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Abstract
The back-propagation (BP) artiﬁcial neural network (ANN) is applied to forecast the variation of the quality of
groundwater in the blackfoot disease area in Taiwan. Three types of BP ANN models were established to evaluate their
learning performance. Model A included ﬁve concentration parameters as input variables for seawater intrusion and
three concentration parameters as input variables for arsenic pollutant, respectively, whereas models B and C used only
one concentration parameter for each. Furthermore, model C used seasonal data from two seasons to train the ANN,
whereas models A and C used only data from one season. The results indicate that model C outperforms models A and
B. Model C can describe complex variation of groundwater quality and be used to perform reliable forecasting.
Moreover, the number of hidden nodes does not signiﬁcantly inﬂuence the performance of the ANN model in training
or testing.
r 2003 Elsevier Ltd. All rights reserved.
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1. Introduction
The artiﬁcial neural network (ANN), as its name
implies, is a technique for the human brain’s problem–
solving process. Just as humans apply knowledge gained
from experience to new problems or situations, the
structure of a neural network can be applied to powerful
computation of complex nonlinear relationships.
ANNs have been used to model groundwater, assess
quality of water, forecast precipitation, predict streamﬂow, and support other hydrologic applications. Cabrera-Mercader and Staelin [1] used ANNs to identify
cloud segmentation from microwave imagery. Raman
and Chandramouli [2] adopted similar ANNs as
alternative tools for deriving the general operating
policy of reservoirs. Lek et al. [3] applied ANNs to
predict the concentration of nitrogen in streams
*Corresponding author. Tel.: +886-2-23626480; fax: +8862-23629557.
E-mail address: lcw@gwater.agec.ntu.edu.tw (C.-W. Liu).

from watershed features. Wen and Lee [4] were
addressed the multi-objective optimization of water
pollution control and river pollution planning, for
the Tou-Chen river basin in Taiwan. Rogers and Dowla
[5] employed an ANN, trained by a solute transport
model, to perform optimization of groundwater
remediation.
This study evaluates the performance of ANN models
in assessing the variation of quality of groundwater and
the future trends of groundwater pollution in the YunLin coastal area in Taiwan. Thirteen types of data on
groundwater quality, obtained from 28 monitoring wells
in the Yun-Lin coastal area of Taiwan between 1992 and
1998, were analyzed. The forecasting performance
obtained by inputting one season of data into the
ANN model is compared with that obtained by
inputting two seasons of data. The numbers of input
parameters and neurons in the hidden layer are also
evaluated. The results of the study provide a basis of the
evaluation tools that use ANNs, for forecasting variations in the quality of ﬁeld groundwater.
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2. Study area
Yun-Lin County is located in the southwestern part of
the alluvial fan of the Chou-Shui River (Fig. 1) in
Taiwan. The area is enclosed by the Taiwan Strait to the
west, the central mountains to the east, the Chou-Shui
River to the north and the Pei-Kong River to the south.
Chou-Shui and Pei-Kong are the two major rivers that
ﬂow through the area. The area is approximately
1000 km2, and extends 48 km from east to west and
24 km from north to south. The average annual
precipitation is 1417 mm. Rainfall is concentrated in
the ﬁve-month period from May to September.
Agriculture is the primary source of revenue in YunLin. The industrial sector has grown rapidly, causing the
mean income of farmers to fall signiﬁcantly below that
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of workers in other sectors. Therefore, many farmers
have converted their croplands into ﬁshponds to boost
earnings. A large quantity of groundwater has been
extracted from aquifers to supply these ﬁshponds. The
extraction has caused serious land subsidence, seawater
intrusion, ﬂooding and deterioration of the surrounding
environment [6,7]. Furthermore, the coastal groundwater also contains a high concentration of arsenic, and
thus groundwater was used domestically, causing the
local people to suffer from blackfoot disease [8].
Inhabitants of the coastal area of Yun-Lin now drink
tap water; however, the groundwater is still used for
aquaculture. Variations in arsenic concentration are
important since groundwater intensively pumped for
aquacultural uses may enter the food-chain and trigger
blackfoot disease again [9].

Fig. 1. Locations of 28 wells in Yun-Lin coastal area, Taiwan.
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Twenty-eight groundwater monitoring wells, including 21 shallow wells and seven deep wells have been
constructed in the coastal blackfoot disease region of
Yun-Lin (Fig. 1). These wells were designed to monitor
the quality of groundwater, with an emphasis on arsenic
pollutant and aquifer salinization. The depth of the wells
ranges from 8 to 110 m. Groundwater samples were
collected seasonally between 1992 and 1998 [10],
inclusive. A volume of groundwater, equal to that of
three wells, was purged before sampling. Samples were
then collected from the outﬂow of the well pump in
polyethylene bottles. Unstable parameters, such as
temperature and electrical conductivity (EC), were
measured in the ﬁeld. Other parameters, alkalinity
(Alk), the concentrations of total dissolved solid
(TDS), arsenic (As), total organic carbon (TOC),

+
+
2+

sulfates (SO2
and
4 ), Cl , NO3 -N, Na , K , Mg
2+
Ca , and the total hardness (TH), were measured in
the laboratory.
The complexity of the regional hydrogeological
conditions is such that the hydrochemical processes
that occur in the aquifers are difﬁcult to explain
and document, so the application of advanced
statistical methods to simplify the model input is
essential.
Factor analysis, a multivariate statistical method that
yields a general relationship between measured chemical
variables, can be used to assess the importance of each
input parameter to ANN. Liu et al. [11] applied factor
analysis to establish that the seawater salinization factor
+
including concentrations of EC, TDS, Cl, SO2
4 , Na ,
K+, and Mg2+, and the arsenic pollutant factor
including concentrations of Alk, TOC, and As, importantly inﬂuence the quality of groundwater in the
coastal area of Yun-Lin. These two factors govern 77%
of the quality of groundwater and are selected for use in
the ANN model to forecast the future variation of
groundwater quality.

3. Artiﬁcial neural network
3.1. Theory
The back-propagation (BP) neural network, one
ANN, is self-organizing, self-teaching and nonlinear. A
typical three-layered feed-forward neural network is
comprised of a multiple elements also called nodes, and
connection pathways that links them [12,13]. The nodes
are processing elements of the network and are normally
known as neurons, reﬂecting the fact the neural network
method model is based on the biological neural network
of the human brain. A neuron receives an input signal,
processes it, and transmits an output signal to other
interconnected neurons.

In the hidden and output layers, the net input to unit i
is of the form
si ¼

k
X

wji yj þ yi ;

ð1Þ

j¼1

where wji ¼ ðw1i ; w2i ; y; wki Þ is the weight vector of unit
i and k is the number of neurons in the layer above the
layer that includes unit i. yj is the output from unit j, and
yi is the bias of unit i. This weighted sum si ; which is
called the incoming signal of unit i, is then passed
through a nonlinear transfer function (f) to yield the
estimates y# i for unit i.
Several types of transfer function are used; however,
the most frequently used is the sigmoid function. This
transfer function is usually a steadily increasing Sshaped curve. The sigmoid function is continuous,
differentiable everywhere, and monotonically increasing.
The sigmoid transfer function, fi ; of unit i, is of the form
y# i ¼

1
:
1 þ eðsi Þ

ð2Þ

These accumulated inputs are then transformed to the
neuron output. This output is generally distributed to
various connection pathways to provide inputs to the
other neurons; each of these connection pathways
transmits the full output of the contributing neuron.
3.2. Training
The training process determines the ANN weights and
is similar to the calibration of a mathematical model.
The ANNs are trained with a training set of input and
known output data. At the beginning of training, the
weights are initialized either with a set of random values,
or based on some previous experience. The goal of
learning is to determine a set of weights that will
minimize the error function [14]. As training proceeds,
the weights are systematically updated according to a
training rule. Several training examples are presented to
the network, and the process is terminated when the
difference between measured and estimated value is less
than a speciﬁed value. At this stage, the ANN is
considered trained.
The network is trained to produce an estimated
# when presented with an input pattern
output vector YðnÞ
X ðnÞ: The error function at the nth input exemplar, EðnÞ;
is given by
#  Y ðnÞÞ2 ;
EðnÞ ¼ 12 ðYðnÞ

ð3Þ

#
where YðnÞ
is the estimated state of the output unit in
response to the nth input exemplar and Y ðnÞ is the
desired state of the output unit. After the (n+1)th input
exemplar is presented, the weight is generally update by
Dwji ðn þ 1Þ ¼ Z

@E
 xDwji ðnÞ;
@wji

ð4Þ
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where Z represents the learning rate, which for practical
purposes, is chosen as high as possible without causing
the oscillation of the convergence of the network. x is a
constant (momentum term) that determines the effect of
past weight changes on the current weight change.
3.3. Evaluation of performance
After the training is complete, the performance of the
ANN is determined. Depending on the outcome,
the ANN is either retrained or it applied as intended.
The numbers of neurons in the input, output and hidden
layers depend on the problem. If the number of hidden
neurons is small, then the network may not have sufﬁcient
degrees of freedom to learn the process correctly. If the
number is too high, the training will take a long time and
the network may overﬁt the data [15].
The performance of the forecasting of both the
training and the testing sets is evaluated by the following
measure of goodness-of-ﬁt, root mean squared error
(RMSE)
rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
1 XM XN #
RMSE ¼
ð5Þ
½Y  Ymn 2 ;
m¼1
n¼1 mn
MN
where M is the number of estimated output; N is the
number of exemplar; Y# mn is the mth estimated output
value in the nth exemplar; Ymn is the mth actual output
value in the nth exemplar.
3.4. Confidence and prediction intervals
This study applies asymptotically valid prediction
intervals [16] and constructed conﬁdence intervals from
the prediction intervals. Estimated conﬁdence intervals
are developed from a neural network, in which the
number of neurons, k, is known. The observations (Yi,
Xi), are assumed to satisfy
Yi ¼ gy ðXi Þ þ ei ;

ð7Þ

where 1pipn: Let Ynþ1 denote a future unobservable
datum that satisﬁes
Ynþ1 ¼ gy ðXnþ1 Þ þ enþ1 :

ð8Þ

Assume that the Xi ’s are independent of the ei ’s and
that ðXi ; ei Þ; 1pipn þ 1; are independently, identically
distributed; then a conﬁdence interval is constructed for
gy ðXnþ1 Þ; the conditional mean of Ynþ1 given Xnþ1 :
Moreover, y# is assumed to be a consistent estimator of y;
based on a sample size n and
pﬃﬃﬃ
nðy#  yÞ-Nð0; s2 V ðyÞÞ;
ð9Þ
where s2 is a scale parameter that can be consistently
estimated by an estimator s# 2 ; and V ðyÞ is a square
matrix.
Pn
2
Let y# be a global minimizer of
i¼1 ðYi  gy# ðXi ÞÞ ;
which exists by compactness of y and the continuity

of g. Then
gy# ðXnþ1 Þ7½t1a=2;nðdþ2Þk1   s#
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qﬃﬃﬃﬃﬃﬃﬃﬃﬃ
#
SðyÞ

ð10Þ

is a conﬁdence interval of gy ðXnþ1 Þ with an asymptotic
coverage probability of 1  a . The target (desired)
output of model is
gy# ðXnþ1 Þ ¼ a0 þ

k
X

ai f ð bt1 Xnþ1 þ bi0 Þ;

ð11Þ

i¼1

where bti ¼ ðbi1 ; y; bid Þ and y ¼ ða0 ; y; ak ; b10 ; y;
bk0 ; bt1 ; y; btk Þ are the weights or the unknown parameters, and the superscript t denotes the transpose. As
proven by Cybenko [17], most functions (including any
continuous function with a bounded support) can be
approximated by functions of the form of Eq. (11);
a1 ; y; ak are the weights that link the output layer and
the hidden layer; a0 is bias in the output layer;
b10 ; y; bk0 are biases in the hidden layer; n is the
number of training sets; k is neurons in the hidden layer;
d is the number of neurons in the input layer, and 1  a
is the coefﬁcient of conﬁdence. t1a=2;nðdþ2Þk1 denotes
the 1  a=2 quartile of a t distribution with n  ðd þ
2Þk  1 degrees of freedom
n
X
1
s# 2 ¼
ðYi  gy# ðXi ÞÞ2
ð12Þ
n  ðd þ 2Þk  1 i¼1
and
# ¼ 1f½ry gy ðXnþ1 Þt # S
#
# 1 ðyÞ½r
SðyÞ
y gy ðXnþ1 Þy¼y# g;
y¼y
n
where
"
#1
n
X
# ¼ 1
S# 1 ðyÞ
½ry gy ðXi Þry gy ðXi Þt y¼y#
:
n i¼1

ð13Þ

ð14Þ

Furthermore, enþ1 is assumed to be normally distributed; then
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
#
gy# ðXnþ1 Þ7½t1a=2;nðdþ2Þk1 s# 1 þ SðyÞ
ð15Þ
is an asymptotic prediction interval for Ynþ1 : Hwang
and Ding [16] thoroughly discussed these conﬁdence
intervals.
3.5. Modeling
An ANN software package, Qnet97 [18], is adopted
herein the study. The requirements of the neural
computation algorithm are such that raw data are
usually normalized to an interval by transformation.
The transformations modify the distribution of the input
variables so that it matches the distribution of the
estimated outputs. Herein, all input data are transformed to the same ground-uniform distributions on
[0.15, 0.85].
In this study, wells with seriously contaminated
groundwater were selected from north to south. Wells
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2, 8, 10 and 19 and wells 2, 7, 9 and 19 with seawater
salinization, and arsenic pollutant, respectively, were
used to evaluate the performance of the ANN models in
assessing the variation of groundwater quality.

4. Results and discussion
Twenty-two seasonal data on the quality of groundwater over six-year monitoring period are prepared to
train ANN. The last three seasonal data are used to
verify the trained ANN model.
Three types of ANN structures are established to
evaluate the learning performance of the training model.
Model A uses ﬁve variables as input/output neurons for
seawater salinization factor and three variables as input/
output neurons for arsenic pollutant factor. All variables are determined by factor analysis with a single
season of data set for training. Models B and C use a
single variable as an input/output neuron but model B
was trained by a single seasonal datum whereas model C
was trained with two seasonal data. Table 1 presents
ANN models and the parameters used to assess seawater
salinization and arsenic pollutant factors. The numbers
of hidden neurons range from 2–12, 1–3 and 2–4 for
models A, B and C, respectively. Only the number of
hidden neurons that yields the minimum training RMSE
is presented for each model. The training RMSE reﬂects
the repeat feature of an ANN model, while, the testing
RMSE reﬂects the generalization feature. Thus, the
accuracy of the model can be determined from the
testing RMSE.
4.1. Model performance

pollutant factors. For the seawater salinization factor,
well 10 yielded the minimum testing RMSE, whereas well
2 yielded the largest training and testing RMSEs.
Furthermore, the groundwater in well 2 was more
seriously salinized than that in any of the other 27 wells.
The future variation in concentration by seawater
salinization in the most polluted well, well 2, are of
interest. Accordingly, the groundwater concentrations of
wells 2 and 10 were thus adopted to models B and C, to
predict future variations in concentration by seawater
salinization. With reference to arsenic pollutant, well 9
showed the worst arsenic pollutant and had the smallest
training and testing RMSEs, while well 19 had the largest
testing RMSE. Models B and C were used to determine
the variation of concentration the arsenic pollutant
factor in wells 9 and 19. Table 3 presents the training
and testing results of models B and C for seawater
salinization and arsenic pollutant factors. The testing
RMSEs of all variables in Model C are smaller than
those in Model B. The mean testing RMSEs obtained by
models A, B and C were compared to determine the
ANN performance in these models. Table 4 presents the
mean testing RMSE of models A, B and C. Model C has
the smallest mean testing RMSE among the three
models. Model C outperforms models A and B.
The training RMSE was compared with the testing
RMSE (Table 4) to measure the training performance of
ANN model C. In well 2, according to model C, the
training RMSEs of EC, Cl, K+ and Mg2+ were
Table 2
Training and testing results obtained by model A for seawater
salinization and arsenic pollutant factors
Factor

+
2+
The concentrations of EC, Cl, SO2
4 , K , and Mg
which determine seawater salinization, were selected
from seven variables, to evaluate the performance of
model A. Since Na+ and Cl are closely related as a pair
electrolytes, only Cl was included in model A. Three
variables, Alk, As and TOC, that determine the arsenic
pollutant factor, were included to evaluate the performance of the ANN model.
Table 2 illustrates the training and testing results of
model A used to model seawater salinization and arsenic

Well No.

Neurons

RMSE
Training

Testing

Seawater
salinization

2
8
10
19

5
5
12
10

0.084
0.082
0.072
0.051

0.160
0.097
0.064
0.067

Arsenic
pollutant

2
7
9
19

3
3
2
3

0.123
0.112
0.109
0.118

0.170
0.158
0.078
0.187

Table 1
ANN models and the parameters used to specify seawater salinization and arsenic pollutant factors
Model

Input
number of
variables

Function of model

Number of
Learning number Number of training Number of
hidden neurons (Unit: 10,000)
exemplars
testing exemplars

A
B
C

5 or 3
1
1

Xi ðtÞ ¼ f ½Xi ðt  1Þ
X ðtÞ ¼ f ½X ðt  1Þ
X ðtÞ ¼ f ½X ðt  1Þ; X ðt  2Þ

5–12 or 2–6
1–3
2–4

5–15
10–25
20–40

22
22
21

3
3
3
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Table 3
Training and testing results obtained by models B and C for seawater salinization and arsenic pollutant factors
Factor

Well No.

Variables

Model B
Neurons

Seawater
salinization

2

10

Arsenic
pollutant

9

19

A
B
C

RMSE

Neurons

Training

Testing

RMSE
Training

Testing

EC
Cl
SO2
4
K+
Mg2+
EC
Cl
SO2
4
K+
Mg2+

3
1
1
1
1
1
2
3
3
1

0.110
0.118
0.113
0.079
0.070
0.093
0.067
0.035
0.104
0.064

0.095
0.113
0.128
0.232
0.185
0.057
0.019
0.065
0.018
0.058

3
3
3
3
3
4
3
3
3
3

0.069
0.074
0.105
0.067
0.052
0.060
0.001
0.024
0.114
0.058

0.091
0.109
0.072
0.208
0.173
0.061
0.001
0.060
0.015
0.052

Alk
TOC
As
Alk
TOC
As

1
1
2
1
2
1

0.106
0.120
0.104
0.117
0.123
0.087

0.051
0.086
0.067
0.033
0.178
0.177

2
3
3
2
4
3

0.107
0.075
0.054
0.111
0.145
0.108

0.050
0.068
0.067
0.033
0.164
0.150

Table 4
Mean testing RMSE of seawater salinization and arsenic
pollutant factors obtained by models A, B, and C
Model

Model C

Mean testing RMSE
Seawater salinization

Arsenic pollutant

Well 2

Well 10

Well 9

Well 19

0.160
0.151
0.131

0.064
0.043
0.038

0.078
0.068
0.062

0.187
0.129
0.116

smaller than the corresponding testing RMSEs indicating that the models had not been adequately generalized,
perhaps because insufﬁcient testing exemplars or training exemplars were used during the learning process of
the ANN. Box-and-whisker plots (Fig. 2) illustrate the
most forecasted values of the testing exemplars in well 2
exceed the box limit (25–75%) or the highest concentrations of the training exemplars.
The training and testing RMSEs of all seawater
salinization variables in well 10, and those of TOC and
As in arsenic pollutant factor in well 9 were similar
indicating that the ANN models were well trained and
fully generalized. The box-and-whisker plot (Fig. 2) also
showed that the forecasted values of the testing
exemplars in wells 10 and 9 were all within the box
limits and did not exceed the highest concentration of
the training exemplars.

In well 9 according to model C, the training RMSE
(0.107) of Alk is much larger than the testing RMSE
(0.050), suggesting that Alk according to model C is not
generalized. The training exemplars cannot be well
correlated, perhaps because the ﬁfth seasonal concentration was much smaller than the other seasonal
concentrations and the training exemplars were too
few. In well 19, the training and testing RMSEs of TOC
and As both exceed 0.10, indicating the trained models
of TOC and As were far from being generalized, which
fact maybe also follow from the too low number of
training exemplars and large variations in concentrations of As and TOC in the testing exemplars.
The effect of the number of neurons in the hidden
layer on model performance is considered. Fig. 3 plots
the number of hidden neurons against the training and
testing RMSEs in wells 2, 10, 9 and 19, according to
model A. The results show that the number of hidden
neurons used in the model did not affect the training and
testing RMSEs. Increasing the number of hidden
neurons did not improve the forecasting by the model.
Table 5 presents descriptive statistics of concentration
variables in the four wells. The coefﬁcient of variation
(CV) of the concentration variables in well 10 all exceed
those in well 2, but most of the training and testing
RMSEs of concentration variables in well 10 are less
than those in well 2 (Table 3). Fig. 4a plots the seasonal
concentration variations of well 10, indicating that
concentrations change greatly during the 13th season.
Accordingly, the CV-value of each concentration variable before and after 13th season was calculated. The
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Fig. 2. Box-and-whisker plot of training exemplars of wells 2, 10, 9 and 19. Stars and the square denote testing exemplars and the
median, respectively. The central box represents the lower and upper quartiles (25 and 75 percentile). Two horizontal bars denote the
minimum and the maximum measured concentrations.
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Fig. 3. Number of hidden neurons versus training and testing RMSEs in wells 2, 10, 9 and 19 obtained by model A.

Table 5
Descriptive statistics of the measured concentrations of seawater salinization and arsenic pollutant factors in wells 2, 10, 9 and 19
Well

Variables

Mean

SDa

CV(%)b

CV(%) 1–13th

CV(%) 14–21th

Average CV(%)c

2

EC (mS/cm)
Cl (mg/L)
SO2
4 (mg/L)
K+ (mg/L)
Mg2+ (mg/L)

33,842
9933
958
294
554

7858
1693
295
60
208

23.22
17.04
30.75
20.32
37.59

—
—
—
—
—

—
—
—
—
—

—
—
—
—
—

10

EC (mS/cm)
Cl (mg/L)
SO2
4 (mg/L)
K+ (mg/L)
Mg2+ (mg/L)

21,334
6280
1008
171
367

16,530
4732
701
100
342

77.48
75.35
69.55
58.69
93.14

44.24
37.56
42.23
37.37
52.02

14.11
9.53
16.14
17.91
18.43

29.17
23.54
29.18
27.64
35.22

9

As (mg/L)
Alk (mg/L)
TOC (mg/L)

456
695
17.66

221
167
2.95

48.56
24.09
16.70

—
—
—

—
—
—

—
—
—

19

As (mg/L)
Alk (mg/L)
TOC (mg/L)

30.1
554
2.09

27.3
174
0.69

90.86
31.44
33.08

—
—
—

—
—
—

—
—
—

a

SD: standard deviation,
CV: coefﬁcient of variation,
c
Average CV(%)=(CV(%) 1–13th+CV(%) 14–21th)/2.
b

results showed that the CV-value of each concentration
variable in seasons 14–21 was much smaller than that in
seasons 1–13 (Table 5), and that the average CV-values
in seasons 1–13 and seasons 14–21 (last column in

Table 5) are much smaller than the CV-value across all
21 seasons (ﬁfth column in Table 5). The statistics on the
prediction by the ANN model depend mainly on the
structure of the time series data. A box-and-whisker plot
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+
Fig. 4. Estimated conﬁdence interval of concentrations EC, Cl, SO2
and Mg2+ in: (a) well 10 and (b) well 2.
4 , K
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(Fig. 3) also revealed that if the testing exemplar exceeds
the limit set by the box, the model yields a high testing
RMSE, such as that of the concentration in well 2.
4.2. Confidence interval
The mean testing RMSEs obtained by model C are
lower than those obtained by models A and B,
suggesting that the use of data from two previous
seasons in ANN model training yields better results than
the use of data from only one season. Model C was
adopted to compute the conﬁdence interval of the
variation of concentration.
Fig. 4 plots the 90% conﬁdence intervals of concentration variables that affect seawater salinization factor
in wells 10 and 2. Only three data exemplars are
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available for testing the model. If the measured
concentration variables vary greatly, then the testing
RMSE increases. However, well the model is trained
with small variance, the forecasted concentrations may
not fall within the 90% conﬁdence interval if the testing
data exhibit a large variation in concentration. In well 2,
the measured water concentration values vary considerably in the testing seasons and some forecasted
concentration values fall outside the 90% conﬁdence
interval. The measured water concentration values in
well 10, varied less than those in well 2 in the testing
seasons, and the forecasted water concentration values
were thus are all within the 90% conﬁdence interval.
Fig. 5 plots the concentration variables, in the 90%
conﬁdence interval, that affect arsenic pollutant in wells
9 and 19. The forecasted trends in concentration trends

Fig. 5. Estimated conﬁdence interval of concentrations Alk, As and TOC in: (a) well 9 and (b) well 19.
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are not accurately identiﬁed because the testing data
vary wildly. In well 9, the measured concentrations of As
and TOC in the last testing season lied slightly outside
the 90% conﬁdence interval, but did not exceed the
largest concentrations of As and TOC in the training
seasons. In well 19, the two testing exemplars of
measured As concentrations fell outside the 90%
conﬁdence interval and the As concentration in last
testing season exceeded the largest As concentration in
the training seasons (Fig. 5b); therefore, the model
yielded a high testing RMSE. The results suggest that
the ANN model C performs with limited success in
forecasting future seasonal concentrations when the
future concentrations vary wildly.

5. Conclusions
BP of ANN model was adopted to evaluate the
performance of the ANN model in assessing the
variation in groundwater quality caused by seawater
salinization and arsenic pollutant factors, as derived by
factorial analysis. Three types of models of the BP ANN
were established to evaluate the learning performance of
the training model. Model A included ﬁve concentration
parameters as input variables to determine seawater
intrusion and three to determine arsenic pollutant,
respectively, whereas models B and C used only one
concentration parameter for each. Moreover, model C
used data from two seasons to train the ANN whereas
models A and B used only data from one season. The
analytical results indicate that the mean testing RMSE
value obtained by model C is lower than that obtained
by models A and B. Model C outperforms models A and
B. Model C included current and previous data as inputs
and can describe the complex variation of groundwater
quality yielding the optimum prediction. If the training
set includes the maximum and minimum data values,
then the model will yield satisfactory forecast that falls
within the 90% conﬁdence interval. Moreover, as the
number of hidden neurons increases, the testing and
training RMSEs do not signiﬁcantly decrease. Increasing the number of training and testing exemplars will
cause the ANN model to receive sufﬁcient training and
yield satisfactory a testing RMSE.
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