response in Liaodong Bay and Bohai Bay

* Monte Carlo method was used to select the emergency
parameters of state variables with a coefficient of varia-
tion as control variables, Table 2 as state variables and the
selection of emergency parameters, and Table 3 as emer-
gency parameters.

® The Bohai Sea is divided into three main units: Liaodong
Bay, Bohai Bay, and Laizhou Bay. However, only two main
units are observed in this paper. Therefore, the expression
of the data-driven model for emergency multi-parameter
inversion of combined units should be as follows:

(VMMAX,, TEMPS,,VKDN, ) | _|(Chl,,DIN,) 8
(VMMAX,, TEMPS,, VKDN, )| [(Ch,,DIN,) a9

In Eq. (18), subscripts 1 and 2 represent Liaodong Bay
and Bohai Bay respectively.

Table 2
State variables and their emergency parameters

State variable Emergency parameters

Inorganic Phytoplankton growth rate (VMMAX)
nitrogen Growth temperature of phytoplankton (TEMPS)
(DIN) Decomposition rate of inorganic nitrogen (VKDN)
Chlorophyll  Phytoplankton growth rate (VMMAX)
(Chl) Growth temperature of phytoplankton (TEMPS)
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e From Table 2, we can see that DIN has three emergency
parameters, Chl has the same two emergency parameters
as DIN. The range of parameters is set and three points
are selected among them. As shown in Table 2, 27 design
conditions are obtained by matching the three emergency
parameters. The concentration changes of DIN and Chlin
each of the two units are calculated by the water quality
test model.

e Two element concentration data and their corresponding
model parameters in two units are taken as sample input
data driving model. Combining with the network struc-
ture of Fig. 2, the relationship between state variables and
control variables Eq. (18) is established, that is, combined
inversion.

e Table 4 takes the average of the three emergency param-
eters in Table 3. According to the emergency parameters,
the experiment is designed and the DIN and Chl concen-
tration data are calculated as “pseudo” observation data.
By inputting the “pseudo” observation data obtained
in this paper into the established relationship, the near-
optimal solution of the control variable can be obtained,
as shown in Table 5.

® According to the combined inversion method, the emer-
gency multi-parameter inversion results of the combined
unit in Table 5 are brought into the multi-parameter water
quality test model for a marine pollution emergency. The
results of the chlorophyll and DIN test are compared
with the measured results (Figs. 3 and 4, Table 6).

From Figs. 3 and 4 and Table 6, we can see that the
average absolute error of chlorophyll in Liaodong Bay and
Bohai Bay is 0.0033, the average relative error is 0.0188, the
error is very small, the linear correlation coefficient is higher
than 0.99; the average absolute error of DIN in Liaodong Bay
and Bohai Bay is 0.0175, the average relative error is 0.0488,
and the linear correlation is 0.0175. The coefficients are higher
than 0.99. After comparing the results of the emergency multi-
parameter calibration, the predicted results of the Liaodong
Bay combined inversion method are in good agreement with
the measured values, and the predicted results of the Bohai
Bay combined inversion method are in good agreement with
the trend of the measured values.

The results show that the absolute error and relative error
between the predicted results and the actual results are low,
and the linear relationship between the predicted results and
the actual results is higher than 0.99. The high correlation
indicates that the prediction of environmental water qual-
ity in the Bohai Sea by using two emergency parameters has
high accuracy.

Combination ——=—= Actual Value

° ©
=) —_
0 (=}

ChjuglL
(=)
(=)
(o))

0.04
0.02
Table 3 0 . I I I I I I Ly
Emergency parameters 20 40 60 80 100 120 140
Time/h
State Emergency Parameter value
variable parameters
DIN VMMAX 1.44 25 3.36 A
Chl TEMPS 15 26 35 o.5 Combination -e—e—e Actual Value
VKDN 0.012 0.018 0.026
0.4~ (b)
Eﬁ 0.3
Table 4 =
Experimental design of this paper o2
O.1-
State Emergency Parameter
variable parameters value ° 20 40 so 80 too 120 146
Time/h
DIN VMMAX 2.4
Chl TEMPS 25 Comparison of emergency multi-parameter calibration results
for (a) chlorophyll retrieval and (b) inorganic nitrogen inversion
VKDN 0.02 in Liaodong Bay.
Table 5
Near-optimal solutions to control variables
Inversion method Unit Emergency parameters
Combination inversion Liaodong Bay VMMAX| TEMPS, VKDN,
2.54429385 25.368715 0.019675208
Bohai Bay VMMAX, TEMPS, VKDN,
2.4485965 25.037195 0.018655743
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3.2. Real-time distribution test of nutrient DIN and Chl in
Liaodong Bay and Bohai Bay

Based on the influence of Liaodong Bay and Bohai Bay
as mainland source sewage outlets on the real-time dis-
tribution of nutrient DIN and Chl in marine water quality,
the real-time distribution of nutrient DIN and Chl in water
quality of the two regions was tested by using the emergency
multi-parameter water quality testing model constructed in
this paper, and the measured results were compared with the
measured current and water level values. The difference is
shown in Figs. 6-9, Fig. 5 is the distribution map of Liaodong
Bay and Bohai Bay stations and sewage outlets, and Table 7 is
the sewage discharge from key sewage outlets.

From Figs. 6-9, we can see that the real-time distribution
results of DIN and Chl of nutrients in Liaodong Bay and
Bohai Bay are tested by using the water quality testing model
in this paper. Compared with the measured current and
water level values, the results are in good agreement, which

0.10

Combination -e—e—e Actual Value

0.08
0.10
0.08
=
2Lo.06
=
< 0.04

0.02
J

I I
20 40 60 80 100 120 140
Time/h

(a)

Combination -e—e—e Actual Value

\J

20 40 60 80 100 120
Time/h

(b)

Fig. 4. Comparison of emergency multi-parameter calibration
results for (a) chlorophyll retrieval and (b) inorganic nitrogen
inversion in Bohai Bay.
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Fig. 6. Comparisons between observed and calculated (a) flow
velocities and (b) flow directions (Station 1#).

Table 6
Comparisons of combined inversion errors
State variable Error Inversion method Liaodong Bay Bohai Bay
Chl Absolute error Combination 0.0005 0.0016
Relative error Combination 0.0068 0.0241
Correlation coefficient Combination 0.9999 0.9999
DIN Absolute error Combination 0.0161 0.0188
Relative error Combination 0.0773 0.0204
Correlation coefficient Combination 0.9996 0.9991
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Fig. 7. Comparisons between observed and calculated (a) flow
velocities and (b) flow directions (Station 2#).
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Fig. 8. Variation of water level (Station 3#).
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Fig. 9. Variation of water level (Station 4#).

Table 7
Emissions from key outlets

Sewage outlet number Average daily discharge (t/d)

Sewage outlet 1 475
Sewage outlet 2 100,000
Sewage outlet 3 162.5
Sewage outlet 4 89,500
Sewage outlet 5 22,800
Sewage outlet 6 127,100
Sewage outlet 6 70,352

shows that the water quality conclusion of the emergency
multi-parameter water quality testing model constructed in
this paper is tested. The results are in good agreement with
the actual values, with high accuracy, and can well test the
horizontal diffusion of pollutants in the sea area, which can
provide the correct flow field for the test process of pollutant
migration and transformation.

4. Discussions

Marine environmental water quality testing model not
only plays an important role in water quality simulation,
pollutant control, and water resources planning but also
provides strong technical support for water quality early
warning. With the vigorous development of new technol-
ogies, the water quality testing model is innovative based
on the original, and its applicability and simulation ability
is also available. There have been new improvements. With
the development of the ocean water quality testing model in
an application, the water quality testing model has a wider
application field. A more comprehensive and more diverse
biochemical model has been established, which is conducive
to a more accurate description of the biochemical process in
the ocean area and makes the simulation results have higher
reference value. This paper studies a multi-parameter water
quality testing model for marine environmental pollution
emergencies. The model can not only test the marine water
quality but also test the results with high accuracy and a
good linear correlation coefficient. It can well test the hori-
zontal diffusion of pollutants in the sea area and provide the
correct flow field for the test process of pollutant migration
and transformation. The model in this paper is of great sig-
nificance in the treatment of marine environmental pollution.
While applying the water quality testing model in this paper,
we should also pay attention to the problems faced by the
water quality testing model in its development.

* The lack of real-time observation data. The ocean water
quality testing model needs complete, continuous and
systematic hydrological and water quality data, which is
the basis of establishing the model. Observation data can
provide the initial field, boundary condition and forced
field for the model, and can also be used to verify the accu-
racy of the calculation results of the model. Now, cruise
observation and buoy observation are based on time.
Continuity and data quality needs to be improved. It is
suggested that buoys should be placed at representative
locations along the coast instead of setting up observation
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points for a certain project. Observation variables include
basic physical variables and water quality state variables,
data transmission and processing automatically, and data
sharing at the same time.

® The mechanism of water pollution is not fully clear, and
it is difficult to express it in detail with mathematical
formulas, and there are many hypotheses in the model,
which are inevitably different from the reality. It is sug-
gested that we should pay attention to the study of basic
theory, verify the rationality of hypothesis by experiment
when necessary, combine with observation data and con-
firm the condition of the hypothesis.

e Water quality changes in coastal waters are affected by
many factors, including biology, physics, chemistry and
other disciplines. How to improve the intersection and
collaboration between disciplines, and how to build a
multi-disciplinary and multi-media marine ecosystem
model based on water quality testing model are more
conducive to the objective simulation of marine water
quality. Marine water quality testing model has been
widely used since its inception, and its universality has
been increasing. It has gradually become a powerful tool
for decision-makers. Based on the marine water quality
testing model, a perfect and systematic coastal water
quality early warning system has been established to
predict and forecast the trend of eutrophication, and to
improve the simulation ability of marine water quality
testing model. It is a hotspot in the application of ocean
water quality testing model.

5. Conclusions

In this paper, a multi-parameter water quality testing
model for marine environmental pollution emergency is
studied. Based on inducting the relationship between the
parameters of the model and the observation points in the sea
area, and inverting the two near-optimal solutions of chemi-
cal and biological aspects of marine environmental pollution
water quality, a non-conservative water quality testing model
for marine environmental pollution is constructed from the
two parameters. The validity of the multi-parameter water
quality test model for marine environmental pollution emer-
gency is studied from two aspects: the inversion of DIN and
Chl emergency parameters in Liaodong Bay and Bohai Bay,
and the real-time distribution test of DIN and Chl nutrients
in water quality in Liaodong Bay and Bohai Bay.
® The parameters inversion results of environmental pol-

lution emergency in Liaodong Bay and Bohai Bay: After

comparing the results of multi-parameter calibration, the
combined inversion of chlorophyll and DIN emergency
parameters was carried out in Liaodong Bay and Bohai

Bay. The relative errors and absolute errors between the

predicted results of the two parameters and the actual

measured values were both obtained. The correlation
coefficient between the predicted value and the mea-
sured value is higher than 0.99, which indicates that the
inversion effect of the two parameters is high, and the
accuracy of the two parameters for marine environmen-
tal pollution water quality testing is high.

® The real-time distribution test results of nutrient DIN and
Chlin Liaodong Bay and Bohai Bay are obtained by using

the water quality test model in this paper. The results of
DIN, Chl current and water level measured by the water
quality model in Liaodong Bay are in good agreement
with the measured values, which shows that the accuracy
of the water quality test model in this paper is high.
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