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An artificial neural network model with three-layer structure was applied to estimate chlorophyll a
concentration in a lake located in Tottori Prefecture, Japan. First, input variables, which resulted in high
calibration accuracy, were searched to examine the optimal network structure. The calibration accuracy
was highest when input variables were set to TN, TP, DO, water temperature, solar radiation, air tempera-
ture, wind velocity, and Wedderburn number. This result means that the model incorporated the rela-
tionship between chlorophyll a concentration and the meteorological, hydraulic, and aquatic factors into
the network structure.

The adaptability of the estimation of chlorophyll @ concentration was examined. As a result, chloro-
phyll @ concentration could not be sufficiently estimated. To improve estimation accuracy, the network
structure was reconstructed by considering the time history of the variation of the meteorological and
water quality data for the previous 24 hours and incorporating such data into the input variables. The result

showed that the estimation accuracy was remarkably improved.

INTRODUCTION

Closed water bodies such as lakes and inner bays
suffer from various water environmental problems due
to eutrophication. In a eutrophic lake, the profuse
growth of phytoplankton has frequently occurred
because the primary production of phytoplankton is
extremely large. Phytoplankton blooming causes the
deterioration of the water environment, such as the
degradation of water clarity and damage to the aquatic
ecosystem. To preserve water environment, it is a sig-
nificant assignment to investigate the mechanism of
phytoplankton blooming and establish the method for
estimating the biomass of phytoplankton. Numerous
studies have been done on the seasonal changes of biota
of phytoplankton. Among them, several studies focused
on the relationship between dominance of phytoplank-
ton and aquatic factors. However, there has not been
sufficient research on a quantitative evaluation of bio-
mass of phytoplankton. Therefore, it is important to
develop a numerical model that can estimate the bio-
mass of phytoplankton.

Aquatic environmental factors, including the behav-
ior of phytoplankton, were generally analyzed and esti-
mated by an ecosystem model which incorporated the
water flow analysis into the model (Nakata and Taguchi,
1982; Nakasone et al., 2005). However, it is difficult to
apply the model to the actual situation because the
model contains numerous parameters and complicated
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model equations for describing biochemical cycling in a
lake. In recent years, an artificial intelligence technique
has been actively applied to the evaluation and estima-
tion of water environment. The artificial neural network
model (ANNM), which possesses a superior ability for
the pattern recognition, has been applied to the evalua-
tion of the behavior of aquatic factors in rivers and other
waterworks (Kondo, 1997; Hiramatsu, 1995; 1998).

At most of the closed water bodies in Japan, numer-
ous weather items and water quality items such as dis-
solved oxygen, nutrients, and COD were observed con-
tinuously or periodically. The observed data contribute
toward not only the analysis but also the estimation of
water environment. Generally, the behavior of water
environment intricately fluctuates with the interrelation
between numerous water environmental factors. In this
present paper, the fluctuation patterns of water environ-
ment extracted from the sufficient accumulated data
have been utilized for estimation of water qualities.
Specifically, ANNM, which is a nonlinear model and can
extract the relationships between water environmental
factors, was applied to estimate the behavior of water
environments.

In this study, the feasibility of estimation of water
environment in closed water bodies using ANNMs was
examined. An object of estimation is chlorophyll a,
which represents the amount of phytoplankton, in Lake
Koyama, Tottori Prefecture, Japan. This paper proposes
that the aquatic and meteorological data obtained by
water environmental monitoring is used for estimation of
water environment directly and actively.

MATERIALS AND METHODS

Study area and outline of observation
Lake Koyama, which has a surface area of 6.8km?
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an average depth of 2.8m, a maximum depth of 6.5m,
and a storage capacity of 20 million m’, is a brackish lake
located east of Tottori prefecture in Japan. The lake has
five inflows and an outflow. The inflows are the Oide
River, the Miyamaguchi River, the Yujiri River, the
Nagara River, and the Fukui River; the outflow is the
Koyama River. In the Koyama River, the intrusion of
seawater occurs due to tides. At the mouth of the
Koyama River, the sluice gate is constructed to regulate
the amount of inflow of seawater, and salinity of lake
water is controlled at 130 ppm for the irrigation period
and 330 ppm for the non—irrigation period, respectively.
Therefore, Lake Koyama is a low salinity, blackish lake
in the irrigation period. The bottom topography of the
lake inclines gently to the northeast, and its deepest
area is the vicinity of the north shore, as shown in Fig.
1. Atits deepest, the deterioration of the water environ-
ment is remarkable, and the incidence of the oxy-
gen—deficient water and phytoplankton blooming occurs
frequently (Harada and Yoshida, 2001; Shimizu, 2002).
Therefore, the authors conducted continuous observa-
tions and weekly observations of water quality and
weather items at the deepest point from April 2004 to
November 2005. Details of the observation items are
shown in Table 1.

In weekly observations, water sampling was con-
ducted at the surface layer (about 15cm below the
water surface) and at the bottom layer (about 15cm

Observation Point

|
2000 (m)

Fig. 1. Bottom topography of Lake Koyama and observation point.

Table 1. Observation items

Category Items Position Interval
Weekly Chlorophyll a Surface layer and  About 7 days
observation TN bottom layer

TP
EC Surface layer and
Salinity bottom layer
Conti bo T inut;
ONUIous Water temp. About 2m above en minutes
observation Solar radiation the water surface
Air temp. About 5m above
th t f;
Wind velocity ¢ water suriace

from the bottom of the lake) between eleven a.m. and
noon. The sampled water was analyzed for quality. In
the continuous observation, the water quality and
weather items were measured at ten minute intervals
using an automatic data logger. In this observation,
chlorophyll a concentration was analyzed by Spec-
trophotometric Measurement. In addition, the popu-
lation and the biomass rate of phytoplankton were sur-
veyed as biological research. Samples for determining
phytoplankton composition were obtained by using
plankton net, which has 656 m mesh. The samples were
fixed with 0.5% (v/v) buffered formalin and used for
microscopic observation. For the continuous observed
data, the values at one hour intervals were used in the
numerical analysis, while it was measured at ten minute
intervals.

Artificial neural network model

An artificial neural network model is a mathematical
model that extracts the basic functions of biological
neural networks. It is made by mutually interconnecting
artificial neurons. In this study, a perceptron model is
employed to the estimation of chlorophyll a concen-
tration. The model has a multi-layer structure consist-
ing of an input layer, a hidden layer, and an output layer,
as shown in Fig. 2. The three-layer perceptron model
possesses a superior ability for pattern recognition. The
chlorophyll a concentration was estimated by this
ability.

In a perceptoron model composed of an input layer
(m, units), a hidden layer (72, units), and an output layer
(7, units), as shown in Fig. 2, outputs {x,, ; kU 1, n,} are
computed as follows:

n,-1

w0 wom, 01 )
7,1

xf},lc[lﬂ Z Wy ;X5 |:|: kO 1, n, 2
Jjoo

where x,,(0 1) is the constant used for output compu-
tation of the hidden layer, x,, {0 1, n,~1} are the inputs
to the hidden layer, x,; {j 1, n,~1} are the inputs to the
output layer, w,,, {¢00 1, n,—-1, jO 1, n,~1} are the
input-hidden weights used for output computation of

Input Variables
Output Variables

Fig. 2. The perceptron model with three—layer structure.
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the hidden layer, and w,;, {jO 1, n,~1, kO 1, n,} are the
hidden—output weights used for output computation of
the output layer. The equations (1) and (2) are used in
the computations for the hidden and output layer out-
puts. Nonlinear transfer function f{y] is the sigmoid
function defined by

Syl O 6))

10e*?
where K is the parameter that prescribes the response
of fly]. In this analysis, parameter K is provided as a
constant ([ 1) because it cannot be adjusted by the
generalized delta law. The values of the desired output
and input were normalized to a range of [0, 1].
In this study, the generalized delta law is used for
network learning. First, the square—error between net-
work outputs 2, and desired outputs ¢,, is defined by

EpD %% 1( tp,kixii,k) : (4)

Next, weights w and thresholds 8 are adjusted by
transmitting the error from the output to the hidden
layer and from the hidden to the input layer as

5, 0Kz, (1-2,)(,~2,) k01, n, &
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where I is the learning rate, a is the inertia coefficient,
and w® represents the weight calibrated M times. In
Equations (7) and (8), the inertia term was added to
avoid the despair of local minima and to accelerate the
convergence (Hiramatsu et al., 1995). The learning rate
and the inertia coefficient were set at 5.0 and 0.9,
respectively, by trial and error. The generalized delta
law was conducted by the batch processing method.
The weights and thresholds were finally determined by
the calibration with 50,000 iterations.

RESULTS AND DISCUSSION

Examination of optimal network structure

To examine the optimal network structure, the
input variables, which resulted in high calibration accu-
racy, were searched. From the viewpoint of efficient
utilization of the data accumulated by water environ-
mental observations, the basis network structure was
constructed by using continuous observation items,
which are possible to measure in short time intervals.

Table 2. Cases of input variables for calibration

Case Input variables
Case 1 DO, water temp., solar radiation, air temp. and wind
velocity.
Case 2 TN, TP, DO, water temp., solar radiation, air temp.
and wind velocity.
Case 3 TN, TP, DO, water temp., solar radiation, air temp.,

wind velocity and Wedderburn number.

Furthermore, the weekly observation items, which relate
to behavior of phytoplankton, were added into input
variables of the basis network structure in order to
improve the calibration accuracy.

In this section, calibrations of ANNMs were conduct-
ed using the input variables of the three cases shown in
Table 2. First, the input variables of Case 1 were
obtained from the continuous observations and the num-
ber of units in the input layer is 7,00 7. Second, the
input variables of Case 2 were obtained by adding nutri-
ents (TN and TP), which affects the bleeding of phyto-
plankton, to Case 1 and its number of units in the input
layer is 72,0 11. Finally, the input variables of Case 3
were obtained by adding the Wedderburn number,
which represents the strength of the stratification of the
lake, to Case 2 and its number of units in the input layer

is »,00 12. The Wedderburn number is defined as
follows
PP, gh h
e P, U’ L S

where P, and P, are the water density at the surface
and bottom layers, respectively, g is acceleration due to
gravity, i is the water depth, L is the horizontal length
of the lake, and U.? is the friction velocity on the water
surface caused by wind. In all cases, the output vari-
ables were chlorophyll a concentrations at the surface
and bottom layers, and the number of the units in the
output layer is 7,00 2. The number of the units in the
hidden layer is 72,0 20 in each case. The number of sets
of calibration data was 70, which is the total of the week-
ly observations. The weekly observation items used in
the following analysis were regarded as the values at
noon. Therefore, for the continuous observation items
in the input variables, the values observed at noon were
used for the analysis.

The calibrated errors, which are the root mean
square errors (RMSEs) between the observed values of
chlorophyll a concentration, and the calculated values
obtained after learning with 50,000 iterations, are shown
in Table 3. As an example, the calibrated results of
Case 3 are shown in Fig. 3. In the figure, the unwritten
periods from 10™ August to 15™ September 2004 and
from 22" February to 19™ April 2005 are loss of the data
due to instrument trouble. Table 3 and Fig. 3 reveal
that the calibrated errors of each case were small, and
network calibration was carried out sufficiently.

The generation of phytoplankton was affected by
nutrient (especially, nitrogen and phosphorous) concen-
tration in lakes. Also, the hydraulic factor affected the
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Table 3. Calibrated errors obtained from Cases 1, 2, and 3

Calibrated errors (ug/L)

Case
Surface layer Bottom layer
Case 1 0.49 0.51
Case 2 0.21 0.11
Case 3 0.10 0.06
60 —— Observed values e Calibrated values
E  Surface layer
40 g RMSE=0.10(ug/L)
3 E
) Mﬂ
N =
> oL .
=
& 60
i £ Bottom layer
5 10 E RMSE=0.06(ug/L)
20 F .
0 E 1
2004/4/1 8/1 12/1 2005/4/1 8/1 12/1
Date (year/month/day)

Fig. 3. Calibrated results of Case 3.

behavior of phytoplankton because the vertical move-
ment of lake water is involved with the diffusion of water
environmental factors such as nutrients and organic
matter. The calibration accuracy of Case 3 is the highest
of the three cases, denoting that the model incorporated
the relationship between chlorophyll a concentration
and the meteorological, hydraulic, and aquatic factors
into the network structure.

Estimation of chlorophyll a concentration

The feasibility of the estimation of chlorophyll a
concentration was examined by a model with the input
variables of Case 3. After calibrating the network using
69 sets selected from the 70 sets of calibration data, the
estimated values of chlorophyll a concentration for
another remaining set were calculated. By repeating
this calculation 70times, the estimation values for all
weekly observations were calculated and compared with
the observed results. The outline of this operation is
shown in Fig. 4.

The estimated results and errors, which are the
RMSESs between the calculated and observed values, are
shown in Fig. 5. We can see the large deviations
between the estimated and observed values in the
figure. The estimated errors seem to exceed frequently
10ug/1 at both the surface and bottom layers. This
results show that the adopted model is insufficient to
estimate chlorophyll @ concentrations in the lake.

To improve estimation accuracy, ANNM was recon-
structed by considering the time history of the variation
of the meteorological and water quality data over the
previous 24 hours and incorporating these data into the
input variables. In this operation, the previous 24 hours
of 8-fold mean—values of continuous observation items

Weekly {@ Prediction timing
observation items L@ : Calibration data sets

Estimate J [ Calibrate the network |
I
'@—H—H

————— t

pril 2004 November 2005
[(Run2 ] w
————— !
. April 2004 November 2005
_____ ) P
April 2004 November 2005
RUN 70 w
_____ o) ¢
April 2004 November 2005

Fig. 4. Outline of estimation of chlorophyll a concentration.

60 —— Observed values e Estimated values
E  Surface layer
E RMSE=11.82(ug/L)
40 E .
S F N
E20E /., .
ST = .
= E- o ‘. 7 e
S 60
2 = Bottom layer
5 10 E RMSE=13. 76(/1g/L)
2 i_A\A/\
0E g o ® K o "
2004/4/1 8/1 12/1 2005/4/1 8/1 12/1
Date (year/month/day)

Fig. 5. Estimated results of Case 3.

Time-series data of continuous
observation items

Prediction timing

[ Add to input layer ]

Fig. 6. Outline of incorporating time history of continuous obser-
vation items to model.

were calculated, and these means were added to the
input variables of Case 3, as shown in Fig. 6. This net-
work structure is called Case 4 and has 69 units in its
input layer. The units in the hidden and output layers
were identical to Case 3.

The estimated results and errors of Case 4 are
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60 — Observed values @ Estimated values
£ Surface layer

40 - RMSE=8.46(ug/L)
3 F. :
R
S 60
S E Bottom layer
S ,of RMSE9.23(u/L)

” W‘\r\.‘

2%04/4/1 1 12/1 2005/4/1 8/1 121

Date (year/month/day)

Fig. 7. Estimated results of Case 4.

shown in Fig. 7. The estimated results approximately
agreed with the observed results, and the large devia-
tions between the estimated and observed values,
viewed at Fig. 5, improved remarkably in Case 4. We
can conclud that it is valid for the estimation of chloro-
phyll a concentration using the ANNM to incorporate
the history of the previous 24-hour data into the input
layer of the network structure.

CONCLUSIONS

In this study, estimation of chlorophyll @ concen-
tration was conducted by a perceptron model with a
three-layer structure.

To produce the optimal network structure, the input
variables, which resulted in high calibration accuracy,
were searched. As a result, the calibration accuracy was
highest when the input variables were set to TN, TP,
DO, water temperature, solar radiation, air temperature,
wind velocity and Wedderburn number. This result
means that the obtained model incorporated the rela-
tionship between the chlorophyll a concentration and
the meteorological, hydraulic and aquatic factors into

the network structure.

Next, chlorophyll a concentrations were estimated
using above input variables. As a result, the ANNM
could not estimate chlorophyll a concentrations suffi-
ciently. To improve the estimation accuracy, ANNM was
reconstructed by considering the time history of the
variation of the continuous observation items. As a
result, the estimated error remarkably decreased and
the estimated results approximately agreed with the
observed results.
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