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This research studies the implementation of artificial neural networks (ANN) in predicting the concentra-
tion of total suspended solids (TSS) for the Fei Tsui reservoir in Taiwan. The prediction model developed
in this study is designed to be used for monitoring the water quality in the Fei Tsui reservoir. High con-
centrations of total suspended solids (TSS) have been a crucial problem in the Fei Tsui reservoir for dec-
ades. As the Fei Tsui reservoir is a primary water source for Taipei City, this issue impacts the drinking
water supply for the city due to etherification problems in the reservoir. 10-year average monthly records
and 13-year average annual records have been collected for 26 parameters and correlated with the TSS
concentrations to determine the parameters that have a strong relationship with the TSS concentrations.
The parameters that were shown to have a strong correlation with the TSS concentration are the trophic
state index (TSI), nitrate (NO3) concentration, total phosphorous (TP) concentration, iron concentration
(IRON), and turbidity. Linear regression was used to develop the model that estimates the TSS concentra-
tion in the Fei Tsui Reservoir. The results show that model 3, a three-layer ANN model that uses three-
input parameters namely NO3 concentration, TP concentration, and turbidity, with five neurons, to pre-
dict the output parameter which is TSS concentration, produces the highest coefficient of determination
(R2) andWillmott Index (WI), which are 0.9589 and 0.9933 respectively, and the lowest root mean square
error, which is 0.4753. Based on these performance criteria, model 3 is concluded as the best model to
predict TSS concentrations in this study.
� 2020 The Authors. Published by Elsevier B.V. on behalf of Faculty of Engineering, Ain Shams University.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-

nd/4.0/).
1. Introduction

A little over two-thirds of the Earth is covered by water, yet less
than 3% of this water is suitable for human consumption. Around
one sixth of the global population do not have access to potable
water according to the World Health Organization, amounting to
1.1 billion people. According to the World Health Organization,
around one sixth of the global population, amounting to 1.1 billion
people, do not have access to potable water. Water quality is influ-
enced by two important factors, which are natural factors and
human factors [3]. Natural factors include geological factors,
hydrological factors, and climatic factors. The testing of water
quality is crucial as water forms a major component of the environ-
ment. When water quality deteriorates, both aquatic life and the
surrounding ecosystem are affected. There are many parameters
that can be used to define the water quality which involve biolog-
ical, physical, radiological, and chemical attributes [31]. As an
example, water quality on the physical surface of a water body
can be determined using temperature and turbidity measurement.
Rainfall is an important factor that affects the water quality at the
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physical surface, as it is closely correlated with total suspended
solids (TSS), turbidity, nutrient contents, as well as fecal coliform
bacteria [29]. Water quality observations can help researchers in
defining and learning the natural processes in an environment,
while also determining human effects on the ecosystem. Usually,
water quality is rated through the assessment of the surrounding
ecosystem’s health and the safety of the water for drinking and
human contact. Water is not only necessary for human and societal
needs, as it is also important for the needs of the flora and fauna
within an ecosystem. Apart from drinking and basic human con-
sumption, water is also needed for activities such as agricultural
and industrial usage; electricity generation; pollution mitigation;
biotransformation; and more.

1.1. Literature review

The monitoring of water resources and their quality is essential
for the livelihood of communities, cities, and countries. Controlling,
measuring, and removing impurities in the water is highly neces-
sary to obtain clean water [47]. The monitoring of TSS concentra-
tion in a water body can be used as a method to assess water
quality. TSS is defined as molecules exceeding two microns in size,
which are found within a water column. TSS, which may consist of
a wide variety of materials such as dead and living plankton, min-
erals in clay, and humic substances, can be used to indicate the dif-
fering chemical contents in different inland water regions [8].

According to Shaw and Richardson [39], the observation of TSS
concentrations is necessary as TSS particles in high concentrations
block light from penetrating the water layers at the bottom of
water bodies, leading to the silting of shallow water bodies. This
can affect aquatic life as the silt causes damage to the gills of fish,
lowering their ability to withstand disease. A reduction in the
intensity of light reaching the deeper waters can also cause a
decline in the growth of macrophytes, which in turn affects the liv-
ing things that depend on the presence and abundance of macro-
phytes, such as fish and zooplankton. In addition, high
concentrations of TSS leads to water channels becoming blocked,
hence reducing the lifespans of reservoirs or dams [42]. In a study
by Ref. [8], the researchers found that remote satellite sensing with
bio-optical modelling is able to work effectively in establishing
early warning systems and examining matters such as the build
up of sediments, river plume discharge, and the overall dynamics
involved in aquatic ecosystems.

A high concentration of TSS indicates a high content of visible
impurities such as particles derived from erosion of rock and soil,
discharges or run off, sediment from the bottom bodies of water,
and algae blooms. Stormwater runoff particularly is a major source
of TSS pollution as it clouds water bodies, affecting aquatic plant
growth and reducing species diversity. Therefore, it is important
to control and monitor the TSS levels in a reservoir to ensure good
water quality and prevent serious adverse effects on a water body.
For this reason, authorities responsible for managing inland bodies
of water have implemented various technologies and monitoring
schemes to control the impact of TSS [37].

There are many approaches that have been researched and are
known to be effective in the removing of TSS. Among the best
approaches is the process of coagulation and flocculation for the
treatment of pulping wastewater, using coagulants and flocculants
such as lime, alum, ferric chloride, poly aluminum chloride (PAC),
and ferrous sulphate. This approach can improve the color of the
pumped effluent as well as lowering both TSS concentration and
chemical oxygen demand (COD), hence increasing cost-
effectiveness prior to the secondary water treatment stage [20].
Combined sewer overflow (CSO), which is formed in a combined
sewer system (CSS), is a type of overflow that is high in TSS concen-
tration as it is a mixture of stormwater and untreated waste, toxic
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material, and debris. A study has been performed by Ref. [27]
showing that less disinfectants are needed for the pre-treatment
of CSOs that eliminates suspended solids. Other than that [15],
revealed that greater concentrations of peracetic acid (PAA) are
necessary for the disinfection of CSOs and primary effluents com-
pared to secondary and tertiary effluents.

The research of [37] reports storm water run-off as the principal
source of TSS in an aquatic environment. The study shows that
stormwater run-off is accountable for approximately 70% of the
TSS reaching the North Saskatchewan River in Edmonton, Alberta
each year. To control the inflow of TSS from stormwater runoff,
non-structural approaches were suggested by the authors in this
research, such as housekeeping and public education on the dan-
gers of stormwater. Structural approaches include the provision
of infiltration, filtration, and detention facilities, which have been
stated to effectively eliminate TSS from stormwater runoff [38,37].

Past research has shown that artificial intelligence (AI) can be
applied effectively to solve issues on water quality management.
For instance, a general regression neural network (GRNN) model
was advanced by Ref. [34] as a means of predicting the level of dis-
solved oxygen (DO) in the Danube River. A Monte Carlo simulation
was used for comparison with the GRNN model. It was found that
the GRNN model can provide sufficiently accurate DO level predic-
tions. In addition, this research also provides a review on the past
AI integrations in water quality modelling. A separate study by Ref.
[19] suggests that reservoir water quality can be assessed using an
index model which is based on drawing a formula on the similarity
membership functions within fuzzy c-means (FCM) [30]. sought to
predict water quality in a study of the Johor River basin. The study
finds that the artificial neural network (ANN) is highly capable of
predicting water quality parameters with the mean absolute per-
centage error limited to just 10% [11]. adopted a machine learning
approach to predict Carlson’s Tropic State Index, a frequently used
water quality metric in reservoirs. The authors used four AI tech-
niques which are the ANN, support vector machine (SVM), classifi-
cation and regression trees, and linear regression to perform
baseline and ensemble scenario analysis. The research saw the
development of a user-friendly interface that enables the integra-
tion of a metaheuristic regression model for the evaluation of pre-
dictive performance. Using this comprehensive evaluation method,
the ensemble ANN model based on a tiering method, is shown to
be the most accurate model in the study. In hindsight, machine
learning algorithms are particularly useful in predicting TSS con-
centrations in a water body, as they can learn from past experi-
ences. Machine learning algorithms are not limited to predicting
values. Algorithms such SVMs, which are widely used and can be
employed using various different programming languages, can be
used to perform two group classifications [28], and achieve hand-
writing and facial recognition [24].

With regards to agriculture [21], demonstrate that the concen-
tration of suspended solids in water streams in Missouri, USA, has a
positive correlation with row crop agriculture and a negative cor-
relation with forests. This infers that the land use in the drainage
area of a specific water stream affects the concentrations of sus-
pended solids in a nearby reservoir. Therefore, it can be assumed
that a close link exists between catchment area features and con-
centration of particulates in reservoir. Other than that, the study
shows that reservoirs, particularly the ones in Missouri, generally
have a large fraction of mineral seston presumed to be derived
from sources that are terrigenous. TSS is concluded to be strongly
correlated to lake trophic state indicators, which include algal bio-
mass, nutrient concentrations, and lake depth.

Research by Ref. [47] has demonstrated that suspended sedi-
ment levels decline when the level of vegetation within a body
of water is increased, as sediments settle on the leaves or stems
of aquatic plants due to their surface roughness. The research
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suggests that sediment transportation potential is reduced due to
increased vegetation in a water body, hence vegetated channels
can be formed with the objective of inducing sediments to settle
before reaching important water streams such as rivers.

TSS may also comprise of suspended metals in a water body,
hence monitoring and controlling metal concentrations is impor-
tant to maintain water quality. In a study by Ref. [32], sequential
extraction approaches have been applied to obtain estimates of
metal content distribution within sediments. The approaches used
in this study apply various reagents continuously to remove
defined solid phases. In another study by Ref. [26], the mercury
concentrations in a river downstream of the Gambonini mine near
San Francisco, USA, was examined to determine the effectiveness
of remedial measures in comparing contaminant rating curves. A
study by Ref. [5] also researched the concentrations of metals in
water. The research links concentrations of lead, zinc, and copper
found within suspended solids in runoff, with typical materials
used in local roofings. High TSS concentrations have also been
highlighted to affect the growth performance of aquatic animals
such as litopenaeus vannamei, also known as the white leg shrimp.
A study by Ref. [18] researches the decrease in this shrimp species
due to excess TSS. The effect of different TSS concentrations on the
shrimp species in a bio-floc technology (BFT) systemwas evaluated
for 42 days. Five different TSS concentration with the DO concen-
tration maintained above 5 mg/L. The DO level is maintained above
5 mg/L because a low DO level which does not exceed 3 mg/L in
BFT systems have been reported to be problematic [35]. Based on
this study, it is concluded that the growth performance of the
litopenaeus vannamei shrimp species is not affected by high TSS
concentrations when the DO concentrations are maintained above
5 mg/L.

Effectively modelling the emissions of suspended sediments
into large freshwater difficult is known to be challenging due to
the lack or insufficiency of historic sediment concentration data.
In a study by Ref. [23], with the utilization of moderate resolution
imaging spectroradiometer (MODIS), a TSS time series data for
Lake Tana, Ethiopia was able to be produced by reconstructing his-
torical sediment concentration records from archived MODIS
images. The study concludes that the MODIS images can indeed
be adopted as a cost-effective tool in monitoring suspended sedi-
ment concentration. In another study by Ref. [6] relating to the
usage of MODIS for the Lake Tana case study, a 10-year TSS time
series dataset was generated by integrating established empirical
relationships with MODIS images. This dataset was used to cali-
brate and validate a hydrological model for Lake Tana. The results
of this study demonstrated that the monthly concentrations of TSS
at the river mouth can be replicated with a Nash-Sutcliffe effi-
ciency of 0.34 and 0.21 for calibration and validation periods,
respectively. In several other studies by Refs.
[4,10,25,36,40,41,43], the sediment and water assessment tool
(SWAT) has been employed in modelling sediment and stream
discharge.

1.2. Problem statement

Water quality is crucial for the health and well-being of all liv-
ing things on Earth. Therefore, pollution towards water resources,
such as reservoirs and rivers, are a profoundly serious matter as
it can have detrimental effects on the survivability of humans, ani-
mals, and plants. Among the most prominent pollutants of water
are TSS, which typically comprise of any materials drifting in a
water body such as sediment, silt, sand, plankton, algae, and other
organic and inorganic materials. As the TSS concentration plays a
major role in water quality, a TSS concentration prediction model
is highly needed to understand the increase or decrease in water
quality levels, and to also for water quality maintenance.
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1.3. Objectives

This research aims to optimize and develop prediction models
using machine learning algorithms, specifically artificial neural
networks (ANNs), to predict TSS concentration in the Fei Tsui
Reservoir, Taiwan. The accuracy and performance of the proposed
prediction models are to be assessed using several performance
measures. An analysis and evaluation on the sensitivity of model
accuracy towards different selected input parameters is also per-
formed in this study. A total of 26 water quality parameters are
researched and trialed for applicability as input parameters for
the ANN model to predict TSS concentration in this study.
2. Methodology

2.1. Dataset description

The reservoir studied is the Fei-Tsui Reservoir, which is approx-
imately 30 km from Taipei in Northern Taiwan. This reservoir has
an average depth of 39.68 m, and an area of around 10.24 km2. Its
main function is to provide potable water. The mean residence
time for the reservoir water stands at 150 days. Tea plantations
and subtropical forests surround the Fei-Tsui Reservoir. There are
five tributaries providing the inflow of water into the reservoir,
namely the Jin-Gua Creek, the Bei-Shih creek, the Hou-Keng-Tsz
Creek, the Dai-Yu Creek, and the Huo-Shao-Zhang Creek. Among
these tributaries, the Bei-Shih Creek is the most significant in the
provision of water inflow as it drains water from the largest area,
while approximately one quarter of the total water supply is pro-
vided by the combined inflow of the Jin-Gua Creek, the Hou-
Keng-Tsz Creek, and the Huo-Shao-Zhang Creek.

The Bei Shih Creek drains water from an area of 136.58 km2

which comprises of forest (77.89%), agricultural land (9.65%), water
bodies (6.58%), roads (1.10%), buildings (0.57%), and other land
types (4.2%). The Dai-Yu Creek drains an area of 51.18 km2, with
the land comprising of forest (90.99%), agricultural land (5.05%),
water bodies (1.1%), roads (0.67%), buildings (0.33%) and other land
types (1.86%).The Jin-Gua Creek drains an area of 24.18 km2,
accounting for forest (89.49%), agricultural land (7.55%), roads
(0.62%), water bodies (0.44%), buildings (0.19%) and other uses
(1.7%). The Hou-Keng-Tsz Creek drains an area of 20.68 km2, where
the land types are forest (90.93%), agricultural land (4.82%), water
bodies (3.26%), buildings (0.03%), roads (0.00%), and other land
types (0.96%). Lastly, the Huo-Shao-Zhang Creek drains an area of
11.38 km2, with the land comprising of forest (91.54%), agricultural
land (4.0%), water bodies (3.22%), roads (0.06%), buildings (0.0%)
and other land types (1.16%). The Fei-Tsui Reservoir Administra-
tion Bureau has been monitoring water volumes and quality, as
well as inflows and outflows since 1987, after 14 stations were
constructed to conduct hydrological observations and measure-
ments on approximately 26 water quality parameters in the reser-
voir [12] (see Fig. 1).
2.2. Network attributes

The input parameters chosen are parameters that have a corre-
lation with TSS concentration, namely the trophic state index (TSI),
nitrate (NO3) concentration, iron concentration (IRON), total phos-
phorous (TP), and turbidity, while the output parameter is TSS con-
centration, of which data was obtained from annual and monthly
average TSS concentration readings. The machine learning method
used is three-layer artificial neural network (ANN) with two hid-
den layers. Each neural network created has different setting fea-
tures which include the number of neurons, head layers, and top
functions. Selection of network features is performed randomly



Fig. 1. Location of the Fei-Tsui Reservoir and the sampling sites [12].
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and different selections are compared to determine the most opti-
mum model. The models developed are validated by correlation
coefficient (R2), Willmott Index (WI), and root mean square error
(RMSE). An ANN applies principles adapted from biological neural
network, artificial intelligence, and machine learning, and is used
to simulate the behaviour of artificial or biological neural networks
based on one or a limited number of specific types of neural net-
works [17]. ANNs represent mathematical frameworks used in
computer science, based on a large series of simple neural units
which are inspired by the actions found in human brain axons. A
neural unit is linked to many others, with the activation status of
neighbouring neural units determined by this relation.ANN-based
models self-learn and do not require to be directly programmed,
hence they are particularly suitable in situations where the answer
feature is difficult to express in a traditional computer system [14]
(see Fig. 2).

2.3. Data acquisition and pre-processing

Data for this study was acquired from a historic dataset
recorded by 14 monitoring stations within the vicinity of the reser-
voir, from 1986 to 2014. A total of 26 parameters were selected for
a correlation check with TSS concentration. The parameters include
water temperature, pH values, turbidity, TSS, COD, BOD, TSI, DO
concentration, TP concentration, NH3-N concentration, NO3 con-
centration, dissolved organic nitrogen (DON) concentation, nitro-
gen dioxide (NO2) concentration, sulphate (SO4) concentration,
phosphate (PO4) concentration, calcium concentration, chlorophyll
a concentration, chloride concentration, magnesium concentration,
manganese concentration, electrical conductivity, iron concentra-
tion (IRON), total dissolved solids (TDS) concentration, total
organic carbon (TOC) concentration, total alkalinity (TAlk) concen-
tration, and hardness. This study employs Microsoft Azure for
modelling. Table 1 shows the statistical data on water quality
parameter measurements at Taiwan’s Fei Tsui Reservoir.

2.4. Model development and optimization

The modelling process in this study is performed using Micro-
soft’s Azure Machine Learning Studio, which is an integrated devel-
opment environment (IDE) used for the online creation of data
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experiments. This software works closely with other Azure cloud
products, and can be applied in building machine learning models.
In the process of developing models that predict the water quality
through the prediction of TSS concentration, the performance of
the models need to be evaluated using selected performance mea-
sures, and then optimized in the case that the models show poor
performances. The measures that have been selected to evaluate
the models’ performances include the mean absolute error
(MAE), the root mean squared error (RMSE), the relative absolute
error (RAE), the relative squared error (RSE), and the coefficient
of determination (R2). These performance measures are explained
as follows.

2.4.1. Mean absolute error (MAE)
MAE evaluates the average error size within a group of predic-

tions, with their direction not taken into account. It provides mea-
surements of accuracy when using continuous variables. The MAE
can be described simply as the mean of the absolute values across
the whole of the verification sample for the differences between
predictions and the related observed values. MAE is linear, and
thus each of the differences used for calculation will have an equal
weighting [16].

MAE ¼ 1
n

Xn
i¼1

Xi � Xj j ð1Þ

in which n = number of errors and R|xi – x| = sum of absolute errors.

2.4.2. Root mean squared error (RMSE)
RMSE offers a quadratic approach to the measurement of aver-

age error sizes. It works by taking the differences between
observed and predicted values, squaring them, and taking the
mean across the sample. Then, the square root of this mean is
taken to arrive at the final value. The squaring of errors prior to
taking the mean results in large errors being allocated at a rela-
tively high weightage, therefore this approach works best when
such large errors are especially unwanted. RMSE can be used along
with MAE to analyze any error variations that arise for any set of
predictions, with RMSE always proving to be greater than or equal
to MAE. If the difference between RMSE and MAE increases, this
indicates that there is increased error variance, whereas if RMSE
and MAE are equal, the errors will all be of the same size. MAE
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Table 1
Statistical data on the water quality parameter measurements at the Fei-Tsui Reservoir, along with the correlation coefficient linking the parameters to the TSS concentration.

Parameters TSI DON IRON NO3 TP Turbidity

TSS Average 43.20 0.19 0.09 0.44 16.44 3.00
Min 40.05 0.12 0.03 0.17 8.03 1.23
Max 46.36 0.33 0.49 0.64 33.62 11.69
SD 2.051 0.063 0.088 0.124 6.815 2.099
CV 4.748 33.830 97.774 28.099 41.444 70.056
Correlation 0.582 0.594 0.607 0.424 0.502 0.642

Note: (1) SD: standard deviation (2) CV: coefficient of variation
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and RMSE are able to take any value in the range of 0 to 1, but
since they are negatively oriented it is considered desirable to have
lower scores [46].

RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
i¼1

pi � aið Þ2

n

vuuut ð2Þ

in which a = actual target and p = predicted target.

2.4.3. Relative absolute error (RAE)
RAE is similar to RSE, as they are relative to a basic predictor

which is the mean of the value themselves. However, in this sce-
nario the error is simply the total absolute error rather than the
total squared error. Therefore, the RAE uses the total absolute error
1611
which is then normalized through division by the total absolute
error of the basic predictor [9]. Similar to RSE, RAE allows compar-
isons between models for which the errors are expressed in differ-
ent units. The equation displayed below allows calculation of the
RAE for models:

RAE ¼
Pn

j¼1 ej
�� ��

Pn
j¼1 Tj � T

���� ��� ð3Þ

in which ej denotes the difference between actual values and pre-
dicted values (error), and Tj indicates the target value for record j,

while T
�
is calculated by:

T
�
¼ 1

n

Xx

j¼1
Tj ð4Þ
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When a perfect match is achieved, the numerator will be equal
to zero, so therefore Ei is equal to zero. Therefore, the Ei index falls
within the range of zero to infinity, where zero is considered the
most desirable.
2.4.4. Relative squared error (RSE)
RSE has its basis in comparing what would have arisen had a

simple predictor been employed. The simple predictor would be
the mean of the actual values themselves, and therefore RSE simply
takes the total squared error before normalization through division
by the total squared error of that simple predictor. The use of the
square root of RSE results in the error taking the same form as
the prediction value [7]. The equation below is used to calculate
RSE:

Ei ¼
Px

j¼1ðP iið Þ�TjÞ2
Px

j¼1ðTj � T
�
Þ
2 ð5Þ

in which P(ij) indicates the predicted value from the individual pro-
gram i in the situation of sample case j (from a total of n sample

cases); Tj denotes the target value for j; while T
�
can be obtained

from:

T
�
¼ 1

n

Xx

j¼1
Tj ð6Þ

When a perfect match is achieved, the numerator will be equal
to zero, so therefore Ei is equal to zero. Therefore, the Ei index falls
within the range of zero to infinity, where zero is considered the
most desirable.
2.4.5. Coefficient of determination (R2)
In statistical modeling, the coefficient of determination mea-

sures the extent to which the future outcomes can be predicted
and explained by a model. It also shows the extent to which any
variability within the data set can be explained. It is often known
as the ‘R-squared’ value, and its use provides an indication of
model accuracy. Its interpretation can be expressed in the form
of each variable in a model serving to explain a particular percent-
age of the variability which is observed. In this case, an R2 value of
0.25 means that the model can explain one quarter of the variation.
The coefficient of determination is defined as the square of the cor-
relation between predicted and observed values in a given data set.
Moreover, it can be stated as the square of X and Y correlation val-
ues, when the independent variable is represented by X and the
dependent variable is shown as Y [33].

Coefficient of determination R2 ¼ SSR
SST

¼ 1� SSE
SST

ð7Þ
Sum of squared total SST ¼
X

ðy� y
�Þ2 ð8Þ
Sum of squared regression SSR ¼
X

ðy0 � y0
�
Þ
2

ð9Þ
Sum of squared error SSE ¼
X

y� y0ð Þ2 ð10Þ
The R2 value indicates the proportion of the dependent variable

variance which the regression model can explain. A perfect regres-
sion model will have an SSE value of zero. However, if the model
has failed comprehensively, then SSE will be equal to SST, and R2 -
will be zero. None of the variance can be explained by such a
model.
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2.5. Model validation

Five ANNmodels are produced and validated in this study. From
these five ANN models, one ANN model will be selected, through
evaluation using the selected performance measures, as the best
model for TSS concentration prediction in the Fei Tsui Reservoir.

2.6. Sensitivity analysis

To determine how the models are affected by different input
parameters, a process of dual evaluation can be used [1]. A number
of different input parameter combinations were examined through
the use of MAE, RMSE, RAE, RSE, and R2. Comparisons were drawn
among five networks, showing how different combinations of
input parameters could affect the accuracy of the network [1].
Through this comparison, the best input parameters for use in
developing the ANN models are identified. Fig. 3 shows a compar-
ison between the values of input parameters, including TSI, DON
concentration, IRON, NO3 concentration, TP concentration, and tur-
bidity, and the output parameter which is the TSS concentration.
The figure shows that when turbidity and TP concentration
increases, so does the TSS concentration. This is likely because
these two-input parameters have a strong effect on the TSS con-
centration compared to the other input parameters.

3. Results and discussion

This section explains the results of the developed ANNs for the
prediction of TSS concentration in the Fei Tsui Reservoir located in
Taiwan. The data that was used in this study was obtained from in-
situ recordings around the Fei Tsui Reservoir in Taiwan. It is likely
that data would have been affected due to the occurrence of any
natural or artificial phenomenon such as typhoons or disasters
due to bad construction practices. Therefore, for application in this
study, the data used are annual and monthly average readings of
TSS concentrations, spanning between 10 and 13 years, to ensure
that data relatively accurate. As aforementioned, the ANN model
is used to predict TSS concentration in this study. In simple defini-
tions, an ANN is a computing model of connected nodes with lay-
ers. ANNs are able to classify and learn from data by recognizing
patterns in images or speeches by breaking down input into layers
of abstraction through training. During training, connection
weights are adjusted until the ANN is able to perform the required
task. In this study, each developed ANN has different number of
neurons, layer heads, and top functions, depending on the diffi-
culty of the required task given the conditions such as number of
input parameters.

The Willmott Index (WI) is used to compare the accuracy of the
best five models in this study. A WI value close to one indicates
that a model performs well in capturing changes in TSS concentra-
tion values. The following equation is used to for the computation
of WI values:

WI ¼ 1�
Pn

i¼1 TSS0;i � TSS0;i
� �2

Pn
i¼1 TSS0;i � TSS

�
0

��� ���þ TSSp;i � TSS
�

p

��� ���� �2

2
64

3
75 0 < WI < 1ð Þ

ð11Þ
where TSSo,i is the value of the TSS observed in the current observed

(i), TSSp,i is the predicted value, TSS
�

0 is the average value of obser-

vations, TSS
�

p is the average value of the predictions, and n is the
number of data [44].

Table 2 shows the WI values of ANN models using different
combinations of input parameters. The different combinations of
input parameters are turbidity (one parameter for model 1); TSI
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Table 2
Willmott Index (WI) for each ANN model with different number of inputs.

Willmott Index (WI)

Model 1 (one-input) 2 (two-inputs) 3 (three-inputs) 4 (four-inputs) 5 (five-inputs)
Number of neurons 1 2 3 4 5

5 0.9398 0.9849 0.9933 0.9844 0.9634
10 0.9716 0.9784 0.9852 0.9733 0.9883
15 0.9612 0.9889 0.9903 0.9907 0.9632
20 0.9180 0.9751 0.9776 0.9872 0.9722
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concentration and turbidity (two parameters for model 2); NO3

concentration,TP concentration, and turbidity (three parameters
for model 3); TSI concentration, NO3 concentration, TP concentra-
tion, and IRON (four parameters for model 4); and TSI concentra-
tion, NO3 concentration, TP concentration, IRON, and turbidity
(five parameters for model 5). It can be seen that when the
three-input parameter combination is used with five neurons,
the ANN model produces the highest WI value of 0.9933, while
the lowest WI value is produced when the one-input parameter
combination is used with 10 neurons. Although the lowest WI
value, which is 0.9716, is produced when the one-input parameter
combination is used, the ANN model still achieves an acceptable
level of accuracy. Generally, all the ANNs utilizing the different
input parameter combinations produce WI values that are very
close to each other. However, model 3 produces the best TSS con-
centration predictions as indicated by the highest WI values for all
four categories of neuron numbers, which are 5, 10, 15, and 20.
This means that using NO3 concentration, TP concentration, and
turbidity, as the input parameters for the ANNmodel gives the best
effect on the TSS concentration prediction. On the other hand,
model 1 generates the least accurate TSS concentration predictions
as indicated by the lowest WI values for all four categories of neu-
ron numbers
3.1. Description of developed ANN models

Model 1 uses one-input parameter to predict TSS concentration.
The number of neurons employed for this model is 10. This is
because the sensitivity analysis indicates that when 10 neurons
are utilized for a one-input parameter combination, the accuracy
of TSS prediction is the highest compared to when other number
of neurons are used. The maximum value of the actual TSS is
6.98 mg/L while the predicted TSS is 7.01 mg/L. The minimum
1613
value of the actual TSS is 0.77 mg/L while the predicted TSS is
1.88 mg/L. The RMSE for this model is 0.9945. The best one-input
parameter combination, which is used in model 1, is turbidity. This
model produces a correlation coefficient of 0.7894, an R-squared
value of 0.6232, and a standard deviation of 1.1062. Fig. 4 shows
the comparison between the predicted TSS and the actual TSS for
model 1, while Fig. 5 shows the R-squared scatter plot for model 1.

Model 2 uses two-input parameters to predict TSS concentra-
tion. The number of neurons employed for this model is 15. This
is because the sensitivity analysis indicates that when 15 neurons
are utilized for a two-input parameter combination, the accuracy
of TSS prediction is the highest compared to when other number
of neurons are used. The maximum value of the actual TSS is
6.98 mg/L while the predicted TSS is 7.64 mg/L. The minimum
value of the actual TSS is 0.77 mg/L while the predicted TSS is
0.702 mg/L. The RMSE for this model is 0.6378. The best two-
input parameter combination, which is used in model 2, is TSI con-
centration and turbidity. This model produces a correlation coeffi-
cient of 0.9176, an R-squared value of 0.8420, and a standard
deviation of 1.4947. Fig. 6 shows the comparison between the pre-
dicted TSS and the actual TSS for model 2, while Fig. 7 shows the R-
squared scatter plot for model 2.

Model 3 uses three-input parameters to predict TSS concentra-
tion. The number of neurons employed for this model is five. This is
because the sensitivity analysis indicates that when five neurons
are utilized for a three-input parameter combination, the accuracy
of TSS prediction is the highest compared to when other number of
neurons are used. The maximum value of the actual TSS is 6.98 mg/
L while the predicted TSS is 6.7918 mg/L. The minimum value of
the actual TSS is 0.77 mg/L while the predicted TSS is 0.8792 mg/
L. The RMSE for this model is 0.4753. The best three-input param-
eter combination, which is used in model 3, is TSI concentration,
NO3 concentration, and turbidity. This model produces a correla-
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Fig. 4. Predicted TSS vs actual TSS for model 1.
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Fig. 5. R-squared scatter plot for model 1.
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Fig. 6. Predicted TSS vs actual TSS for model 2.
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tion coefficient of 0.9589, an R-squared value of 0.9195, and a stan-
dard deviation of 1.50. Fig. 8 shows the comparison between the
predicted TSS and the actual TSS for model 3, while Fig. 9 shows
the R-squared scatter plot for model 3.

Model 4 uses four-input parameters to predict TSS concentra-
tion. The number of neurons employed for this model is 15. This
is because the sensitivity analysis indicates that when 15 neurons
are utilized for a four-input parameter combination, the accuracy
of TSS prediction is the highest compared to when other number
of neurons are used. The maximum value of the actual TSS is
1614
6.98 mg/L while the predicted TSS is 6.8567 mg/L. The minimum
value of the actual TSS is 0.77 mg/L while the predicted TSS is
1.0068 mg/L. The RMSE for this model is 0.5758. The best four-
input parameter combination, which is used in model 4, is TSI con-
centration, NO3 concentration, TP concentration, and IRON. This
model produces a correlation coefficient of 0.9336, an R-squared
value of 0.8716, and a standard deviation of 1.4434. Fig. 10 shows
the comparison between the predicted TSS and the actual TSS for
model 4, while Fig. 11 shows the R-squared scatter plot for
model 4.
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Fig. 7. R-squared scatter plot for model 2.
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Fig. 8. Predicted TSS vs actual TSS for model 3.
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Fig. 9. R-squared scatter plot for model 3.
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Model 5 uses five-input parameters to predict TSS concentra-
tion. The number of neurons employed for this model is 10. This
is because the sensitivity analysis indicates that when 10 neurons
are utilized for a five-input parameter combination, the accuracy of
TSS prediction is the highest compared to when other number of
neurons are used. The maximum value of the actual TSS is
6.98 mg/L while the predicted TSS is 6.6571 mg/L. The minimum
value of the actual TSS is 0.77 mg/L while the predicted TSS is
0.49 mg/L. The RMSE for this model is 0.6314. The best five-input
parameter combination, which is used in model 5, is TSI concentra-
tion, NO3 concentration, TP concentration, IRON, and turbidity. This
model produces a correlation coefficient of 0.9274, an R-squared
value of 0.8600, and a standard deviation of 1.6055. Fig. 12 shows
the comparison between the predicted TSS and the actual TSS for
1615
model 5, while Fig. 13 shows the R-squared scatter plot for
model 5.

3.2. Comparison between predicted TSS and actual TSS

The comparison between the maximum TSS, minimum TSS,
mean TSS, and standard deviation of TSS can be seen in Table 3.
Model 3, which is deemed as the most accurate model in this study
due to its superiorWI value compared to the other models, predicts
themaximumTSS as 6.79mg/L, theminimumTSS as 0.879mg/L, the
mean TSS as 2.449 mg/L, and the standard deviation of TSS as
1.507 mg/L, whereas the actual values of maximum TSS, minimum
TSS, mean TSS, and standard deviation of TSS, is 6.98 mg/L,
0.765mg/L, 2.626mg/L, and 1.556mg/L, respectively. From Table 3,
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Fig. 10. Predicted TSS vs actual TSS for model 4.
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Fig. 11. R-squared scatter plot for model 4.
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Fig. 12. Predicted TSS vs actual TSS for model 5.
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it can also be seen that the predictedmaximum TSS for all models is
near to the actual maximum TSS, apart from model 2 which gives a
maximum TSS prediction that is relatively far from the actual max-
imum TSS. The predicted minimum TSS for model 2, model 3, and
model 4, are near to the actual minimum TSS, while the predicted
minimum TSS for model 1 and model 5 are relatively far from the
actual minimum TSS. The predicted average TSS for all models are
near to the actual average TSS, except for model 1 which gives an
average TSS prediction which is relatively far from the actual
average TSS. Lastly, it can also be seen in Table 3 that the predicted
1616
standard deviation of TSS for all models are close to the actual stan-
darddeviation of TSS, apart frommodel 1which gives a prediction of
standarddeviationof TSSwhich is relatively far fromtheactual stan-
dard deviation of TSS. Based on these observations, it can be deter-
mined that the best performing model is model 3, while the
weakest model is model 1. The notion that model 3 is the best per-
forming model in this study can also be supported by the fact that
the WI value for model 3 is the highest among all the models.

The comparison between the correlation, R-squared values,
RMSE, and WI values, of all the ANN models can be seen as in
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Fig. 13. R-squared scatter plot for model 5.

Table 3
Comparison of maximum, minimum, mean, and standard deviation, between actual TSS and predicted TSS

Number of neurons 10 15 5 15 10
Model 1 2 3 4 5

Input parameters Turbidity TSI and turbidity NO3, TP, and turbidity NO3, TP, IRON, and turbidity TSI, NO3, TP, IRON, and turbidity
Max 6.9833 6.9833 6.9833 6.9833 6.9833

Actual TSS (mg/L) Mean 2.6257 2.6257 2.6257 2.6257 2.6257
Min 0.765 0.765 0.765 0.765 0.765
SD 1.5557 1.5557 1.5557 1.5557 1.5557
Max 7.0111 7.6406 6.7918 6.856662 6.6571

Predicted TSS (mg/L) Mean 0.9891 2.7661 2.4493 2.7715 2.4443
Min 1.8847 0.7018 0.8792 1.0067 0.4907
SD 1.1062 1.4947 1.5073 1.4433 1.6055
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Table 4. Model 3 exhibits the highest correlation, R-squared value,
and WI value; and the lowest RMSE, which are 0.9589, 0.9196,
0.9933, and 0.4753, respectively. This indicates that model 3 is
the best performing model in this study. This is supported by
observations from Table 3 that show model 3 as the model that
is most accurate in predicting the maximum TSS, minimum TSS,
mean TSS, and standard deviation of TSS. It can also be observed
that correlation, R-squared values, RMSE, and WI values, of all
ANN models, apart from model 1, are close to each other. Model
1, which has the lowest correlation, R-squared value, andWI value;
and the highest RMSE, is determined as the weakest ANN model in
this study. This is supported by observations from Table 3. An
explanation for the poor performance of model 1 is that the sole
relationship between turbidity and TSS concentration is not strong
enough to be used for TSS concentration prediction. Turbidity,
which looks at how well light passes through a liquid, and TSS,
which is a quantitative expression of suspended particles, are both
influenced differently, hence making it difficult to establish a
strong relationship between each other. Therefore, additional input
parameters are required on top of turbidity to produce an accurate
ANN model for TSS concentration prediction
Table 4
Correlation, R-squared value, RMSE, WI, of all ANN models

Number of neurons 10 15 5
Models M.1 M.2 M.3

Input parameters Turbidity TSI and Turbidity NO3, TP and Turb
Correlation 0.7894 0.9176 0.9589
R-Squared 0.6232 0.8420 0.9196
RMSE 0.9946 0.6378 0.4753
WI 0.9716 0.9889 0.9933

1617
The relative error between predicted TSS and actual TSS is also
used to evaluate the ANN models. The relative error (RE) portrays
the values of the percentage error between the actual and pre-
dicted values [2]. The following formula is used to compute RE:

RE% ¼ TSSað Þ � TSSPð Þ
ðTSSaÞ

� 	
ð12Þ

where TSSa = TSS observations, TSSp = predicted output TSS, n = num-
ber of observations or periods the errors were predicted.

Through analysis of the REs of model 1 to model 5 as can be
seen in Figs. 14–18, it can be seen that the largest RE which is
about 149%, occurs in model 1. Model 2, model 4, and model 5, also
produce large REs as can be seen in the figures. Model 3 has the rel-
atively lowest RE, which is below 50%, among all the ANN models.
Therefore, this further suggests that model 3 is the most accurate
ANN for predicting TSS concentration in this study.

Violin plots of the absolute differences between actual TSS and
predicted TSS were also used to compare the models. The score
obtained from the violin plot for actual TSS is 2.6, while the scores
of model 1 (M.1), model 2 (M.2), model 3 (M.3), model 4 (M.4), and
model 5 (M.5), are 3.1, 2.9, 2.4, 2.9, and 5.5, respectively. Therefore,
15 10
M.4 M.5

idity NO3, TP, IRON, and turbidity TSI, NO3, TP, IRON, and turbidity
0.9336 0.9275
0.8716 0.8600
0.5758 0.6315
0.9907 0.9883
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Fig. 15. Relative error (RE) of model 2.
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Fig. 16. Relative error (RE) of model 3.
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Fig. 17. Relative error (RE) of model 4.
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Fig. 18. Relative error (RE) of model 5.
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it can further be supported that model 3 is the best model in this
study for predicting TSS as this model’s violin plot score, which
is 2.4, is the nearest to the actual violin plot score, which is 2.6
(see Fig. 19).

The Kolmogorov–Smirnov method (K–S test) is a good method
that compares the maximum distance between the experimen-
tal cumulative distribution function and the theoretical cumulative
distribution functionThe Kolmogorov Smirnov test (K-S test) is a
good method that compares the maximum distance between the
experimental cumulative distribution function and the theoretical
cumulative distribution function. The maximum discrepancy is
defined by the equation:

Dn;ns ¼ supjF1;nðxÞ � F2;ns ðxÞj ð14Þ

where F1,n = experimental distribution, F2,ns = theoretical distribu-
tion, sup = supremum function.

The graphical representation that describes the K-S test for this
study is demonstrated in Fig. 20. The figure shows the similarity
between the actual TSS and the model 3 predicted TSS. As can be
seen, the cumulative distrbutions of the actual TSS and predicted
TSS of model 3 are close to each other, indicating that model 3
has a good performance [45].

A Taylor diagram is used to show how fit the model patterns
match their correlation, root mean square difference, and variance
ratio [22]. The following formula is used to develop a Taylor
diagram:
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R ¼
1
N

PN
n¼1 f n � f

�� �
rn � r

�� �
rfrr

ð15Þ

where R is the correlation coefficient, N is the number of discrete
points, f n and rn are two variables, rf and rr are the standard devi-

ations of f and r, and f
�
and r

�
are the means of rf and rr . The con-

structed Taylor diagram can be seen in Fig. 21, which show the
relationship between standard deviation (r) and correlation (R) of
each model. It can be seen that the model 3 plot point is nearer
to the actual plot point compared to the other models’ plot points.
This indicates that model 3 has a more similar correlation and
standard deviation to that of the actual TSS data, compared to the
other models.

The uncertainty analysis (UA) is used to measure the output
variance considering the input variability. It defines the range of
possible outcomes when there is variable or missing input, and is
used to check the impact of a model’s error due to this variable
or missing knowledge. D-factors are used to judge the average
width of uncertainty, with an interim band of less than one desir-
able [13]. The uncertainty analysis for the models can be seen as in
Fig. 22, and the formulas used to generate the D-factors are as
follows:

D� factor ¼ d
�
x

rx
ð16Þ

d
�
x ¼ 1

k

Xk

i¼1

ðXU � XLÞ ð17Þ

where rx represents standard deviation of the actual data x and d
�
x

is the average distance between the upper and lower bands.
Based on these findings, it is determined and concluded that

model 3 has shown outstanding performances in predicting TSS
concentrations in the Fei Tsui Reservoir located in Taiwan. How-
ever, in order to apply this model to other study areas, review of
the historical TSS concentration records of the area is needed. This
is due to the possibility that a different case study area may have
different methods of analyzing TSS concentration patterns, which
may cause the ANN model to require further adaptation in its
architecture. Analysis in this study shows that there is a strong cor-
relation between TSS concentrations and a three-input parameter
comprising of NO3 concentration, TP concentration, and turbidity.
This is proven as the usage of these three-input parameters to pre-
dict TSS concentration has shown to have a positive impact on the
TSS concentration prediction accuracy. On the other hand, a poor
association was shown when only turbidity was used as an input
parameter to predict TSS concentration, as the model produced
using this input parameter combination performed the worst
among all the models in this study. Therefore, it is emphasized that
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Fig. 21. Taylor diagram showing relationship of correlation and standard deviation of models.
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when developing models such as the ANN models in this study, for
the purpose of water quality monitoring to provide clean potable
water for the consumption of living things, the most optimal input
parameter combination needs to be identified by trials, as more or
1620
less input parameters does not necessarily mean a higher model
accuracy. This means that researchers need to continue the study
of water quality to divulge more information on different water
quality parameters and the magnitude of their affects on water
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quality and other water quality parameters. Some water quality
parameters may be more sensitive to a certain set of water quality
parameters, as suggested by this study which indicates through
model 3 that the TSS concentration is the most sensitive to a com-
bination of three water qualities which are NO3 concentration, TP
concentration, and turbidity.
4. Conclusion

In this study, a three-layer feed-forward ANN model is pre-
sented to predict the total suspended solid (TSS) concentration in
the Fei Tsui Reservoir of Taiwan. The three-layer feed-forward
ANN is chosen to address the limitation of algorithm complexity,
as demonstrated by previous researchers. In total, five ANNs were
produced in this study. A sensitivity analysis was first performed to
determine the five best combinations of input parameters to use
for the ANN model. The five best input parameter combinations
were found to be turbidity (one-input); TSI concentration and tur-
bidity (two-inputs); NO3 concentration, TP concentration, and tur-
bidity (three-inputs); TSI concentration, NO3 concentration, TP
concentration, and IRON (four-inputs); and TSI concentration,
NO3 concentration, TP concentration, IRON, and turbidity (five-
inputs). Then, different numbers of neurons, specifically 5, 10, 15,
and 20, were trialed with each input parameter combination to
produce the best model for each input parameter combination.
From these trials, it is found that model 3, which uses the three-
input parameter combination, consisting of NO3 concentration,
TP concentration, and turbidity, with five neurons, is the best per-
forming model in the study. Model 3 was determined to be the best
model using several performance measures, particularly the coeffi-
cient of determination (R2), the Willmott Index (WI), and the root
mean square error (RMSE). Model 3 produced the highest WI and
R2 values, which are 0.9933 and 0.9196 respectively, and the low-
est RMSE with a value of 0.4753, hence proving its superiority
among the other ANN models in this study. It is concluded that a
three-input parameter combination consisting of NO3 concentra-
tion, TP concentration, and turbidity, has the best effect on a TSS
concentration prediction ANN model, while a one-input parameter
combination consisting of turbidity, is least effective in producing
an ANN model for TSS prediction. Overall, the simple architecture
1621
of a three-layer feed-forward ANN model is capable of providing
water quality parameter prediction, such as TSS concentration.
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