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Abstract: Artificial neural networks (ANNSs) are powerful data-oriented “black-box” algorithms
capable of assessing and delineating linear and multifaceted non-linear correlations between the
dependent and explanatory variables. Through the years, neural networks have proven to be effective
and robust analytical techniques for establishing artificial intelligence-based tools for modelling,
estimating, and projecting spatial and temporal variations in water bodies. Accordingly, ANN-based
algorithms gained increased attention and have emerged as practical alternatives to traditional
approaches for hydro-chemical analysis. ANNs are among the widely used computer systems
for modelling surface water quality. Considering their wide recognition, resilience, flexibility, and
accuracy, the current study employs a neural network-based methodology to construct a novel
water quality index (WQI) model suitable for analysing South African rivers. The feed-forward,
back-propagated multilayered perceptron model has three parallel-distributed neuron layers inter-
connected with seventy weighted links orientated laterally from left to right. First, the input layer
includes thirteen neuro-nodes symbolising thirteen explanatory variables, including NHj3, Ca, Cl,
Chl-a, EC, E, CaCOs3, Mg, Mn, NOs3, pH, 5Oy, and turbidity (NTU). Second, the hidden layer consists
of eleven neuro-nodes accountable for computational tasks. Lastly, the output layer features one
neuron responsible for conveying network outcomes using a single-digit WQI rating extending from
zero to one hundred, where zero represents substandard water quality and one hundred denotes
exceptional water quality. The Al-based model was developed using water quality data obtained
from six monitoring locations within four drainage basins under the management of the Umgeni
Water Board in the KwaZulu-Natal Province of South Africa. The dataset comprises 416 samples
randomly divided into training, testing, and validation sets using a proportional split of 70:15:15%.
The Broyden-Fletcher—Goldfarb-Shanno (BFGS) technique was utilised to conduct backpropagation
training and adjust synapse weights. The dependent variables are the WQI scores from the universal
water quality index (UWQI) model developed specifically for South African river basins. The ANN
demonstrated enhanced efficiency through an overall correlation coefficient (R) of 0.985. Further-
more, the neural network attained R-values of 0.987, 0.992, and 0.977 for the training, testing, and
validation intervals. The ANN model achieved a Nash—Sutcliffe efficiency (NSE) value of 0.974 and
coefficient of determination (R?) of 0.970. Sensitivity analysis provided additional validation of the
preparedness and computational competence of the ANN model. The typical target-to-output error
tolerance for the ANN model is 0.242, demonstrating an adequate predictive ability to deliver results
comparable with the target UWQI, having the lowest and highest index ratings of 75.995 and 94.420,
respectively. Accordingly, the three-layer neural network is scientifically sound, with index values
and water quality evaluations corresponding to the UWQI results. The current research project seeks
to document the processes used and the outcomes obtained.

Keywords: universal water quality index (UWQI); water quality index (WQI); feed-forward; back-
propagation; artificial intelligence (Al); artificial neural network (ANN); multilayer perceptron (MLP)
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1. Introduction

Artificial intelligence (Al), specifically, the artificial neural network (ANN), has become
popular for assessing surface water quality [1,2]. Developing Al-based models is less taxing
than establishing conventional and statistically developed water quality indices involving
sub-index functions and aggregation equations [3]. Therefore, ANNs are convenient and
straightforward techniques for assessing water quality, potentially reducing computational
oversights, time spent, and effort necessary for evaluating water bodies [3-5]. Neural net-
works use mathematical coding that symbolises predetermined multidimensional variable
relationships [6-12]. Their capacity to comprehend and relate to variable dependency offers
a distinct computational superiority and yields more precise WQI ratings than sub-indexing
methodologies [13,14]. Like the human brain cortex, ANNSs operate using analytical sys-
tems based on the structure and functionality of the biological neural configurations. They
function identically to human brains in analysing and processing information, with layers
of neurons intertwined, forming a complex web [1,6,7,10,11,15-21]. The initial layer com-
prises neurons that input information and seek to assess the data before filtering them to
the appropriate neural cells in the subsequent layer. The second layer contains neurons
responsible for processing the incoming data and transmits the findings to the third layer
of neurons, which combines everything into a single aggregated output report. These
computational cells are called neuro-nodes or input and output units [4,22,23].

ANNSs are basic non-linear statistical algorithms used to improve artificial intelligence
(Al) and address data-driven challenges that are difficult or impractical to manage using
human or mathematical methods [7,8,10-12,15,22,24]. ANNSs are transforming conventional
technologies to evaluate water quality indices, thus developing convenient analytical
platforms while making water quality data readily available with little effort. This research
establishes an artificial neural network-based water quality index (WQI) for evaluating
spatial and temporal changes in surface water across South African river basins.

The ANN model employs thirteen parameters that are identical to the input variables
of the universal water quality index (UWQI), namely NH3, Cl, Chl-a, EC, E, CaCOs3, Mg,
Mn, NO;3, pH, SOy, and turbidity. The Al-based model generates a scientifically sound
non-dimensional one-digit rating varying from zero to one hundred, with smaller ratings
representing poor water quality and larger scores representing excellent water bodies.
Index scores are assessed on a five-class scale, with Class 1 indicating the greatest degree of
cleanliness and Class 5 indicating severely polluted water resources. The WQI values and
ranking scale are comparable and conform to the gradings established using the UWQI
and surrogate water quality index (proxy WQI), both used for appraising South African
rivers [25-27].

Generally, WQIs are not designed for broad application; they are customarily devel-
oped for a specific watershed and/or region, unless different basins share similar attributes
and test comparable ranges of water quality parameters. Their design and formation are
governed by the intended use together with the degree of accuracy required, and such
technicalities ultimately define the application boundaries of WQIs [26]. This is, perhaps,
the most demanding scientific need; that is, to establish a universal water quality index
(UWQI), that can function in most, if not all, the catchments in South Africa. The challenges
posed by developing universal WQI models include the selection of the most appropriate
variables applicable across all targeted catchment areas. Accordingly, this study derived
thirteen parameters using expert opinion gathered through the participatory-based Delphi
method [3,28-35] and extracted from previously published studies; these results were
published separately as Banda and Kumarasamy [27]. In cognisance of such, this study
proposes an index that is not limited to certain application boundaries, and such a contribu-
tion significantly contributes to the field of water science and the South African community.
Hence, the aims of developing ANN models in this study include (i) demonstrating the ap-
plication of artificial intelligence (Al) in water management and the use of universal WQIs
using an ANN-based WQI without sub-indexing and extensive calculations; (ii) establish-
ing an overall framework for developing neural networks; (iii) comparing the effectiveness
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of the ANN model with the traditional WQI; and (iv) suggesting the ideal artificial neural
network WQI model for evaluating and tracking water quality status throughout South
African river catchments. Accordingly, this research discusses the design, training, valida-
tion, testing, and implementation of ANNSs to formulate WQI ratings.

2. Materials and Methods
2.1. Research Data

Gathering historical water quality data is time-consuming and requires significant
resources and proficiency [27]. Consequently, research projects, including the current study;,
cannot collect water quality samples. Instead, monthly water quality readings from the
Umgeni Water Board (UWB) located in Durban, South Africa, enabled the development
of the artificial neural network (ANN) model. This research study examined 416 sample
cases collected from six monitoring points in four distinct watersheds over four years
from January 2014 to July 2018. The watersheds are Umgeni, Umdloti, Nungwane, and
Umzinto/Umuziwezinto river catchments. The UWB water quality records were collected
using standard sampling techniques established by the Department of Water and Sani-
tation (DWS) and examined in an ISO 9001-recognised laboratory owned and managed
by UWB [27,36]. The UWB research dataset included all thirteen essential water quality
indicators, which are ammonia (NH3), calcium (Ca), chloride (Cl), chlorophyll-a (Chl-a),
electrical conductivity (EC), fluoride (F), hardness (CaCOs3), magnesium (Mg), manganese
(Mn), nitrate (NO3), pondus Hydrogenium (pH), sulphate (SO4), and turbidity (NTU).
Table 1 presents descriptive statistics of the research dataset.

Table 1. Descriptive statistics for measured monthly water quality records accessed from UWB.

Statistical Summary of Water Quality Data

Variables 2

Minimum Maximum Average Standard Deviation

1 NH; 0.040 0.990 0.107 0.091
2 Ca 1.000 30.500 9.457 6.078
3 Cl 1.820 79.000 26.843 13.765
4 Chl-a 0.140 92.220 4.999 9.374
5 EC 6.840 48.000 20.708 9.840
6 F 0.100 0.540 0.140 0.048
7 CaCOs 6.620 128.460 47.752 9.499
8 Mg 1.000 14.600 5.857 2.535
9 Mn 0.010 1.210 0.051 0.172
10 NO3 0.050 9.580 0.590 0.984
11 pH 0.000 9.100 7.766 0.529
12 SOy 0.160 24.200 8.696 5.980
13 Turb 0.600 367.000 14.157 29.638

Notes: Source: Umgeni Water Board (2014 to 2018). # Water quality variable measured in mg/¢, except for
chlorophyll-a (ug/¥), electrical conductivity (uS/m), pondus Hydrogenium (unitless), and turbidity (NTU).
Although the information from Umgeni contains more water quality parameters, Table 1 displays only the thirteen
water quality indicators examined in the current research. Water quality variables are listed in alphabetic order
rather than the order of importance.

Evaluating the WQI model with information gathered from these four river basins
contributes to developing water quality indices appropriate for most river basins, if not
the entirety of South African river catchments. Apart from the availability of UWB data,
the economic importance of the KwaZulu-Natal Province [27,37,38], the uniqueness of
its inter-basin configurations, the magnitude of the transfer schemes involved, and the
significant water demand [27,39,40] all contributed to selecting the research area, which is
located within the Pongola-Mtamvuna WMA (water management area) [41,42]. The study
dataset was sufficient for evaluating the model and contributing to achieving the objective
of establishing a widely acceptable water quality monitoring tool.
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2.2. Sampling Stations

Umgeni Water Board (UWB) assembled water sample stations to improve water quality
monitoring, and the sampling points are placed strategically to offer a comprehensive
understanding of water affairs throughout the KwaZulu-Natal service region. The current
research used water quality records gathered by UWB rather than building new research-
based monitoring points. Consideration was given to at least one station within the four
watersheds mentioned in the previous sections. The designated sampling locations are
outlined in Table 2 and Figure 1. The Umgeni basin’s socioeconomic significance, the
distinctive characteristics that define its inter-basin configurations, the complexity of the
transfer schemes involved, and the substantial water demand necessitate comprehensive
water resource administration. These factors contributed to selecting and recognising
the Umgeni River basin as the primary research area. Additionally, three more basins
were included in the research project to evaluate the model and support the objective of
establishing a universally accepted WQI model.

Table 2. Water quality monitoring stations considered for this study.

Location Coordinates in Degrees, Minutes, and Seconds (DMS) *

Sampling Station

Latitude Longitude
1 Henley Dam S 29°37'25.734" E 30°14/49.754"
2 Hazelmere Dam $29°35'53.722" E 31°02'32.121"
3 Inanda Dam 0.3 km S 29°42/27.403" E 30°52/03.352"
4 Midmar Dam $29°29'47.332" E 30°12/05.655"
5 Umzinto Dam $30°18'40.676" E 30°35'34.580"
6 Nungwane Dam $30°00'24.473" E 30°44'36.150”

Notes: Source: Umgeni Water Board (UWB) [25,27]. * The coordinates are based on the World Geodetic System 84.
Even though the UWB has additional water quality monitoring locations, Table 2 and Figure 1 represent data
from six water quality observation points selected for this research.

Lenged:
Sampling Staion Identity

@® Sampling Station Point

Figure 1. Locality map for water quality monitoring points: (a) six sampling stations, (b) Henley Dam,
(c) Hazelmere Dam, (d) Inanda Dam, (e) Midmar Dam, (f) Umzinto Dam, and (g) Nungwane Dam.
The location coordinates in Figure 1 are from UWB (Table 2), and the underlying maps originated
from Google Earth. Notes: Monitoring Stations 1 to 6 represent Henley Dam (DHL003), Hazelmere
Dam (DHMO003), Inanda Dam (DIN003), Midmar Dam (DMMO003), Umzinto Dam (DMZ009), and
Nungwane Dam (DNWO003), respectively. Source: Banda and Kumarasamy [25,27].

2.3. Study Area

The research area is in South Africa, within the KwaZulu-Natal Province, under the
management of the Umgeni Water Board, and contains four significant river catchment
basins, as detailed below.
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2.3.1. Umgeni River Catchment

The Umgeni River basin is a sub-humid drainage region within KwaZulu-Natal
Province near the Indian Ocean shoreline east of South Africa [38,43,44]. The river catch-
ment area is over 4432 km?, with the Umgeni River as the major watercourse within the
drainage region [36,37,42,45]. The 232 km long river, starting from the Drakensberg moun-
tains, extends eastwards into the Indian Ocean, having four primary cardinal tributaries,
namely Lions, Karkloof, Impolweni, and Umsunduzi Rivers [42,44]. Lions River is the
largest tributary north of Midmar Dam, operating as a transfer route supplying water from
the nearby Mooi River basin [36]. The land cover in the basin is generally diversified, with
urban settlements, indigenous forests, sugarcane fields, farmlands, and the Port City of
Durban [36-38,43]. Notably, Umgeni River supplies informal settlements located along the
riverbanks. They depend upon the river primarily for their domestic needs, irrigation, and
livestock farming [46]. The rainfall pattern for the catchment is seasonal, with maximum
rains occurring during the summertime (October to March). Precipitation fluctuates excep-
tionally, increasing from the west to the east of the river basin. The heaviest rainfall occurs
towards the coast, measuring between 1000 and 1500 mm/yr [37,44]. The middle sections
of the catchment area receive rainfall varying from 800 mm/yr to 1000 mm/yr [37,43,47].

The average yearly temperature fluctuates between 12 °C and 22 °C, resulting in
evaporation rates ranging from 1567 mm/yr and 1737 mm/yr [36]. Albert Falls, Inanda,
Nagle, and Midmar Dams are primarily designed to control and conserve water resources
throughout the Umgeni catchment area [36,39]. The Albert Falls, Nagle, and Inanda Dams
supply most of the Durban Metropolitan Area, while the Midmar Dam provides water
to Pietermaritzburg and parts of Durban [42-44]. Apart from the four primary dams, the
basin also has Henley Dam, located south of Midmar Dam along the Msunduzi River,
which is a tributary of the Umgeni River. In addition, around 300 farm dams are used
to irrigate approximately 185 km? of agricultural fields within the Umgeni catchment
region [25,27,43].

2.3.2. Umdloti River Catchment

The Umdloti watershed lies northeast of the Umgeni catchment, near the Nagle and
Inanda dams. The catchment is estimated to measure 597 km?2, with the Umdloti River
being the major river within the drainage area [48]. The river’s headwaters are within the
Noodberg area and descends eastwards into the Indian Ocean for roughly 88 km. The river
estuary is nearly 25 km northeast of Durban City [45,49]. A substantial proportion of the
basin is used for agricultural activities, with sugarcane and banana production dominating,
while citrus and vegetable farms occupy minimal space. Other facilities include Verulam
Town, wildlife reserves, the Hazelmere Wastewater Treatment Works (WWTW), and the
Hazelmere Dam [49]. Comparable to the Umgeni basin, the Umdloti catchment receives
summer rainfall, having mean annual precipitation varying from 800 mm to 1125 mm.
Temperatures fluctuate between 9 °C during wintertime and 38 °C in summertime [49].
The main water retention facility in the Umdloti basin is Hazelmere Dam [48], constructed
to supply Durban’s residential, commercial, and agricultural demands, together with the
demands of the newly established Durban International Airport [25,27,45,49].

2.3.3. Nungwane River Catchment

Situated southwest of the Umgeni catchment area, the Nungwane River basin experi-
ences an average rainfall of 938 mm/yr and evaporation rates reaching 1200 mm/yr. The
Nungwane Dam is the largest impoundment within the quaternary catchment and was
constructed along the Nungwane River, a tributary of the Lovu River [50]. The retention
facility was established in 1977, having an overall catchment of 58 km?, and surface water
from Nungwane Dam is purified at the Amazimtoti water treatment works (WTW) and
distributed to eThekwini Municipality [25,27,50].
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2.3.4. Umzinto/uMuziwezinto River Catchment

The Umzinto River basin, formerly recognised as the uMuziwezinto River catch-
ment, is located southward of the Nungwane Dam. Corresponding to Umgeni Water [50],
the Umzinto River catchment encounters about 985 mm/yr of rain, with an average
evaporation rate of approximately 1200 mm/yr. In 1993, Umzinto Dam was established
with a geographical catchment nearing 52 km?, and the impoundment lies along the
Umzinto/uMuziwezinto River [27]. Surface water from Umzinto and EJ Smith Dams is
purified at Umzinto water treatment works (WTW) and supplied to Ugu District Munici-
pality [50,51]. Both dams, EJ Smith and Umzinto, supply raw water for the operation of
Umzinto WTP [25,27,50,51].

2.4. Water Quality Evaluation

Two variables are needed when developing artificial neural networks: the explanatory
(independent) and target (dependent) variables. The current research study considered
the value of the water quality index (WQI) as the dependent variable, and the observed
physicochemical water quality readings were regarded as the explanatory variables. WQI
is a basic yet comprehensible ranking score that offers the composite influence of multiple
water quality characteristics for a specific body of water [25,52-54]. An index number
is often assessed against a ranking system that describes water quality in classifications
varying between zero and one hundred [25,55]. Accordingly, the recently developed
universal water quality index (UWQI) was used for WQI evaluation, and the model consists
of the following components:

(1) Explanatory variables: Thirteen preselected independent water quality indicators,
namely NHj3, Ca, Cl, Chl-a, EC, F, CaCOs3, Mg, Mn, NO;3, pH, SO4, and Turb, were
adopted based on expert opinion [25,27]. The study incorporated expert opinion
through the Rand Corporation’s Delphi Technique, where a panel of thirty water
scientists from the private sector, government institutions, and academia were con-
sulted. Delphi Questionnaires were distributed to water specialists (the participants),
and the panellists were requested to select about twenty-one water quality indicators
for potential inclusion in the UWQI. The respondents were directed to decide on
each parameter using: “Include” and “Exclude” and further designate a proportional
significance ranking for each parameter specified as “Include”. The ranking system
utilised is scaled from one to five, with “scale 1” indicating the highest significance
and “scale 5” indicating an exceptionally low relevance. Apart from the twenty-one
indicators specified, professionals could include up to five additional parameters
where necessary. Amongst the thirty questionnaires distributed, a total of twenty-one
surveys were returned. The Rand Corporation’s Delphi Technique is comprehensively
discussed by Horton [28], Brown et al. [29], Linstone and Turoff [30,33], and Gazzaz
etal. [3].

(2) Weighting coefficients: Weight multipliers (b;) starting from one (relating to minimum
impact) and extending to five (resembling maximum impact) were allocated to each
variable after aggregating significance rankings obtained from the participatory-
based Delphi approach, together with significance rankings drawn from the existing
literature. After that, weighting coefficients (w;) were derived using Equation (1)
below [25,27,56]:

bi
(b1 +by+...+by)

where b; denotes the designated significance ranking of the ith water quality variable
(one being the lowest order ranking and five the highest order); w; represents the
weighted coefficient for the ith water quality variable in decimal digits; and n sym-
bolises the sum of the rated water quality variables. The coefficients are expressed
in decimal format, and the aggregate of all weighting coefficients equals one. This
criterion guarantees that the final index score does not surpass 100% (w1 + w, + w3 +
...+ wy =1 for Equation (1)). Otherwise, the sub-indexing system will be jeopardised,

w; =

(1)
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making the WQI model dysfunctional. The final weighting coefficients are presented
in Table 3.

(3) Sub-index functions and rating curves: Given that water quality indicators are
measured using several scientific units, sub-indices (s;) are employed to transform
multiple units of measurement into one conventional non-dimensional scale [25,57].
Using sub-indices to transfigure multiple parameter dimensions is standard practice,
and the traditional method includes sub-index rating curves, which are then converted
into mathematical equations called sub-indices. In this case, the designated key
points that define the rating curves are geometrically established using the permitted
concentration limits. After that, straight-line plots are utilised to converge the mapped
points and generate a sequence of linear graphs, which are then transformed into linear
sub-index equations (index functions). The study extracted permissible concentration
limits from the Target Water Quality Ranges (TWQRs) documented by the Department
of Water and Sanitation (DWS), formerly the Department of Water Affairs and Forestry
(DWAF) [58-60],

(4) Aggregation equation (model): The UWQI model represents a weighted arithmetic
sum model, a modified form of the weighted sum algorithm. As indicated in Equation
(2) [25,27], the scenario-based analysis was implemented to adjust and synchronise
the index algorithm with local conditions and establish the final UWQI model:

Table 3. UWQI input variables and applicable weighting coefficients.

Weighting Coefficients
Water Quality Variable Units
Impact (b;) Weight (w;)
1 Ammonia mg/l 3.9358 0.1035
2 Calcium mg/{ 2.7612 0.0726
3 Chloride mg/{ 2.8196 0.0742
4 Chlorophyll-a ug/l 1.3611 0.0358
5 Cfi‘;i?;ity uS/m 26305 00692
6 Fluoride mg/{ 3.6059 0.0949
7 Hardness mg/{ 2.2329 0.0587
8 Magnesium mg/{ 2.7000 0.0710
9 Manganese mg/l 3.4609 0.0910
10 Nitrate mg/{ 3.4560 0.0909
11 pondus Unitless 3.4641 0.0911
Hydrogenium

12 Sulphate mg/{ 2.9439 0.0774
13 Turbidity NTU 2.6446 0.0696

Totals 38.0167 1.0000

Notes: Source: Banda and Kumarasamy [25,27]. The summation of weighting coefficients totals one whole
number, and water quality variables are documented alphabetically. Based on the universal water quality index
(UWQI) weighted coefficients, the study achieved the following significance order: NH3 > F > pH > Mn > NO3 >
SOy4 > Cl > Ca > Mg > Turb > EC > CaCOj3 > Chl-a.

5 . 1.0880563
UWQI =3 (g siwi> )

where UWQI represents the final aggregated water quality index score extending from zero
to hundred, with zero denoting poor water quality and hundred showing excellent water
quality; s; designates the sub-index value for the ith water quality variable formulated
using the sub-index linear equations or functions, and the values vary between zero and
one hundred, similar to WQI scores; w; is the weighting coefficient value for the ith variable
expressed as a decimal figure, and the aggregate of all weight coefficients equals one, (w; +
wy + w3 + ...+ wy = 1); n symbolises the overall number of sub-indices, and for the current
study n = 13. WQI values are communicated as numerical digits varying between 0 and 100,
where zero signifies poor water quality, and one hundred denotes excellent water quality.
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Summaries of the index scores and sixty-two sub-index functions for the UWQI are
presented in Figure 2 and Table 4, respectively.

m Index Score Counts (UWQI Target)

90 i i ; i . : . | }
80 !
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P |

(@]

W

S 50 !
40 !
30 + 1
20 -+ 1
10 I I |
0 . } | } } } f f ¢ ! } } }

76 78 80 82 84 86 88 90 92 9 % 98

UWQI (Targets)

Figure 2. The Water Quality Index Score Counts for the UWQI. Source: The universal water quality
index (UWQI) results were extracted from Banda and Kumarasamy [27]. Plot diagram developed

using TIBCO Software Inc. [61] from Palo Alto, California, USA.

Table 4. The sub-index equations established for the universal water quality index (UWQI) model.

Sub-Index Functions

Sub-Index Functions

Variable Variable
Range Sub-Index Equation Rule Set Range Sub-Index Equation Rule Set

1 NH;3 x, < 14 SI,= —56.627x,+97.609 f() Otherwise Sl,=0 f(32)
14 < x, <15 SI, = —140x,+216 f2) 8 Mg x, <30 Sl = —0.1667x;,+100 £(33)

15 < x, <20 Sl, = —12x,+24 f3) 30 < x, <40 Sl = —2.0x,+155 f(34)

Otherwise SI,=0 f4) 40 < x, < 50 Sl = —5.0x;,+275 £(35)

2 Ca x, < 46.70 SI,= —1.0707x,+100 f) 50 <x; <90 Sl = —0.625x),+56.25 £(36)
46.70 < x5 < 60 SIy= —2.0301x,+144.8 f(6) Otherwise SI,=0 f(37)

60 <x, < 90 SIy= —0.7667x,+69 f(7) 9 Mn x; < 0.05 SI;= 100 £(38)

Otherwise SI,=0 f(8) 0.05 < x; < 030 SI;= —40x;+92 £(39)

3 cl x. < 50 SI.= 100 9 030 < x; < 0.53 SI;= —130.43x,4+119.13 f(40)
50 <x. < 150 SI.= —0.4x.+110 £(10) 053 < x; < 1.53 SI;= —50x;+76.50 f(41)

150 < x, < 500 SI.= —0.1286x.+69.286 f(1) Otherwise SL;i=0 f(42)

500 <x. < 600 SI.=5 f(12) 10 NO; xj <01 SI;= —150x;+100 f(43)

Otherwise SI.=0 £(13) 01<x <05 SI;= —37.5x;+88.75 f(44)

4 Chl-a x <1 SI;= 100 f(14) 05 < x <10 SIj= —100x;+120 f(45)
1 <x <10 Sl;= —3.3333x,+93.333 f(15) 1.0 < x; <20 SI;= —20x;+40 f(46)

10 <x;4 <20 Sl = —5x4+110 f(16) Otherwise SI;i=0 f47)

20 <xg < 28 SI;= —1.25x,+35 fQ17) 11 pH x < 4 SIi=0 f(48)

Otherwise SI;=0 £(18) 4 <x <7 Sly= 26.667x; — 86.667 f(49)

5 EC x. < 70 SI,= 100 £(19) 7 <x <8 SI;= 100 £(50)
70 <x, < 150 SI,= —0.125x,+98.75 £(20) 8 <x <11 Sly= —26.667x;+313.33 f(51)

150 < x, < 450 SI,= —0.2333x,+115 f(21) Otherwise SIy=0 f(52)

Otherwise SI,=0 f(22) 12 SO4 x < 30 SI;= —0.1667x;-+100 f(53)

6 F xr < 0.05 Sly= 100 f(23) 30 <x; < 60 SI;= —0.6667x;+115 f(54)
0.05 < xf < 025 Sly= —50x7+92.5 f(24) 60 <x < 150 SI;= —0.5556x;+108.33 £(55)

025 < x5 < 035 Sly= —300x;+155 f(25) 150 < x; < 350 SI;= —0.125x;+43.75 f(56)

035 < xf < 150 Sly= —43.478x7+65.217 f(26) Otherwise SI=0 f(57)

Otherwise Sly=0 f(27) 13 Turb xm < 3 Sl = —1.6667x,,+100 £(58)

7 CaCO3 xg < 50 Slg= —0.1x,+100 £(28) 3 <xy <5 SI,= —12.5x,,+132.5 £(59)
50 <x, < 150 Slg= —0.2x,+105 f(29) 5 <x; <10 SI,= —12.0x,,+130 £(60)

150 < xg < 200 Slg= —1.0x,+225 £(30) 10 <x, < 45 Sl = —0.2857x,,+12.857 f(61)

200 < xg < 300 Slg= —0.25x,+75 £(31) Otherwise SL,=0 f(62)

Notes: Source: Banda and Kumarasamy [25,27]. Water quality variables are documented in alphabetic order.
Their abbreviations are defined as follows: NH3: Ammonia, Ca: Calcium, Cl: Chloride, Chl-a: Chlorophyll a,
EC: Electrical Conductivity, F: Fluoride, CaCOj3: Hardness, Mg: Magnesium, Mn: Manganese, NO3: Nitrate, pH:
pondus Hydrogenium, SOy4: Sulphate and Turb: Turbidity.

2.5. Water Classification

A five-class ranking system was established to classify water quality index (WQI)
scores and simplify the understanding of WQI values, especially for non-technical individu-
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als. The categorisation schema follows an increasing scale index like the normal percentage
hierarchy [27,56], which is familiar to the public in terms of both functionality and inter-
pretation. Both WQI models applicable to the current research study yield WQI scores
between zero and one hundred. Consequently, the water classification schema comprises
five ranks ranging from one to five, where “Class 1” designates water with the highest
possible WQI score of hundred and, vice versa, “Class 5” represents water quality with the
lowest index scores nearing or equal to zero. To address flaws identified in some of the
existing water classification ranking systems [27,57], relevant mathematical functions with
logical linguistic descriptors, including but not limited to “greater than”, “less than”, and
“equal to”, are applied to appraise WQI ratings and appropriately designate them to the
matching category [25,27].

2.6. Artificial Neural Network (ANN) Model
2.6.1. The ANN Model Optimisation and Structure

The artificial neural network (ANN) model, which corresponds to the universal wa-
ter quality index (UWQI), was built using an identical combination of input parameters
constituting the UWQI model. Against this background, the thirteen input variables
were examined and processed using specified multidimensional parameter relationships
established as mathematical codes. The technique is comparable to the structure and charac-
teristics of the natural human brain [6,7,10,11,15-21], where multiple layers of neurons are
linked together through a web-like pattern and interact from one layer to the other based
on the information received and the anticipated outcome. Equally, the ANN architecture
constitutes nineteen neuro-nodes and seventy synapses called “channels”, which translate
several water quality indicators and integrate them into a single non-dimensional numeric
rating indicating the cleanliness of water resources.

The suggested neural network model has multiple layers linked using channel links
containing different weights. These layers are organised as follows: (1) an input layer
that receives external information, (2) hidden or “zero” layers that seek to evaluate the
input data and transmit them to the appropriate neurons in the subsequent layer, and
(3) an output layer that merges the findings into one consolidated output report. The
hidden layers are situated between the input and output layers [9]. Nevertheless, ANN
algorithms are characterised as “black-box models” since they provide little insight
regarding the influence of each parameter on the overall index value [8,10]. However,
these machine learning tools are robust, relatively straightforward, non-linear statistical
systems that augment artificial intelligence (Al) and address seemingly impossible
tasks [8,11,13,18,24,62]; consequently, neural networks are commonly called “universal
function approximators”.

There is no specific method for establishing the optimal numbers of layers and
neuro-nodes; rather, the best neural network arrangement is determined by several
factors [17]. According to the literature [3,7,9,17], having excessive layers in neural
network models is frequently linked with “over-fitting” challenges and rarely provides
ideal prediction performance. Consequently, the current research focused on three-
layer artificial neural networks having input, hidden, and output layers. The exact
number of neurons necessary to achieve optimal performance varies depending on
the problem under consideration [6,9]. Input and output neuro-nodes are frequently
specified depending on the array of input variables examined and the desired output
of the neural network. Neuro-nodes in the hidden or “zero” layer are the model’s
fundamental computational units, and maximising the number of such neural cells is
crucial to the models’ functionality. Limiting the neuro-nodes may prevent the network
from learning effectively. However, a disproportionate number of hidden nodes could
cause the learning procedure to be prolonged, resulting in data “over-fitting” [6,7,9,17].

In order to establish the optimal number of hidden layers and prevent over-fitting,
Fletcher and Goss [63] recommended that hidden or “zero” layer neuro-nodes (H,,,;) vary
from 2(L;04)*° + O,04 t0 21,04 + 1, where L, and O,,54 represent the overall number of input
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and output neurons, respectively [6,9]. Nonetheless, Alyuda Research Inc. [64] indicated
that the H,,,; range extends from 0.51,,,; to 41,,,;. Palani et al. [65] proposed that H,,,4
could extend from I,,,; to 21,,,; + 1, however, H,,,; should not fall beneath 0.3331,,,; and
Oy0d [3]. Most recently, Garcia-Alba et al. [4] suggested that hidden layer neuro-nodes (H,;o4)
should not exceed twice the number of input nodes (I,,,y) and submitted the following
Equation (3) [4]:

0.550d — 2 < Hpog < 2Ljpoq +2 (3)

2.6.2. Activation Functions and Learning Procedure

The activation functions are accountable for activating the perceptron, depending on
the higher weight. Four activation functions, namely (1) tanh, (2) exponential, (3) logistic-
sigmoidal, and (4) identity function, were investigated. Eventually, the logistic function,
most recognised as the sigmoid activation function, performed better with the suggested
neural network architecture across the hidden and output layers.

When the sum of weights and bias constant (}_x;w; + b;) is higher or equivalent to
0.5, the sigmoid function activates the neuro-node; alternatively, the neuron remains
inactivated. Values < 0.5 are translated to zero, and the neuron remains dormant. In
contrast, values > 0.5 are turned to one, and the neuron becomes active and transmits
water quality data to the next appropriate neuron. Figure 3 and Equation (4) illustrate
the logistic function [4,15,65]. The sigmoid function represents a widespread activation
function for artificial neural networks; nonetheless, the sigmoid function suffers from
saturation problems. Thus, greater sigmoidal values snap to one, while lower digits
collapse to zero. Additionally, the sigmoid-activated function is susceptible to variations
at the midpoint. Despite this, the logistic-sigmoidal function was demonstrated to be the
best activation function for the suggested artificial neural network. Empirical water qual-
ity records are frequently connected with parameters containing distinct measurement
units, making the process cumbersome and perhaps resulting in measurement errors,
noise, or interference [3,15,19]. Such effects may transmit negative inputs during net-
work learning since specific ANN training algorithms are inconsistent with diversified
data units. Because of this, the research project considered standardising the real-time
water quality parameter measurements to correspond with the logistic-sigmoidal units
varying between zero and one. The method prevents parameters from inappropriately
influencing neural network operations [3,15,66].

1
i id function : f(z) = 4
sigmoid function : f(z) [1+ez] 4)
n
where : z = Z w;x; + b; (5)
i=1
Ya
10 —f- -
1
[1/(1+e™)]
Activated
05
Non-activate
Yo
0.0 > X

Figure 3. The logistic-sigmoidal activation function blueprint. Source: Diagram developed using
Equation (4) as published by Garcia-Alba et al. [4], Huo et al. [15], Palani et al. [65].
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Essentially, machine learning is performed to develop neural networks with excellent
approximation ability, which can be measured using a variety of statistical attributes. A
predefined training terminating criterion should be applied to guide and conclude the
learning process to avoid overtraining or over-fitting and enhance applicability [6]. For this
research, four stopping strategies were recommended, namely:

(a) Whenever the cross-validation subset becomes static or starts to increase, terminate
the learning cycle [3,67];

(b) When the minimal reduction in error is approximately 0.0000001 [3];

(¢)  When the mean-squared error margin on the training subset equals 0.010 [3]; and

(d) When the learning reaches the maximum of ten thousand iterations [3].

The neural network’s training procedure was conducted using backpropagation
procedures [20,66], and the water quality input dataset was randomly divided to gener-
ate data subsets for training (70%), testing (15%), and validation (15%) [4,17,19,66,68-73].
Splitting the data guarantees that the predictive algorithm uses different datasets for
every learning activity. Training data were used for pattern recognition, establishing
neuron activation functions, and optimising hidden layer neuro-nodes, synapse weights,
and bias constants. The generalisation capacity of the neural network was examined us-
ing the testing data subset, while the predictive ability was measured through validation
data [20]. The learning procedure was managed and terminated through established
stopping guidelines to prevent over-fitting [6,7,9,17]. The parameter measurement units
were standardised, creating a uniform non-dimensional scale with values ranging be-
tween zero and one. This method helps prevent the impact of multiple measurement
scales and prohibits specific variables from unreasonably dominating the modelling
process [3,15,66]. The feed-forward procedure and the backward propagation of errors
procedure are used for machine learning, and the techniques are discussed further in the
following subsections.

The Forward Propagation Procedure: Provided that f(x;) designates the input vari-
able, w; represents the weight coefficient for the channel link (synapse), and b;; denotes
the bias constant of the neuro-node, then, the feed-forward procedure is interpreted as
follows [4,6,7,10,15,16,18,66,74,75]:

(i) First Step—data inputting: f(x;) accepts as an input variable to the relevant neuron
within the first layer of the artificial neural network (x1, xp, .. ., Xp).

(ii) Second Step—data transmission: Transfer or feed through channel links to the next
layer of neurons, and the synapses are designated with relative coefficients called
weights (wy)).

(iii) Third Step—application of weighting coefficients: Inputs received in the first layer
are adjusted using the relative numeric weight coefficients and considered as input
to the next cluster of neuro-nodes in the hidden layer (xjw; + x2x2 + ... + x,wy) =
(Xxjw).

(iv) Fourth Step—application of bias constants and activation functions: Every hidden
layer neuro-node is assigned a numeric constant called bias (by, by, . . ., by;), which is
added to the input sum (}_x;w; + b;). Subsequently, the information passes through a
threshold function, namely the activation function, specifying whether a particular
neuron gets activated or not. The activated neuron transfers data further to the
following group of neurons. In this systematic approach, water quality information is
forward propagated through the neural network from left to right.

Backward Propagation of Errors: A well-appreciated optimisation technique for
automatically differentiating sophisticated nested functions is backpropagation. The pro-
cedure estimates the gradient of the error function relative to the channel weight. The
backpropagation technique trains multilayer artificial neural networks to minimise network
error through an error function [6,8,15]. The optimisation process transmits information
backward across the neural network, from right to left. Backward propagation of errors
enables optimal performance compared to the tedious process of separately modifying
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each layer’s bias constants and weightings [66]. Even more significantly, the backpropa-
gation methodology allows neural network algorithms to be evaluated for an extensively
broader range of challenges previously out of reach because of computing needs. Every
iteration of feed-forward and backpropagation modifies the model’s weight settings and
bias constants, and the learning procedure continues several times until an optimal neural
network is established. Figures 4 and 5 exhibit graphical illustrations of the feed-forward
and backpropagation procedures.

Error Backpropagation Continue model training and
[VE(wy), V2F(w)] optimisation of weights

A

Feed-forward, [ NO ] [ YES H End |

Error-backpropagation T
Cycle

Update
[wi=wia]

Error (E) < Tolerance (Ey,;)
[E<Ew]

> Error (E) = Z(Obs,- - Model)? j

i=1

Feed-forward [wy]

Figure 4. A diagrammatic illustration of the feed-forward and error-backpropagation cycles for
ANN-based models. Source: Kim and Seo [8], Banda [26].

i Weigh » Sum Up Activate PassOn O
(wy) Z (xwy) + By Act [f (x)] (next neuron)

» Feed-forward (Analysis)

(Training) Backpropagation ----------===-====-=wemmeeeeeoee b

Figure 5. A schematic representation of the neuro-node operating cycle and feed-forward sequencing.
Source: Banda [26].

The Broyden-Fletcher-Goldfarb—Shanno (BFGS) method was adopted in this re-
search to perform network training and optimise network weights with bias constants.
BFGS is a powerful second-order learning technique featuring high-speed convergence
rates, although requiring an elevated level of computational memory because of the
Hessian matrix. Utilising box-constrained optimisation arrangements, the approach
enables general-purpose optimisation centred around the Nelder-Mead, quasi-Newton
simulated annealing, and conjugate-gradient algorithms. The BFGS technique works
effectively for non-differentiable functions because it only requires function values [76].
For time-saving and cost-effective solutions, the proposed ANN model was created using
the TIBCO Statistica Automated Neural Networks (SANN) program [61]. The software
offers a practical approach to establishing the structure of artificial neural networks
(ANNSs). It optimises the number of neuro-nodes necessary for the model to function
correctly without jeopardising performance [62].

Quantitative statistics, including correlation coefficient (R), coefficient of determination
(R?), mean absolute percentage error (MAPE), mean absolute error (MAE), root mean
squared error (RMSE), and Nash—-Sutcliffe efficiency (NSE), were established to determine



Water 2024, 16, 1485 13 of 27

the neural network’s prediction accuracy, and the corresponding appraisal equations are
included as Equations (6)—(10) [3,6,8-10,15-17,19,24,65-67,72,77,78].

1 n
MAE =3 [0 — ¥il (6)
i=1
1 )
RMSE =\ [~} (Yo — i) )
i=1
Y (Yo — i)
R*orNSE=1- ————— (8)
(Yo — Ym)
o n .
MAPE —100% v~ [0 — ¥l 9)
noi3 Yo
1 )
MSE =3 (yo —¥i) (10)

i=1
where y, denotes the desired or target value, y; represents the estimated model value,
and y,, symbolises the target mean value as documented in the following publications:
Garcia-Alba et al. [4], Singh et al. [6], Khalil et al. [7], Qaderi and Babanezhad [17],
Isiyaka et al. [20], Fartas et al. [22], Palani et al. [65], Mitrovi¢ et al. [67], Safavi and Malek
Ahmadi [71], Gebler et al. [72], Ye et al. [75], Yilma et al. [77], Lu et al. [79], Vijay and
Kamaraj [80].

Global and pointwise sensitivity analysis further investigated the applicability
of the suggested neural network. The establishment of the ANN model ensured the
successful realisation of the study and is acknowledged as an essential milestone of the
research efforts.

3. Results and Discussion
3.1. Artificial Neural Network Architecture and Rationale

The study proposed a feed-forward, back-propagated multilayer perceptron model
with three neuron layers arranged in a parallel-distributed structure featuring seventy
weighted links aligned from left to right. Figure 6 illustrates the ANN architecture.
Firstly, the input layer has thirteen neuro-nodes corresponding to different water quality
variables, namely NHj3, Ca, Cl, Chl-a, EC, F, CaCO3;, Mg, Mn, NO3, pH, SOy, and
turbidity (NTU). Secondly, the hidden or “zero” layer, consisting of five neurons, is
accountable for predictive tasks. Thirdly, the output layer, featuring only one perceptron,
is responsible for communicating network outputs using a single-digit WQI score. The
first group of neurons (the input layer) receives water quality variable readings, while the
second cluster of the perceptron (the hidden layer) interprets the hydro-chemistry. Lastly,
the third layer (the output neuro-node) formulates a one-digit index rating reflecting the
spatial and temporal differences in surface water quality.
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Figure 6. A block diagram illustrating the three-layer feed-forward artificial neural network. The
ANN model features thirteen neurons within the input layer, five neuro-nodes in the hidden or
“zero” layer, one output neuron, and seventy channel links connected left to right. The following
publications discuss the adopted fundamental framework for developing ANN models: Nayak
et al. [1], Garcia-Alba et al. [4], Singh et al. [6], Sarkar and Pandey [9], Huo et al. [15], Seo et al. [16],
Kim et al. [62], Yilma et al. [77], Cordoba et al. [81], Haldorai et al. [82].

3.2. Optimisation and Performance Analysis

Using thirteen predetermined input nodes equivalent to water quality input parame-
ters and a single output node indicating WQI scores, this study restricted the number of
hidden neurons to 5 < H,,,; < 28, following the conditions specified by Garcia-Alba et al. [4],
stating that hidden layer neuro-nodes (H,,,4) should not exceed twice the number of input
nodes (I,,44), as specified in Equation (3). Five possible neural networks were generated
using trial and error while utilising an extensive spectrum of combinations encompassing
5 to 28 hidden neurons. The five neural networks are summarised in Table 5, and the
best ANN structure (model two) features a multilayered perceptron model with nineteen
interlinked neurons (13-5-1), six bias constants, and seventy weighted synaptic connections
functioning in a feed-forward sequence from left to right (Figure 6). The Broyden-Fletcher—
Goldfarb-Shanno (BFGS) technique was applied to perform network training and optimise
network weights, including bias constants, as shown in Tables 6 and 7. The identities and
connections documented in these two tables conform to the labels in Figure 6. BFGS was
used because the technique is robust, has high-speed convergence rates, and only requires
function values [76].
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Table 5. An overview detailing the five potential artificial neural networks (ANNSs) established for

this research project.

Summary of the Artificial Neural Networks (ANNs)

Item Description
1 2 3 4 5
1 Neffwork MLP 13-16-1 MLP 13-5-1 MLP 13-12-1 MLP 13-28-1 MLP 13-8-1
architecture
2 Training R-value 0.974 0.987 0.980 0.962 0.981
3 Test R-value 0.970 0.992 0.967 0.905 0.978
4 Validation R-value 0.949 0.977 0.961 0.938 0.959
5 Overall R-value 0.964 0.985 0.969 0.935 0.973
6 Training error 0.491 0.238 0.375 0.708 0.350
7 Test error 0.601 0.174 0.658 1.815 0.435
8 Validation error 0.812 0.315 0.630 0.850 0.729
9 Overall error 0.634 0.242 0.554 1.124 0.505
10 Training algorithm BFGS 58 BFGS 284 BFGS 105 BFGS 53 BFGS 97
11 Error function SOS SOS SOS SOS SOS
12 Hidden activation Tanh Logistic Logistic Tanh Logistic
13 Output activation Exponential Logistic Logistic Identity Logistic
Notes: Source: Artificial neural network (ANN) model results generated using TIBCO Software Inc. [61]. The
ANN software recommended twenty potential neural networks; however, only the five superior models are
considered and illustrated in Table 5. The performance R-value designates the statistical correlation coefficient (R).
Table 6. Channel relative weighting coefficients for the proposed multilayer perceptron model.
ANN Model Weighting Coefficients ANN Model Weighting Coefficients
Code Connection Link Label Weight Coefficient Code Connection Link Label Weight Coefficient
1 NH;3: Na1 — Npy Waib1 —1.736786530 36 Mg: Nag — Ny Wagb1 —3.214513360
2 NH;: Ny — Nio Watho 5.504801020 37 Mg: N,g — Np» Washo 1.744056070
3 NH;3: N1 — Ny Waib3 1.188667880 38 Mg: Nag — Nps Wagh3 —4.429080920
4 NHj: N1 — Npg Watba —1.692600720 39 Mg: N,g — Ny Waghs 0.279010779
5 NHj: N1 — Nps Waibs —0.001097337 40 Mg: Nag — Nps Waghs 1.944367870
6 Ca: Na» — Ny Waob1 3.468498700 41 Mn: N9 — Nig Waob1 —7.983204720
7 Ca: NaZ - Nb2 Wa2b2 2.115498110 42 Mn: Nag - sz Wa9p2 6.424075980
8 Ca: N — Nps Waobs 1.106155870 43 Mn: Nyao — Nips Waoh3 —5.471109360
9 Ca: Na» — Nps Waoba 0.220184803 44 Mn: Nyo — Npg Wagba —0.342984811
10 Ca: Na» — Nps Wadbs —1.346809220 45 Mn: Nag — Nps Wa9b5 —0.484033518
11 Cl: Nas — Nps Wbl —3.556672070 46 NO3: Nug — Npg Wa10b1 —16.055562000
12 Cl: N3 — Npp Wazb2 0.457859806 47 NOs3: Naig — Npo Wal0b2 —23.849728600
13 Cl: Nas — Nips Wasb3 —1.580443590 48 NOj3: Nag — Nig Wa10b3 6.729460660
14 Cl: N3 — Npg Wasb4 0.374732288 49 NOs3: Na1g — Npg Wal0b4 —8.960558770
15 Cl: Nas — Nips Wasbs —0.404491562 50 NOj3: Natg — Nps Wa10b5 —0.338867006
16 Chl-a: Na4 - Nbl Waqb1 1.377875680 51 pH Nall - Nbl Wa11b1 —15.304164100
17 Chl-a: Ny — N, Waab2 —3.330413680 52 pH: Nai1 — Npp Wal1p2 3.871621090
18 Chl-a: Ny — Npg Waans —7.024329520 53 PH: Na11 — Nps Wai1b3 —8.330721630
19 Chl-a: Nag — Npy Wadpa —0.022392891 54 PH: Na11 — Npa Wallb4 0.954005857
20 Chl-a: Nps — Nps Waups 0.693426051 55 PH: Nai1 — Nips Wai1bs 1.730045730
21 EC: Na5 — Ny Wasp1 1.885810710 56 SO4: Na12 — Npp Walob1 4.874265880
22 EC: N,5 — N, Washo 0.005186381 57 SO4: Na12 — Nipa Wa12p —9.213797070
23 EC: Na5 - Nb3 Wa5b3 5.441348760 58 SO4Z Na12 - Nb3 Wa12b3 —0.854192312
24 EC: Na5 — Npy Wasba —1.280430050 59 SO4: Na12 — Npg Wa12ba 0.483610166
25 EC: Nas — Nops Washs —0.245985639 60 SO4: Natz — Nis Wa2b5 —0.429850947
26 F: Nag — Np1 Wagb1 —5.420630570 61 Turb: Nai3 — Npg Wa13b1 5.242365120
27 F: N6 — N Wagho 15.774371200 62 Turb: N3 — Npp Wa13p2 2.942964090
28 F: Nag — Ny Waeb3 2.011805250 63 Turb: Na13 — Np3 Wa13b3 —1.860321380
29 F: Nag — Nips Wagba —1.672389470 64 Turb: N3 — Npg Wa13be 0.832442164
30 F: Na() - Nb5 Waebs —0.553722290 65 Turb: Na13 - Nb5 Wa13b5 —88.813789900
31 CaCOj3: N7 — Ny Warb1 0.660896767 66 Np; — Nep: UWQI Wh1cl —13.400521000
32 CaCOs: Noy — N, Waro 2.067449590 67 N2 — Nei: UWQI Wper —0.727690592
33 CaCOs5: Na7 — Nps Warp3 —1.458696030 68 Npz — Nei: UWQI Wh3el 2.101400190
34 CaCOj5: N7 — Npg Warpa 0.449065536 69 Nps — Ne: UWQI Whaet 4.811821750
35 CaCOs5: Na7 — Nps Warbs —0.678565159 70 Nps — Nei: UWQI Whscel 11.009186600

Notes: Source: Artificial neural network (ANN) model results generated using TIBCO Software Inc. [61]. The

channel weights and neuro-nodes listing correspond with the schematic model in Figure 6.
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Table 7. The bias constants suggested for the three-layer ANN-based model.
Bias Constants for the ANN-Based Model
Cod
ode Label Connection Link Bias Constant
1 bpy Bin — Np; —4.408752310
2 bpo Bin — N 4.751969010
3 bya Bin — Nig 8.234113700
4 bos Bin — Npg 0.359860840
5 bps Bin — Nps —2.506007710
6 ba Bout — UWQI —3.452418420

Note: Source: Artificial neural network (ANN) model results generated using TIBCO Software Inc. [61].

A dataset comprising 416 water quality samples was randomly divided into training,
testing, and validation data subsets using a proportional ratio of 70:15:15% [69]. Table 8
shows several data splitting ratios from the existing water quality literature [3,4,6,16,17,19—
21,66,68-72,81,83-88]; however, this research project adopted the default splitting ratio
suggested by the ANN software company TIBCO Software Inc. [61] upon testing the
effectiveness of various data splitting ratios indicated in the literature (Table 7).

Table 8. Available data splitting ratios applicable for artificial neural networks (ANNSs).

Data Splitting Data Splitting Ratios in Percentage (%)

Scheme Training Validation Testing Reference
1 80.00 10.00 10.00 [3,4,16,65]
2 75.00 15.00 15.00 [3]
3 70.00 10.00 20.00 [86]
4 70.00 15.00 15.00 [4,17,19,66,68-73,89]
5 65.00 15.00 20.00 [84]
6 60.00 20.00 20.00 [4,6,20]
7 60.00 15.00 25.00 [87]
5 50.00 25.00 25.00 [21,81,83,85,88]

Notes: Source: Gazzaz et al. [3]. The above-listed values designate the percentage relative to the splitting ratios
used for each study to create parameter data subsets for training, validation, and testing processes.

The training dataset was used during the network learning operation, whereas cross-
validation was performed utilising validation data samples. Cross-validation involves
defining when to terminate network training to prevent over-fitting challenges. Testing
datasets help achieve a reliable out-of-sample evaluation and determine a precise network
predictive error. Eventually, performance statistics were applied to assess the usefulness of
the Al-based WQI model. Various quantitative statistical factors were considered to estab-
lish the performance level of the neural networks and distinguish the finest optimal WQI
model. These statistics include correlation coefficient (R), coefficient of determination (R?),
mean absolute percentage error (MAPE), mean absolute error (MAE), root mean squared er-
ror (RMSE), and Nash-Sutcliffe efficiency (NSE) [3,6,8-10,15-17,19,24,65-67,72,77,78]. The
neural networks (NNs) having the minimal regression error and the leading performance
ratio for classification were retained [3]. Twenty ANN models were trained, and network
learning was stopped upon satisfying the specified termination criteria. Five NNs with
minimal prediction errors and the most significant classification ratio were retained, and
the performance statistics are presented in Table 9.

The artificial neural network model demonstrated a reasonably high degree of accu-
racy, recording an overall correlation coefficient (R) of 0.985 (p < 0.01) while having specific
R-values of 0.987, 0.992, and 0.977 for training, testing, and validation, respectively. The cor-
relation coefficient outlines the neural network’s estimation capacity, with ratings beyond
0.5 being acceptable and values close to 1.0 being the most desirable because they depict
superior models [66]. Accordingly, the current study accomplished satisfactorily high R-
values nearing 1.0, thus demonstrating exceptional performance levels and a well-balanced
neural network. The coefficient of determination (R?) explains the goodness-of-fit and the
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performance statistic R? corresponds with the Nash-Sutcliffe efficiency (NSE) [65], whereby
the finest optimal neural model is defined using the most significant value of R? vary-
ing between zero and one, where greater values nearing one are desirable [3,17,66,71,74].
Nonetheless, coefficient of determination values surpassing 0.5 are considered satisfactory
and acceptable. The suggested neural network has an NSE/R? value measuring 0.970,
implying that the Al-based model captures approximately 97% of variations of the observed
water quality records. The ANN model displayed an average target-to-output error rating
of £0.242, meaning that the proposed WQI model has sufficient predictive capabilities,
offering output scores identical to the target UWQ), registering minimum and maximum
WQI values of 75.995 and 94.420, respectively. Figures 7 and 8 indicate the relationship
between the target UWQI and ANN output WQL

Table 9. Performance statistics for the optimal MLP 13-5-1 model.

Performance Statistics

Ttem Statistical Attribute or Metrix Performance Ratings
1 MAE: mean absolute error 0.521
2 RMSE: root mean squared error 0.692
3 NSE: Nash-Sutcliffe efficiency 0.974
4 MAPE: mean absolute percentage error 0.600%
5 R: correlation coefficient 0.985
6 R2: coefficient of determination 0.970
7 MSE: mean squared error 0.479

Notes: Source: Artificial neural network (ANN) model results generated using TIBCO Software Inc. [61].
The performance ratings are classified as follows: 0.75 < NSE < 1 (excellent), 0.65 < NSE < 0.75 (good),
0.50 < NSE < 0.65 (satisfactory), NSE < 0.50 (unsatisfactory); MAPE < 10% (very accurate), 10 MAPE <
MAPE < 20% (good), 20 < MAPE < 50% (reasonable), MAPE > 50% (inaccurate); and R? > 0.50 (acceptable)
[3,4,66,67,74,79].

ANN WQI (Output) ---&---Y - Trendline

ANN WQI (Output)
kS

70 72 74 76 78 80 82 84 86 88 90 92 94 96 98 100
UWQI (Target)

Figure 7. A scatter plot displaying ANN-based model validation results and demonstrating the
relationship between the target UWQI scores and the equivalent ANN model estimations. The plot
diagram indicates that the suggested ANN model achieved a sensible approximation throughout the
spectrum of the UWQI scores. The overall agreement between the measured and simulated WQI
ratings is satisfactory, having the following statistics: R of 0.985, p < 0.01; R? of 97%; NSE of 0.970,
RMSE of 0.692, MAPE of 0.600%, and n equal to 416. Source: Artificial neural network (ANN) model
results generated using TIBCO Software Inc. [61].

Furthermore, the study measured the root mean squared error (RMSE) and mean
absolute error (MAE) statistics, having ratings of 0.693 and 0.521, respectively. RMSE and
MAE are standard quantitative performance statistics that evaluate the model’s estima-
tion abilities and the matrices extending from zero to infinite figures. These performance
evaluators are negatively oriented numbers, meaning smaller values are more appropri-
ate, indicating superior predictive models [66,71]. The Al-based WQI model registered
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a mean absolute percentage error (MAPE) of 0.600%, confirming the suggested neural
network has high accuracy (see ratings in Table 9). MAPE describes the model’s accuracy
as a percentage, where zero depicts an excellent fit. MAPE has no maximum limit, but
estimation tools with MAPE ratings exceeding 50% are considered unreliable [66]. Consid-
ering these performance evaluators, the suggested ANN-based WQI model is robust and
scientifically balanced.

Residuals/Errors

ANN Output - 2. MLP 13-5-1 UWQI Target

100 } 4 t t $ t } 4 t 4 } + b 4 t 4 - 45
- 40
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Prediction error (Unitless)

50 } } f } ! } } . } " f } } " } ' L 5
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Observed water quality samples (Test periods) [1, 2, ..., n]

Figure 8. Comparing the universal water index scores (target UWQI) and artificial neural network
WOQI values (ANN output) including prediction error margins. Source: Artificial neural network
(ANN) model results generated using TIBCO Software Inc. [61].

3.3. Sensitivity Analysis

Sensitivity analysis (SA) effectively evaluates essential factors contributing to the output
scores and assesses the interrelationship among parameters in multivariable datasets [15,90].
SA allows for proper apportion of the uncertainty in outputs to the variability of the input
variables over their entire domain of interest. The analysis explains the input parameter that
contributes the most toward specific output patterns.

Global sensitivity analysis involves different input factors being altered simultaneously,
while sensitivity is evaluated over the full range of the input factors. The sensitivity analysis
measures the influence of network inputs and their effect on the network output [91]. The
approach best fits non-linear input-to-output relationships; even more significantly, the
method is more feasible considering that the strategy allows the impact of all input variables
to be examined simultaneously without challenges [15,91]. Global sensitivity techniques
include the Monte Carlo-based regression-correlation indices, Fourier amplitude sensitivity
test (FAST), and Sobol’s sensitivity estimates. Respectively, the current research applied
the Fourier amplitude sensitivity test, and the FAST outcome shows that the suggested
artificial neural network is computationally robust and technically stable.

Furthermore, the study conducted a pointwise sensitivity analysis to examine the
local patterns and sensitivity at specific data points, thus explaining linkages between
the focal points and neighbours [90]. To better understand the usefulness of pointwise
analysis, the method assisted in outlining how water quality index scores are influenced
by a particular input variable, either positively or negatively. Furthermore, the pointwise
approach describes the parameters significantly influencing water quality indexing [90].
The reasoning is that considering the correlation between WQI values (y-variables) and
water quality indicators (x1, xy, . . ., x3), sensitivity analysis demonstrates the variation rate
of y-variables as x; fluctuates [90]. Each x-parameter is altered using an outlier factor to
determine anomalous local patterns that cannot comply with the global pattern. Pointwise
sensitivity analysis substantiated the soundness and analytical aptitude of the proposed
ANN-based WQI model.
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3.4. Assessing Spatial and Temporal Trends

Four-year water quality records from Umgeni Water Board (UWB) were evaluated
using the ANN WQI model to investigate spatial and temporal trends among the six moni-
toring stations (see Table 2). The spatiotemporal water quality patterns are documented in
Figures 8-10.
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Figure 9. Spatiotemporal water quality trends outlined using Umgeni data (2014 to 2018) and ANN
WOQI scores (a) Umgeni Catchment: Henley Dam, (b) Umdloti Catchment: Hazelmere Dam, (c¢) Um-
geni Catchment: Inanda Dam, (d) Umgeni Catchment: Midmar Dam, (e) Umzinto/Umuziwezinto
Catchment: Umzinto Dam, and (f) Nungwane Catchment: Nungwane Dam. Source: Artificial neural
network (ANN) model results generated using TIBCO Software Inc. [61].
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Figure 10. Four-year seasonal water quality variability for Umgeni water quality records (June 2014 to
July 2018). Source: Artificial neural network (ANN) model results generated using TIBCO Software
Inc. [61].
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Using WQI outputs from the proposed ANN WQI model, the index results show that
water quality within the four river basins can be categorised as Class 2 (acceptable). The
drainage region has a minimal index value measuring 76.64 (Class 2), which corresponds
to monitoring Station 3 for Inanda Dam within the Umgeni River basin. The lowest WQI
rating is influenced by high concentration levels of Chl-a and NOjs, having observed
parameter values of 19.50 mg/¢ and 1.31 mg/?, respectively. Monitoring Station 4, situated
at Midmar Dam within the Umgeni River basin, had the highest WQI value of 94.34 (Class
2) in April 2018 (Figures 9 and 10).

Excessive levels of NOj3 are observed during summertime, with anthropogenic activi-
ties being the possible source of pollution, primarily when considering the socioeconomic
operations around the water quality monitoring locations. As a common and naturally
forming ion, NOj is perceived as the most notable contaminant influencing river sys-
tems. When viewed independently, nitrate is a low-toxicity compound; however, when
transformed into nitrite (NO;), the parameter becomes progressively harmful to human
health and aquatic life. Hence, routine water quality monitoring becomes imperative, thus
continuously assessing water quality patterns over time and space is necessary to identify
alarming trends. Like NOjs, high turbidity levels are also evident during summertime
due to various sources, including decomposition of organic matter, soil erosion, algal
blooms, industrial effluent, wastewater, and reservoir drawdown flashing. When combined
with NOs, turbidity contributes substantially towards the deterioration of water quality
within the four river catchments. Chl-a concentration levels are impacted by eutrophication
caused by soluble nutrients originating from phosphorus and nitrogen compounds. These
enriching nutrients frequently emerge from human-based operations, including but not
limited to fertiliser runoff and wastewater discharge.

Assessing water quality trends for different catchment areas supports the objective of
developing water quality monitoring tools with widespread applications. The suggested
ANN-based WQI model is significant because it can simulate water quality index values
produced by the universal water quality index (UWQI) model (Figure 8). The similarity
between the UWQI ratings and ANN model values is exceptional, with both having similar
estimation patterns. Such predictive accuracy upholds the ability of the neural network
to appraise the health of surface water resources, examine spatiotemporal water quality
patterns, and identify alarming trends within the South African river catchments.

3.5. Index Categorisation Schema

The water quality index (WQI) ratings from the suggested artificial neural network
(ANN) are categorised using a five-class classification schema. The ranking criterion follows
an ascending scale identical to the ordinary percentage hierarchy. The mechanism better
explains the index categorisation schema (water classification scale), specifically for non-
technical people. Like the techniques applied by Abrahao et al. [92], Rubio-Arias et al. [93],
Rabee et al. [94], and Sutadian et al. [95], appropriate mathematical functions with logical

linguistic descriptors such as “less than”, “equal to”, and “greater than” are designated to
each categorisation class. Table 10 and Figure 11 represent the index categorisation schema.

Table 10. Index score classification for evaluating WQI ratings from the proposed artificial neural
network model for appraising South African river basins.

Index Classification System

Identity
Identification of Rank and Class Index Score
Class 1—Good water quality
1 Water quality is protected with a virtual absence of threat or impairment; conditions 95 < Index < 100

very close to natural or pristine levels
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Table 10. Cont.
Index Classification System
Identity
Identification of Rank and Class Index Score
Class 2—Acceptable water quality
2 Water quality is usually protected with only a minor degree of threat or impairment; 75 < Index < 95
conditions rarely depart from natural or desirable levels
Class 3—Regular water quality
3 Water quality is usually protected but occasionally threatened or impaired; conditions 50 < Index <75
sometimes depart from natural or desirable levels
Class 4—Bad water quality
4 Water quality is frequently threatened or impaired; conditions often depart from natural 25 < Index < 50
or desirable levels
Class 5—Very bad water quality
5 Water quality is almost always threatened or impaired; conditions usually depart from 0 <Index <25

natural or desirable levels

Notes: Source: Banda and Kumarasamy [25,27]. Class 1 index scores (good water quality) are only attainable when
all water quality indicators are within permissible limits virtually all the time.

if function { } ( \
Grading function (If, ..., then, statements) @ Out (C;) Out (R,)
In (WQU)
r'y
else, if function { }
@ Out (C;) Out(Ry) [—»
Class 1, i 95 <x < 100 In (WQI)

LY

Class 2,if 75<x <95

Action signals (1, 2, 3, ..., 5)

flx)=— Class3,if50<x<75
h 2

Class 4,if 25 <x <50

Input (WQI: scale of 0 — 100)

example: Class 1 - Good water quality

conditions very close to natural or pristine levels

Water quality is protected with a virtual absence of threat or impairment;

Final water classification, ranking and description of water quality; for

In (WQI)
Class 5, otherwise @ Out (C;) Out (Rs) [
_ else, if function { }
In (WQI)
* Out (C;) Out (R,)
flow of information else, if function { }
L >
A J
In (WQI)
‘ Out(C;) Out(R)
otherwise { } \ /

Action subsystem operators (class, ranking & colour coding)

Figure 11. Index categorisation schema containing classification sub-schema and action blocks based
on logical linguistic descriptors, where Class 1 index scores (excellent) are only attainable when
all water quality indicators are within permissible limits virtually all the time. The water quality
classification system follows the “green-yellow-red” colour gradient, consistent with applicable water
quality categories ranging from good water quality (Class 1) to very bad water quality (Class 5).
Source: Banda and Kumarasamy [25,27]; a redraft of the index categorisation schema proposed by
Banda [56].

Under these conditions, the classification scale can accommodate every possible sce-
nario and rank all index scores irrespective of the decimal value. More significantly, the
proposed water classification scale helps close gaps identified in the literature and presents
a progressive approach that will contribute considerably towards developing water quality
indices (WQIs). Such academic and technical contributions indicate the model’s efficiency
and contribute to the success of the research study.
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4. Conclusions

Comparable with statistically developed models, neural networks are established
using the target (dependent) variables; consequently, their estimation accuracy and reliabil-
ity rely upon the performance levels of the parent model responsible for outputting the
target variables. Without due diligence, challenges originating from the primary (founding)
model might be carried forward and impact the latter (newer) model. In this case, index
values generated by the universal water quality index (UWQI) and water quality records
from Umgeni were applied to develop an interconnected neural network model. The
dataset comprises 416 water quality samples with thirteen indicators observed monthly
in six different monitoring locations for a period exceeding four years. The UWQI scores
depict the target or dependent variables, and the Umgeni water quality parameters signify
the explanatory or independent variables for developing the ANN.

The computational capabilities of artificial intelligence (AI) algorithms in appraising
spatiotemporal water quality trends were investigated. The current study suggests a three-
layer parallel-distributed feed-forward neural network model for monitoring long-term
spatial and temporal water quality fluctuations within South African river systems. The
ANN model demonstrated a comparatively high degree of accuracy, having an overall
correlation coefficient (R) and coefficient of determination (R?) measuring 0.985 and 0.970,
respectively. Furthermore, the R-values obtained are satisfactory, indicating higher predic-
tive performance and a scientifically stable and well-defined neural network. The research
findings suggest that artificial neural networks (ANNSs) are robust and practical analytical
tools for assessing surface water quality.

The results further exhibit the appropriateness of modelling ANNSs as a powerful
alternative to conventional and statistical modelling techniques, thereby satisfying the
research hypothesis, which states that: “the ANN model should be more robust and
scientifically stable, with better predictive performance than traditional WQI models”.
Accordingly, the study encourages water resources professionals and scientists to consider
neural networks to be an extensive and remarkably effective approach for assessing water
quality patterns. Against this background, artificial neural networks are recommended
for routine monitoring of surface water resources. Hopefully, the study will provide
meaningful contributions and a valuable platform for applying artificial neural networks.
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