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We over view se lected ar ti fi cial in tel li gence meth ods used in re search on wa ter sys tems, spe cif i cally ar ti fi cial neu ral net works 
(ANN), adap tive neuro-fuzzy in fer ence sys tems (ANFIS), ge netic pro gram ming (GP) and sup port vec tor ma chine (SVM)
meth ods. Each method is char ac ter ized and the most ef fec tive ways of us ing these meth ods are dis cussed. These meth ods
prove widely use ful in fore cast ing changes in se lected sur face and ground wa ter qual ity pa ram e ters, fore cast ing sew age net -
work fail ures, as sess ing wa ter treat ment op tions, cli mate mon i tor ing, drought de tec tion and en vi ron men tal is sues for farm -
ers and pro duc ers. Pub lished stud ies show that ar ti fi cial in tel li gence meth ods should be used in the anal y sis of wa ter
sys tems, es pe cially since ar ti fi cial in tel li gence now ap pears in search re sults for over 60,000 en vi ron men tal ar ti cles.
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INTRODUCTION

Cli mate change-re lated de te ri o ra tion in the qual ity of in di -
vid ual en vi ron men tal fac tors, pop u la tion growth and in creased
waste pro duc tion have led to the need to cre ate so-called smart
cit ies (Zhang et al., 2019; Sardella et al., 2020; Laino and
Iglesias, 2023). Such so lu tions have many ad van tages, but
their im ple men ta tion re quires the use of mod ern tech ni cal so lu -
tions, ap pro pri ate pol i cies, the func tion ing of a ra tio nal econ omy 
and an ed u cated so ci ety to op er ate ap pro pri ate de vices
(Govindan, 2023).

Al most 80% of the Eu ro pean pop u la tion lives in cit ies
(Antrop, 2004), and es ti mates sug gest that there may be as
much as 35–60% more city dwell ers over the next ten years
(Melchiorri et al., 2018). The chal lenge is to en sure the safety
and high qual ity of city ser vices (Bibri et al., 2023).

One so lu tion to the prob lem seems to be the Internet of
Things, aimed at en sur ing the de liv ery of in tel li gent ser vices, in -
tel li gent ana lyt ics and re li able com mu ni ca tion (Strohbach et al.,
2015; Cui et al., 2018). The Internet of Things in volves the co -
op er a tion of sen sors and ac tu a tors to col lect data and an a lyze it 
(Alaa et al., 2017). The im pact of ar ti fi cial in tel li gence on sys -
tems and ac tiv i ties in ur ban space is con stantly grow ing (Batty,
2018). The in creas ing amount of data ob tained from var i ous
types of sen sors also in creases com pu ta tional pos si bil i ties
(Yigitcanlar et al., 2021).

The huge amount of data gen er ated and pro cessed has
forced a con nec tion be tween ar ti fi cial in tel li gence meth ods and

Internet of Things so lu tions. This com bi na tion fa cil i tates in tel li -
gent and ef fi cient data pro cess ing and anal y sis (Seng et al.,
2022). The Internet of Things en hanced by ar ti fi cial in tel li gence
al go rithms can al low for en vi ron men tal sustainability, cli mate
change mon i tor ing and se cu rity.

One of the ar eas where it is pos si ble to use ar ti fi cial in tel li -
gence con nected to the Internet is ur ban wa ter sys tems.
Changes in wa ter cir cu la tion sys tems in cit ies are a con se -
quence of ur ban iza tion and cli mate change. Low in fil tra tion of
rain wa ter causes the for ma tion of “ur ban sew age”, de grad ing the 
en vi ron ment, while ex treme weather phe nom ena pose even
greater threats (Ruangpan et al., 2020). Man ag ing wa ter re -
sources in ur ban space now a days is a prob lem set in the con text
of re stor ing and main tain ing the wa ter cy cle (Larsen et al., 2016;
Langergraber et al., 2021). The need to pro vide high- qual ity wa -
ter in the quan tity re quired to sup ply the pop u la tion re quires con -
sid er able re sources (Oral et al., 2021). More over, wa ter re -
sources may be also at risk due to patho gens, nu tri ents, and
heavy met als that mi grate into the aqui fer, e.g. from land fill
leachates (Li et al., 2012; Xiao et al., 2021; Turan et al., 2022).

In this con text, par tic u lar at ten tion should be paid to the
mon i tor ing of the qual ity (Niel sen, 2006; Quevauviller et al.,
2009; Singh et al., 2015) and quan tity of ground wa ter as well as
the need for wa ter dis in fec tion and re use (Hachoumi et al.,
2021). An im por tant is sue in the pro tec tion of wa ter re sources is 
the need to con duct ra tio nal waste man age ment (Chrysikou et
al., 2007; Bates, 2014; Kong et al., 2016). In or der to mon i tor
wa ter qual ity, limit the neg a tive ef fects of ex treme events such
as floods, con trol the wa ter re gime, and en sure wa ter qual ity in
ur ban wa ter sys tems, it has be come nec es sary to in stall sen -
sors and use ar ti fi cial in tel li gence for data anal y sis (Schmitt et
al., 2004).

Due to their sim plic ity and ac cept able re sults, ar ti fi cial in tel li -
gence meth ods per form much better in terms of ef fi ciency and
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fore cast ac cu racy than other con cep tual meth ods. These meth -
ods are not with out draw backs, such as the pos si bil ity of over -
train ing or tak ing into ac count in ap pro pri ate data sets, but they
are widely used around the world. Ma chine learn ing al lows sys -
tems to learn di rectly from data, ex am ples and ex pe ri ence with -
out pre de fined rules and does not re quire knowl edge of all pro -
cesses oc cur ring in the en vi ron ment (Nourani et al., 2008;
2015; But ler et al., 2016).

Ma chine Learn ing al go rithms are di vided into two main
groups: su per vised and un su per vised learn ing. The first group
uses a train ing set of ex am ples with cor rect re sponses, and the
sec ond one iden ti fies sim i lar i ties be tween in puts and groups
them (Hastie et al., 2009).

Here, we re view and com pare the ap pli ca tion of ar ti fi cial in -
tel li gence meth ods in ur ban wa ter sys tems so lu tions: spe cif i -
cally, neu ral net works (ANNs), adap tive neuro-fuzzy in fer ence
sys tems (ANFIS), ge netic pro gram ming (GP) and sup port vec -
tor ma chine (SVM) meth ods. Each of these meth ods used in
ur ban wa ter sys tems so lu tions is char ac ter ized. The num ber of
so lu tions us ing ar ti fi cial in tel li gence meth ods is con stantly
grow ing and is pro vid ing huge ad van tages over tra di tional
meth ods of en vi ron men tal man age ment. Se lec tion of ma te rial
for the prep a ra tion of this ar ti cle was based on a re view of cur -
rent prob lems re lated to the func tion ing of wa ter sys tems, on
the pos si bil ity of us ing soft ware such as Matlab or the Py thon
pro gram ming lan guage to cre ate mod els, and on the tim ing of
pub li ca tion of rel e vant ar ti cles. The use of so-called deep learn -
ing for wa ter sys tems, how ever, is not as de vel oped as clas sic
ar ti fi cial in tel li gence meth ods, hence the cur rent study fo cuses
on the meth ods used.

METHODS

ARTIFICIAL NEURAL NETWORKS (ANNs)

An ANN is a com puter pro gram whose task is to model the
hu man brain and its abil ity to learn tasks at var i ous lev els of
com plex ity (Kisi, 2004, 2011). This sys tem is not rule-based like 
an ex pert sys tem. An ANN is a math e mat i cal tech nique that
has some sim i lar i ties to the hu man brain due to its abil ity to

learn and gen er al ize (But ler et al., 2013). Both bi o log i cal and ar -
ti fi cial neu ral net works use pro cess ing el e ments, i.e. neu rons.
Al go rith mic func tions and learn ing rules, used to mod ify the
weights in the net work in an or derly man ner, also play an im por -
tant role here. Neu ral net works can be used to ap prox i mate fea -
tures that are un known, and can cause noisy time se ries val ues
to emerge from prior val ues. ANNs con sist of pro cess ing el e -
ments, i.e. neu rons, and the con nec tions be tween them. Net -
work ar chi tec ture usu ally dis tin guishes three sep a rate lay ers,
i.e. in put, hid den and out put lay ers. The in put layer con tains in -
put vari ables re lated to the vari ables ana lysed. In the hid den
and out put lay ers, each neu ron passes weighted and bi ased in -
puts through the de sired trans fer (ac ti va tion) func tion to pro -
duce an out put. The gen eral ar chi tec ture of an ANN is shown in
Fig ure 1.

Due to the fact that ANNs are pri mar ily used for fore cast ing,
they have found many ap pli ca tions in en vi ron men tal re search
(Abrahart et al., 2012). Some of these ap pli ca tions con cern hy -
drol ogy and hydrogeology (Dawson and Wilby, 2001; Feng et
al., 2008; Nourani et al., 2008; Razavi and Araghinejad, 2009;
Taormina et al., 2012; Wu et al., 2014). The pos si bil i ties of us -
ing ANNs are cur rently in creas ing also in in dus try due to the
lower costs of mea sur ing de vices, sen sors and data avail abil ity.

Neu ral net works in mod el ing can func tion as sur ro gate
mod els that can re place sim u la tion mod els (Broad et al., 2015).
Multi-layer perceptron (MLP) ANNs are the most com monly
used types of net works in the field of fore cast ing (Maier et al.,
2010). A MLP rep re sents a typ i cal ANN ar chi tec ture. Af ter com -
put ing the weighted sum of its in puts, each node in the net work
feeds this sum into a non lin ear ac ti va tion func tion so that it can
be used to gen er ate an out put. These net works can learn com -
plex re la tion ships be tween in puts and out puts, which can be
trained us ing back-prop a ga tion al go rithms that ad just the net -
work’s weights to min i mize the er ror be tween pre dicted and ac -
tual out puts (Venkatesan and Anitha, 2006).

Re cur rent neu ral net works (RNNs) are neu ral net works de -
signed to de scribe func tions and in crease per for mance through 
feed back con nec tions, that is, pass ing the re sults of the hid den
layer back to it self (Sameen et al., 2019). They are more func -
tional and tech ni cally ac cept able than for ward net works. Ra dial
ba sis func tion (RBF) net works also work with feed back, but
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Fig. 1. Ar chi tec ture of ANNs
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they only have one hid den layer. These net works are char ac ter -
ized by high ap prox i ma tion ac cu racy and high con ver gence
speed. An RBF uses a Gaussi an trans fer func tion and stan dard 
Eu clid ean dis tance to mea sure the dis tance of the in put vec tor
from a cen tre vec tor (Song and Li, 2011). A spe cial type of ANN
com prises self-or ga niz ing map net works (SOM), which con sist
of one in put layer and one out put layer called the “Kohonen”
layer (Boniecki et al., 2004). The in put layer is con nected to the
out put layer for this ar chi tec ture. These net works map the
high-di men sional in put space to a low-di men sional space.

ADAPTIVE NEURO-FUZZY INFERENCE SYSTEMS

An adap tive neuro-fuzzy in fer ence sys tem is a com bi na tion
of an adap tive neu ral net work and fuzzy logic prin ci ples (FIS).
Jang (1993) in tro duced the ar chi tec ture to gether with a learn ing 
pro ce dure for this method to sim u late non lin ear func tions, de -
ter mine non lin ear com po nents, and pre dict clut tered time se -
ries (Fazilat et al., 2012; Safa et al., 2016). The FIS works as in -
put-out put map ping that has a learn ing ca pa bil ity to ap prox i -
mate non lin ear func tions. There are two ap proaches to a FIS:
Mamdani and Sugeno. The first one uses fuzzy mem ber ship
func tions, while the sec ond ap proach uses lin ear or con stant
fuzzy logics.

An ANFIS is a five-layer feed-for ward net work to cre ate a
hy brid model ca pa ble of prac ti cal fit and ef fi cient per for mance
where all nodes are adap tive in the first and fourth lay ers.
Non-adap tive nodes ex ist in the other lay ers. The nodes in the
sec ond layer are fixed nodes whose func tions are mul ti plied by
in put sig nals to gen er ate an out put sig nal. There are fixed
nodes with a func tion in the third layer to cal cu late the ra tio of
each node’s strength to the sum. There are four fixed nodes in
the fifth layer with a node func tion to cal cu late the to tal out put.
An ANFIS uses a unique al go rithm known as a hy brid-learn ing
al go rithm which breaks down into gra di ent de scent method and

least-squares method to up date the pa ram e ters (Wang et al.,
2009). A gen eral ANFIS ar chi tec ture is shown in Fig ure 2.

GENETIC PROGRAMMING

A Ge netic Al go rithm is a pop u la tion-based op ti mi za tion al -
go rithm that re sem bles nat u ral evo lu tion the o ries in spired by
Dar win ian con cepts. A Ge netic Al go rithm uses re pro duc tion,
se lec tion, cross over, and mu ta tion to dis cover better so lu tions
to a given prob lem that has a ran dom start ing set of so lu tions.
Ge netic pro gram ming is a gen er al iza tion of the ge netic al go -
rithm. The Ge netic Al go rithm op er ates in a straight for ward way
in spired by the mu ta tion-se lec tion pro cess. A Ge netic Pro gram
(GP) con sid ers an ini tial pop u la tion of ran domly gen er ated
equa tions. There are ran dom vari ables, num bers and func tions
in the al go rithm scheme (Li et al., 2023). So lu tions are rep re -
sented in bi nary code as strings of 0 or 1. Evo lu tion hap pens
across gen er a tions. In each gen er a tion, the fit ness of each in di -
vid ual in the pop u la tion is eval u ated. The al go rithm ter mi nates
when a max i mum num ber of gen er a tions have been pro duced.
The root mean squared er ror be tween fore casted and ob -
served data is used as the fit ness func tion. A GP gen er ates an
ini tial pop u la tion of ran dom com puter pro grams com posed of
prim i tive func tions and prob lem ter mi nals. Then it iteratively
per forms gen er a tions by ex e cut ing each pro gram in the pop u la -
tion, de ter min ing its use ful ness, cre at ing a new gen er a tion, and 
copy ing the se lected pro gram to the pop u la tion. Ul ti mately, the
al go rithm se lects the best so lu tion (Shiri et al., 2013). A gen eral
flowchart of the al go rithm is shown in Fig ure 3.

SUPPORT VECTOR MACHINE (SVM)

An SVM is a sta tis ti cal ma chine learn ing the ory that was
cre ated by Alexey Chervonenkis and Vladi mir Vapnik in 1963
(Ebrahimi and Rajaee,  2017). The Sup port Vec tor Ma chine al -
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Fig. 2. ANFIS gen eral ar chi tec ture
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go rithm is in tended for re gres sion and clas si fi ca tion prob lems.
The in put vec tors sup port ing the model struc ture are se lected
through a model train ing pro cess (Ebrahimi and Rajaee,  2017). 
An SVM con structs hy per-planes in an in fi nite di men sional
space which sep a rates n-di men sional space into var i ous
classes, mak ing it easy to place a dif fer ent point in the ap pro pri -
ate cat e gory. The map ping schemes are de signed to en sure
that dot prod ucts may be com puted eas ily. There are two types
of SVM: a lin ear type SVM al go rithm is use ful in cases where
the data set can be di vided into two classes sep a rated by a sin -
gle straight line and a non-lin ear type SVM, which is use ful in
cases where the data set can not be di vided into classes us ing a 
straight line.

The qual ity of clas si fi ca tion is de ter mined by the hyperplane 
of the SVM al go rithm. It is the best pos si ble de ci sion bound ary,

among var i ous pos si ble de ci sion bound aries, that ac cu rately
clas si fies classes in n-di men sional space. A hyperplane is pre -
ferred where the dis tance be tween two data points is max i mum. 
In terms of an SVM, sup port vec tors are also dis tin guished, i.e.
the clos est data in di ca tors in flu enc ing the po si tion of the
hyperplane (Bansal et al., 2020). Note that this method works
best where there is a clear sep a ra tion be tween classes in
high-di men sional spaces. It is im por tant that the num ber of
sam ple val ues is greater than the num ber of spaces (Vapnik,
1998). The over all ar chi tec ture of the SVM is shown in Fig ure 4.

APPLICATIONS OF SELECTED METHODS

ARTIFICIAL NEURAL NETWORK

The use of ar ti fi cial neu ral net works may be a prom is ing al -
ter na tive to clas si cal sta tis ti cal meth ods. The wa ter sup ply net -
work in the north of France was de scribed by Jafar et al.
(2010).The da ta base was built by col lect ing avail able data on
his tor i cal fail ures, pipe char ac ter is tics, hy drau lic pres sure, soil
type, and pipe lo ca tions. The da ta base in cludes 4,862 wa ter
sup ply net works, in which 424 fail ures were re corded dur ing the 
ob ser va tion pe riod. Based on the ini tial da ta base anal y sis, six
ANN mod els were es tab lished. They are clas si fied ac cord ing to
in put in di ca tors: three ma te rial lay ers (plas tic, ce ment and me -
tal lic), two lay ers of the num ber of fail ures (low, high) and the
global model. The model was sub jected to two cal i bra tions. 
Data from 1991–1999 were used for cal i bra tion, and data from
2001–2004 were used to val i date the ANN model. The av er age
squared er ror (ASE) sys tem was used to cal cu late both train ing
and test pat terns. The per for mance of ANN mod els is as sessed 
by com par ing tar get and pre dicted val ues. The high est abil ity to
pre dict ANN fail ures was ob tained for the “High-Fail” model and
the low est for the AMC model, which may be due to the smaller
da ta base. The study in di cates that ANNs can be ef fec tively
used to de velop in vest ment strat e gies for the main te nance and
ren o va tion of ur ban wa ter net works.

The ef fec tive ness of ANNs in as sess ing the ef fi ciency of
mu nic i pal wastewater treat ment was de scribed by Ghosh et al.
(2021), who dis cussed the wa ter qual ity pa ram e ters of bio -
chem i cal ox y gen de mand (BOD) and chem i cal ox y gen de mand 
(COD). Four im por tant pre dic tor vari ables such as in let con cen -
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Fig. 3. The gen eral flowchart of GA

Fig. 4. The gen eral ar chi tec ture of an SVM
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tra tion, plant den sity, hy drau lic re ten tion time and pH value
were ana lysed from sec ond ary sources of lab o ra tory ex per i -
ments that were con ducted around the world. For BOD, af ter re -
mov ing re dun dant data, the set con tains 85 in puts. For COD,
with the same im prove ments, the dataset con tains 84 in puts. In
to tal, data came from 12 ex per i ments cov er ing BOD and COD
remediation vari ables in wastewater. The model proved ef fec -
tive de spite data from dif fer ent wastewater me dia, plant den si -
ties, pH and re ten tion times in dif fer ent cli mate zones. The pre -
dic tive model will en able ur ban policymakers, ur ban plan ners,
and wa ter man ag ers to pre dict the wastewater remediation po -
ten tial of any ur ban wa ter body in or der to make in formed
wastewater de ci sions.

Neu ral net works have also been used in re search on de -
tect ing land cover changes and pre dict ing ur ban de vel op ment
(Al-Dousari et al., 2023). They ex am ined the ef fec tive ness of
ran dom for est (RF) clas si fi ca tion based on ma chine learn ing in
mon i tor ing land cover classes for 2016 and 2021 for the Ku wait
met ro pol i tan re gion. In the first part, spa tial-tem po ral Land Use
Land Cover (LULC) maps were de vel oped based on re mote
sens ing data. Then, his tor i cal (2016) and cur rent (2021) LULC
data, fu ture (2026) LULC pat terns and ur ban de vel op ment
changes were as sessed us ing the multilayer perceptron neu ral
net work Markov chain model. The ac cu racy as sess ment of the
spa tial de vel op ment maps ob tained reached lev els of 93.6%
and 95.3%. The value of the kappa co ef fi cient was 0.86 (for
2016) and 0.93 (for 2021). The re sults showed an 11% in crease 
in built-up area. The over all fore cast ac cu racy was 83.6%. De -
vel op ment was ex pected to in crease by 15% be tween 2021 and 
2026. The re sults of the re search con ducted by Al-Dousari et al. 
(2023) show that MLPNN tech niques com bined with re mote
sens ing and geo graphic in for ma tion sys tems can be used to
de ter mine land cover and pre dict ur ban growth while achiev ing
high ac cu racy and pre ci sion.

Selim et al. (2023) de scribed a pre dic tive model for dis -
solved ox y gen in a city lake. They used typ i cal wa ter qual ity pa -
ram e ters: tem per a ture, pH, con duc tiv ity and ox i da tion-re duc -
tion po ten tial (ORP) for Hatirjheel Lake in Dhaka. Data was col -
lected us ing three stan dard real-time sen sors such as an op ti cal 
sen sor for dis solved ox y gen, an in duc tive con duc tiv ity sen sor
for sa lin ity, con duc tiv ity and tem per a ture data and a pH sen sor
for pH. The cor re la tion study showed a pos i tive lin ear cor re la -
tion for pH, tem per a ture, sa lin ity and con duc tiv ity, and the
model was cor rob o rated by an R-score of 0.687 and
root-mean-square er ror of 0.834. An ANN method was de vel -
oped us ing the Levenberg-Marquardt al go rithm. The per for -
mance of the mod els was ver i fied, and the R2 ac cu racy was
0.963 for MLR and 0.93 for ANN. The ANN model per formed
better than the re gres sion model. This sug gests that AI is more
ef fi cient rel a tive to the lin ear model. How ever, the net work
model val i da tion pro cess re sulted in a lower value of R2 = 0.80,
high light ing the im por tance of fur ther val i da tion and re fine ment
to im prove model per for mance.

An other ex am ple of the use of ar ti fi cial in tel li gence is mon i -
tor ing wa ter qual ity in rivers in China (Chen et al., 2023). This
study pro posed a multi-source re mote sens ing wa ter qual ity in -
ver sion method, solv ing the prob lem of scale in con sis tency of
multi-source re mote sens ing data. The con cen tra tions of chlo -
ro phyll a (Chla), ni tro gen (NH3-N) and turbidites (TUB) in the
Nanfei River were used as ex per i men tal in di ca tors. A novel
self-op ti miz ing ma chine learn ing mon i tor ing method was pro -
posed that could au to mat i cally find op ti mal model pa ram e ters
based on a small num ber of sam ples and re duced train ing time. 
To in crease the cor re la tion be tween wa ter qual ity pa ram e ters
and re mote sens ing data, a fea ture im prove ment method was
used. Then, to solve the prob lem of the quan tity and qual ity of

data com ing from mul ti ple sources, a spa tial map ping method
was used to ob tain con sis tency of wa ter qual ity in for ma tion.
The re sults showed that for un manned ae rial ve hi cle (UAV) im -
ages, the R2 of Chla, TUB and am mo nium NH3-N can achieve
ac cu ra cies of 0.917, 0.877, and 0.846, re spec tively. Us ing sat -
el lite im ag ery, R2 for Chla, TUB, and NH3-N can achieve ac cu -
ra cies of 0.827, 0.679, and 0.779, re spec tively. The main re sult
was that the method used pro vides a new way of mon i tor ing the 
air and ground space of ur ban in land rivers.

These re sults in di cate that ANN mod els have wider ap pli ca -
tions than tra di tional re gres sion mod els. An im por tant is sue in
ob tain ing the best pos si ble model per for mance re sults is the
ad just ment of the trans fer func tion, learn ing al go rithm and net -
work ar chi tec ture.

ANFIS

The evo lu tion ary al go rithm (EA) is a new tech nique to im -
prove the per for mance of ar ti fi cial in tel li gence mod els such as
ANFIS and ANN. Azad et al. (2019) in ves ti gated the ap pli ca bil -
ity of ANFIS with par ti cle swarm op ti mi za tion (PSO) and ant col -
ony op ti mi za tion for ad ja cent do mains (ACOR) to es ti mate wa -
ter qual ity pa ram e ters in three sta tions along the Zayandehrood 
River in Iran. This study also com pared the ANFIS-PSO and
ANFIS-ACOR meth ods with the clas sic ANFIS method, which
uses least squares and gra di ent de scent as train ing al go rithms. 
Wa ter qual ity pa ram e ters in this study in cluded elec tri cal con -
duc tiv ity (EC), to tal dis solved sol ids (TDS), so dium ad sorp tion
rate (SAR), car bon ate hard ness (CH), and to tal hard ness (TH).
The anal y sis of the re sults ob tained re sults showed that SAR
and CH were the two pa ram e ters whose es ti ma tion was the
most ac cu rate. The ANFIS-PSO model is a better model than
the ANFIS-ACOR. EA mod els could im prove the per for mance
of ANFIS at all three sta tions for dif fer ent wa ter qual ity pa ram e -
ters.

Air tem per a ture in for ma tion can pro vide farm ers and food
pro duc ers with knowl edge on cli mate mon i tor ing, drought de -
tec tion and en vi ron men tal is sues. The use of ANFIS for such
mon i tor ing was de scribed by Karthika and Deka (2015). The
study used me te o ro log i cal data and air pol lu tion (SO2) data ob -
served at Bhadra sta tion for air tem per a ture fore casts us ing a
new hy brid method (wave let-ANFIS). Data from the finely dis -
trib uted wave let subseries were used as in put to ANFIS. The
hy brid wave let-ANFIS method (Gauss af fil i a tion), the hy brid
wave let-ANFIS method (Gbell af fil i a tion) and the ANFIS
method were com pared. The hy brid wave let-ANFIS method
(Gaussi an af fil i a tion) shows a co ef fi cient of de ter mi na tion (R2)
of 0.95 and RMSE of 0.74, which is better than the other two
meth ods. The study shows that the hy brid model (Wave -
let-ANFIS) has a greater po ten tial to pre dict air tem per a ture
than the ANFIS model.

Drink ing wa ter sources may be con tam i nated with var i ous
sub stances de pend ing on geo log i cal con di tions and ag ri cul -
tural, in dus trial and other hu man ac tiv i ties (RadFard et al.,
2019). The qual ity of drink ing ground wa ter in vil lages of
Bardascan and de ter mi na tion of the wa ter qual ity in dex were
as sessed. Wa ter sam ples were taken from 30 vil lages and
eigh teen pa ram e ters were de ter mined, in clud ing: cal cium hard -
ness, to tal hard ness, tur bid ity, pH, tem per a ture, to tal dis solved
sub stances, elec tri cal con duc tiv ity, al ka lin ity, mag ne sium, cal -
cium, po tas sium, so dium, sul fates, bi car bon ates, flu o rides, ni -
trates, ni trites and chlo rides. The ground wa ter qual ity in dex
was es ti mated us ing the ANFIS method. Spa tial lo ca tions were
de scribed us ing GPS. The re sults of this study showed that wa -
ter hard ness, elec tri cal con duc tiv ity, so dium, and sul fate in 66,
13, 45 and 12.5% of sur veyed vil lages, re spec tively, were
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higher than Ira nian drink ing wa ter stan dards. Based on drink ing 
wa ter qual ity, 3.3, 60, 23.3 and 13.3% of vil lages were rated as
ex cel lent, good, poor and very poor, re spec tively. The re search
showed that reg u lar mon i tor ing is nec es sary to en sure con sum -
ers have safe drink ing wa ter at op ti mal lev els, con sis tent with
WHO and na tional lim its, es pe cially in vil lages with poor and
very poor wa ter qual ity sta tus.

Suparta et al. (2020) dem on strated that floods limit the de -
vel op ment of cit ies and may also pose a threat to life and prop -
erty. Monthly rain fall in south ern Tangerang, In do ne sia, was
pre dicted with an av er age test suc cess rate of ~80%. This tech -
nique used 6 years of his tor i cal rain fall data to pre dict fu ture
rain fall, with the map ping func tion in the 1950s for train ing and
test ing pur poses be ing 4:2, giv ing the best fore cast re sults. In
this ANFIS tech nique, a time se ries con tain ing no num bers or
be ing empty (no data) will have a dis ad van tage in terms of
ANFIS ca pa bil i ties. Char ac ter is tics of the data that are highly
vari able or very ex treme will also yield low pre dic tive scores.
Since 10 years of his tor i cal, year-long rain fall data are not avail -
able, it was con cluded that fu ture stud ies should pre dict rain fall
amounts us ing other pa ram e ters that are closely cor re lated,
such as sur face tem per a ture, rel a tive hu mid ity and wind speed. 
Fur ther anal y sis will also in clude cat e go ries of rain fall that have
the po ten tial to trig ger flash floods, in clud ing ur ban floods af -
fect ing ar eas where there is rapid hous ing de vel op ment or the
con ver sion of mar ginal ar eas to res i den tial ar eas.

In an other study, MLR, ANN, ANFIS tech niques were de -
vel oped to pre dict dis solved ox y gen con cen tra tion in the lower
reaches of the Agra River (Abba et al., 2017). For this pur pose,
monthly in put data were used which in cluded dis solved ox y gen, 
pH, bi o log i cal ox y gen de mand and wa ter tem per a ture at three
dif fer ent lo ca tions, namely up stream, mid dle, and down stream.
Per for mance was as sessed us ing the co ef fi cient of de ter mi na -
tion and RMSE. The dis solved ox y gen re sult showed that both
ANN and ANFIS can be used for mod el ling in Agra city and also 
in di cates that an ANN model is better than ANFIS and shows
sig nif i cant ad van tage over MLR.

As ANFIS al lows the ap prox i ma tion of any real con tin u ous
func tion on a com pact set with any de gree of ac cu racy, which
makes func tional map ping pos si ble that uses the ad van tages of 
both ANN and FIS, it can be con cluded that it gives better re -
sults than only ANN. In pub li ca tions as sessed, only one com -
par i son was made in which ANN was more fa vour able.

GENETIC PROGRAMMING

Ge netic pro gram ming is a meth od ol ogy based on evo lu -
tion ary al go rithms that is best suited for mod el ing non lin ear dy -
namic sys tems. In the first ar ti cle dis cussed, in sin gle- and
multi-site stud ies, an al go rithm was trained to cap ture the dy -
nam ics of ur ban rain fall run off us ing a se ries of res er voirs, with
each res er voir be ing a stor age unit in the catch ment cor re -
spond ing to dif fer ent depths be low the sur face (Chadalawada
et al., 2016). The hydro meteoro logi cal data used in the study
are for the Kent Ridge Na tional Uni ver sity Sin ga pore catch ment 
- a small ur ban catch ment (8.5 ha) that re ceives an av er age an -
nual rain fall of 2500 mm. Con cep tual Hydrogeological Mod el ing 
in Ge netic Pro gram ming is an R-based GP op ti mi za tion pro -
gram de signed to iden tify sys tems in the field of hy drol ogy. El e -
ments of the con cep tual model (res er voir model) were in cor po -
rated into the GP struc ture to de ter mine rain wa ter run off in cit -
ies. The study showed that the dual-ba sin model pro vided a
better rep re sen ta tion of this ur ban wa ter shed in terms of per for -
mance and com plex ity when tested with real data.

Re build ing sew age in fra struc ture is cheaper than re pair ing
it af ter a fail ure. To coun ter act the oc cur rence of net work fail -

ures, a pre dic tive model can be built. This task was un der taken
by Hoseingholi and Moeini (2023). For this pur pose, ge netic
pro gram ming was used in the Isfahan re gion, us ing data from
2014–2017, and the re sults ob tained were com pared with the
re sults of the cor re spond ing ar ti fi cial neu ral net work. Three dif -
fer ent ap proaches were pro posed. In the first ap proach, called
GA-CLU-T, the num ber of pipe fail ures was pre dicted from all
the data. in the sec ond, called GA-CLU-Y, mod els were cre ated 
and trained based on data from 2014, and the re sult ing model
was used to pre dict the num ber of pipe fail ures in fu ture years.
Fi nally, a third model called GA-CLU-R was pro posed to de ter -
mine the num ber of pipe fail ures in other re gions. Here, two dif -
fer ent mod els were pro posed for each GP ap proach. The re sult
shows that the best RMSE (R2) val ues for the first, sec ond and
third ap proaches for the test dataset were 0.00316 (0.966),
0.00074 (0.996) and 0.00075 (0.997), re spec tively. The re sults
show that the ac cu racy of the re sults of GP mod els is better
than that of the cor re spond ing ANN mod els. Com par i son of the
re sults ob tained showed that the meth ods pro posed are prac ti -
cal in that the sew age op er a tor can use them to plan main te -
nance and as sess the re pair time of the sew age net work, to
thus re duce op er a tion and main te nance costs.

High lev els of soil impermeability as well as in creased ur -
ban iza tion con trib ute to the oc cur rence of floods around the
world. To mit i gate the neg a tive ef fects of floods, low im pact de -
vel op ment (LID) tech niques may be used. These aim to pre -
serve the hy drol ogy of ur ban catch ments closer to pre-de vel op -
ment con di tions through the use of dis trib uted storm water con -
trol sys tems. Lopes et al. (2021) ex plored the use of hy dro log i -
cal sim u la tion mod els in te grated with op ti mi za tion tech niques
as an al ter na tive, to aid in LID sce nario plan ning. This study
tested the fea si bil ity of us ing an ad ap ta tion of the NSGA-II ge -
netic al go rithm to gether with the SWMM hy dro log i cal model to
aid in the op ti mal de sign of an LID sce nario aimed at re duc ing
storm water run off and to tal costs in dif fer ent re turn pe ri ods. The 
study an a lyzed a com bi na tion of per me able pave ments, green
roofs and bioretention cells, and the model was op ti mized for
rain fall with re turn pe ri ods of 10, 25 and 50 years. The re sults
showed that the model was able to find mul ti ple op ti mal so lu -
tions with dif fer ent lev els of run off re duc tion at dif fer ent costs.
How ever, the re search re vealed some lim i ta tions re lated to
prac ti cal ap pli ca tions and pos si ble oversizing of ad ja cent LID
lay ers.

The GP is con sid ered an al go rithm that gives worse re sults
in wa ter level fore casts (Rajaee et al., 2019), though it turned
out to be more ef fec tive than ANN in solv ing prob lems re lated to 
sew age in fra struc ture.

SUPPORT VECTOR MACHINE

A anal y sis for the north ern Co lom bian city of Riohacha used 
phys ics-based mod el ing us ing 2D mod els (Cardenas-Mercado
et al., 2023). The study aimed to iden tify so cial and eco nomic
vari ables and flood mag ni tude un der ex treme haz ard con di -
tions. To ob tain twenty so cial hy dro log i cal vari ables, a sur vey
anal y sis was con ducted us ing the Kruskal-Wallis test and mul ti -
ple cor re spon dence anal y sis. De ter mi na tion of the op ti mal
com bi na tion of pa ram e ters and cal i bra tion of the TELEMAC-2D 
hy dro dy namic model was based on the it er a tive use of SVM.
The curve num ber (CN) and the Man ning fric tion co ef fi cient
were used as cal i bra tion pa ram e ters. The op ti mi za tion pro cess
in cluded in tro duc ing SVM dum mies for the socio-hy dro log i cal
vari ables CN and the Man ning fric tion co ef fi cient, test ing as
many as 20,000 pa ram e ter com bi na tions, and the eval u a tion
in cluded mean ab so lute er ror (MAE), mean er ror (ME), rel a tive
ab so lute er ror (RAE), mean squared er ror  and in er tia root
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mean square er ror (IRMSE). In stan dard sim u la tions, RMSE
val ues of 0.48 m, MAE of 0.37 m, and an IRMSE of 1.37 m,
were ob tained. In con trast to the pre vi ous in di ca tors, the ME in -
di ca tor slightly in creased from 0.15 m to 0.17 m af ter tak ing into
ac count the socio-hy dro log i cal vari ables. The au thors sug gest
that the re sults achieved may pro vide fur ther scope for op ti mi -
za tion, es pe cially through the im ple men ta tion of dig i tal ter rain
mod els, which would al low ob tain ing a more re al is tic rep re sen -
ta tion of the com plex ity of ur ban struc tures. Ad di tion ally, po ten -
tial im prove ments may in clude ex pand ing re search re lated to
the in te gra tion of so cial and hydro meteoro logi cal vari ables to
more ac cu rately ana lyse flood risk and iden tify more pre cise
tools for pre dict ing cri sis sit u a tions.

The con cept of green de vel op ment is an in no va tive ap -
proach that as sumes si mul ta neous prog ress in the field of en vi -
ron men tal pro tec tion and socio-eco nomic de vel op ment. As part 
of one study, based on the grey wa ter foot print the ory and us ing
phys i cal and sta tis ti cal mod els, the main goal was to con duct a
com pre hen sive anal y sis, as sess ment and fore cast ing of the
spatio-tem po ral dy nam ics of the evo lu tion of the re la tion ship
be tween the wa ter en vi ron ment and the so cial econ omy in the
Yang tze River area (Deng et al., 2021). The con cept of grey wa -
ter foot print in this con text is de fined as the amount of fresh wa -
ter nec es sary to ab sorb pol lut ants, tak ing into ac count nat u ral
back ground con cen tra tions and ap pli ca ble wa ter qual ity stan -
dards in a given area. The re sults of the study re vealed in ter est -
ing trends: firstly, in the pe riod from 2003 to 2017, the grey wa -

ter foot print car ry ing ca pac ity in di ca tors, such as KCOD,
KNH3-N and KTP have been sys tem at i cally de creas ing, which
in di cates an ob served de crease in the de gree of co or di na tion of 
con nec tions, es pe cially no tice able from east to west; sec ondly,
the de gree of co or di na tion of con nec tions showed a de creas ing 
spa tial trend, while in creas ing tem po rally in the years
2003-2017; thirdly, sus tain able de vel op ment (Plan IV) turned
out to be the op ti mal sce nario, bring ing about an im prove ment
in the over all de gree of co or di na tion. It is worth add ing that, in
ad di tion to de scrib ing the re sults, the study also con tained po lit -
i cal sug ges tions which added to its prac ti cal value. The re sults
may in flu ence the achieve ment of sus tain able wa ter man age -
ment. Their im pli ca tions go be yond the o ret i cal as pects, of fer ing 
con crete guide lines for mak ing po lit i cal de ci sions and ac tions
aimed at im prov ing the state of the en vi ron ment and the qual ity
of life of lo cal com mu ni ties.

In a fur ther study, an in no va tive sup port vec tor ma chine
(SVM) model used a com plex poly no mial ker nel func tion to
fore cast monthly wa ter de mand in the Ca na dian city of Kelowna 
(Shabani et al., 2017). The fo cus was mainly on pre cisely ex -
am in ing the ef fec tive ness of phase space re con struc tion be fore 
de ter min ing the op ti mal com bi na tion of in put vari ables for the
pre dic tion mod els. The re sults ob tained clearly show that the
op ti mal de lay time of the in put vari ables sig nif i cantly in creases
the ef fi ciency of SVM mod els. As part of the anal y sis, the AMI
tech nique was used, to pre cisely de ter mine the op ti mal de lay
time for ex plan a tory vari ables, such as wa ter de mand, tem per -
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a ture and rain fall. Par tic u lar at ten tion was paid to the op ti mal
de lay time of these vari ables, both in di vid u ally and in the con -
text of a model that takes into ac count all the de lays noted un til
the op ti mal value is ob tained. Im por tantly, the re sults ob tained
clearly in di cate that a model us ing ad di tional in for ma tion as in -
de pend ent time se ries can sig nif i cantly out per form mod els fo -
cused solely on the in di vid ual op ti mal de lay time for in di vid ual
vari ables. It should be em pha sized that sup port vec tor ma -
chines have shown high sen si tiv ity to the re con struc tion of the
phase space of in put vari ables, which high lights the im por tance 
of ap pro pri ate de sign of in put data for de mand fore cast ing
mod els. The study pro vided a new per spec tive on the im por -
tance of the op ti mal de lay time, pre cisely de ter mined us ing the
av er age mu tual in for ma tion. The re sults sug gest the need to
im ple ment ad vanced com bi na tion strat e gies in the in put data of 
fore cast ing mod els to achieve more ef fec tive and pre cise re -
sults.

SVM is a very good ma chine learn ing method that can be
used to solve not only clas si fi ca tion prob lems, but also pre dic -
tion prob lems. Good per for mance of this method is re lated to
the se lec tion of ker nel func tions and pa ram e ter val ues, which
can be se lected ran domly or us ing op ti mi za tion meth ods.

A sum mary of the ar ti cles de scribed is shown in Ta ble 1.

CONCLUSIONS

Ar ti fi cial in tel li gence meth ods have been used in wa ter sys -
tem re search. The re search re sults as de scribed con firm the
wide use of ar ti fi cial in tel li gence meth ods in fore cast ing
changes in se lected sur face and ground wa ter qual ity pa ram e -
ters, fore cast ing sew age net work fail ures, as sess ing wa ter
treat ment op tions, cli mate mon i tor ing, drought de tec tion and
en vi ron men tal is sues for farm ers and pro duc ers.

The anal y sis en com passed four meth ods: ANN, ANFIS, GP 
and SVM. As our re -view cov ered non-com pa ra ble top ics, it is
dif fi cult to in di cate one method that would be the most ef fec tive
for all the ap pli ca tions de scribed. How ever, our anal y sis show
that these meth ods pro vide more ef fec tive re sults than tra di -
tional (lin ear) sta tis ti cal meth ods. When us ing ar ti fi cial in tel li -
gence meth ods in re search on wa ter sys tems, at ten tion should
be paid to the qual ity of the in put data so that the model de vel -
oped is as ac cu rate as pos si ble. Each use of ar ti fi cial in tel li -
gence meth ods should be sup ported by ver i fi ca tion of the re -
sults ob tained. The ar ti fi cial in tel li gence meth ods de scribed
work best in mod el ing changes in wa ter qual ity or ground wa ter
level mod el ing, and it is for these is sues that deep learn ing
meth ods will be de scribed in a sub se quent pa per.
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