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ABSTRACT

Water quality prediction plays an important role in environmental monitoring and ecosystem
sustainability in the Amazon. Therefore, this review focuses on determining the advances
in the scientific production of artificial intelligence in water quality prediction in the Amazon,
as well as the limitations and perspectives compared to water quality indexes (WQlI). In this
sense, Boolean operators were applied, using the following terms: “artificial intelligence”,
“machine learning”, “water quality,” and “Amazonia” The databases were Scopus, web of
Science, Springer, and IEEE. In this study, 14 scientific articles published during the period
2000-2024 focused on Amazonian countries were evaluated. Although in the Amazon low
scientific production was evidenced and is led by Brazil, the highest scientific growth was for
2021, and 93% belongs to the Scopus database, with a compound annual rate of 12.16%.
The IA is characterized by using data from governmental institutions and is only limited to
parameters such as Total Suspended Solids (TSS), Total Organic Carbon, Turbidity, and
Chlorophyll, using satellite imaging techniques, and the most commonly used algorithm was
the Clustering Algorithms. In this context, Al applications are still very low in Amazonian
countries compared to other European countries. Its limitations are in the accuracy and the
limited amount of physicochemical and microbiological data used for predictions. However,
Al is a tool that will replace the water quality indexes used manually.

INTRODUCTION

Water quality is an essential ecological value for health and economic development
(Villena Chavez, 2018). It is the most abundant component of the human body,
so it must have proper management (Salas-Salvadé et al. 2020, Veneros et al.
2024). However, water quality has been threatened by various sources, wastewater
treatment plants, mining activities (heavy metals), food processing wastes (Morales-
Rojas 2020), agricultural runoff (Kaur & Sinha 2019), and chemical and household
disposal. Water sources are divided into surface water and groundwater sources,
These rivers are the most used water source by the population living near river
Banks (Mustafa et al. 2017). In that sense, artificial intelligence (AI) plays an
important role in living beings (Romero Lopez & Vargas Mato 2017) and is divided
into biological, hydromorphological and physicochemical quality (Nikolaou et
al. 2008, Gad et al. 2020).

Therefore, a productive and cost-effective methodology for water quality
estimation is required, but they are difficult to design due to their nonlinearity, non-
stationary characteristics, and constant unpredictable natural changes (Lintern et al.
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2018, Perona et al. 1999). Therefore, reliable methodologies
such as artificial intelligence (AI) models and their advanced
tools are needed to determine water quality and achieve
sustainable development (Chaudhary 2023, Tiyasha et al.
2020). Therefore, Al is a significantly powerful resource for
water monitoring (Rajaee et al. 2020).

Studies have applied an artificial neural network and
adaptive neuro-fuzzy inference system to calculate dissolved
oxygen (DO) levels and organic matter parameters (BOD5 and
COD), these results were optimal with the values measured in
the river water (Emamgholizadeh et al. 2014). Neural network
models are studied to examine and mimic the relationship
of water quality index (WQI) with water quality variables
in a tropical environment, being an encouraging alternative
to predict WQI, as opposed to manual calculation methods
of WQI that involve long calculations and transformations
(Hameed et al. 2017, Limon & Webb 1964), water quality
indices have a quantitative description, it is qualitatively
interpreted with the help of classification schemes (Egbueri et
al. 2023). However, this process has been hampered by labor
and testing costs (Agbasi & Egbueri 2023).

The adoption of Al in water has led to major revolutions
and innovations with respect to water quality assessment and
monitoring, and high-quality research should be prioritized
(Myllyaho et al. 2021). Other studies have analyzed a
variety of modeling methods, such as deep learning (DL),
which have been shown to increase efficiency compared to
traditional machine learning (ML) models (Irwan et al. 2023).

Water in the Amazon plays a crucial role in climate
regulation, biodiversity, and ecosystem sustainability, as
well as in the life and livelihood of local communities and
populations (Marengo et al. 2018). The Amazon basin
covers an area of approximately 7 million km2. Amazon
forests cover about 5.3 million km?, representing 40% of the
global tropical forest area (Laurance et al. 2001). However,
water quality in this region has been affected by a number
of factors, including human activities such as mining,
deforestation, and land-use change, as well as by the effects
of climate change (Weng et al. 2018).

In this context, the application of advanced technologies
such as Al offers new opportunities to more effectively
monitor and manage water resources in the Amazon. To this
end, the following questions need to be addressed:

1. What will be the evolution of scientific production over
time through the assessment and monitoring of water
quality with Al techniques in the Amazon?

2. What are the Al algorithms used in Amazon?

3. What are the limitations and perspectives of Al versus
water quality indices in the Amazon?

Based on the above, the objective of this study was
to determine the advances in the scientific production of
artificial intelligence in the prediction of water quality in the
Amazon, as well as the limitations and perspectives of its use
in the prediction of water quality in the Amazon.

MATERIALS AND METHODS

The bibliography consulted goes back to the year 2000, up
to 2024. Boolean operators were applied using the following
terms: “artificial intelligence”, “machine learning”, “water
quality,” and “Amazonia”. All the research was carried out
through a search in Google Scholar, due to its capacity to
compile free-access texts. As well as the use of the main
databases Scopus, web of Science, Springer, and IEEE
support all the findings on this topic by passing after a
rigorous peer review (Bakhmat et al. 2022), and 95 scientific
articles were found.

Inclusion Criteria

Publications from 2000 to January 2024 in all languages
were considered. Titles, abstracts, methodology (to determine
the amount of data used in the study), and main results were
examined to select the articles of interest. As the geographic
scope was Amazon-wide, only 14 studies were rescued.

Exclusion Conditions

Book and encyclopedia chapters, conferences, and reviews
that did not consider artificial intelligence and others that
did not fit the study topic were excluded. We also excluded,
gray literature for not passing peer review (Valentine et al.
2019). In addition, inconclusive studies and duplicates were
not taken into account.

Compound Annual Growth Rate (CAGR)

CAGR is a factor to measure economic growth (Castillo &
Powell 2019), with the purpose of describing the evolution of
scientific studies, the last 23 years were studied. Calculations
were performed using a CAGR calculator. An open calculator
was applied because it is easier and faster to use (Calcuvio
2022).

Limitations and Prospects

The selected research was related to the physicochemical
parameters analyzed in each study and how these are
contributing to the closing of gaps. The benefits of Al
compared to traditional methods for determining water
quality (water quality indices) were addressed. Likewise,
each selected article was analyzed to determine the
limitations and future perspectives for the development of
research.
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Data Analysis

The data were downloaded in CSV format and processed
in Microsoft Office Excel 2016. This facilitated the
determination of the distribution of studies by year and
country. The analysis was performed with VOSviewer
software version 1.6.19, a tool widely used in the scientific
community to represent and visualize bibliometric networks.
VOSviewer uses several colors to help understand and
discover keyword relationships (Eck, Ludo Waltman 2013).

RESULTS AND DISCUSSION
Research Behavior According to Countries

Table 1 shows the distribution of scientific articles according
to the affiliation and country of origin of the first author,
showing that Brazil (6 articles) and the USA (3 articles)
lead with studies related to the application of artificial
intelligence in the Amazon. These results may be related
to the participation in the development and dissemination
of knowledge in water resources management led by the
Brazilian Association of Water Resources (ABRhidro) (de
Paiva et al. 2020). Another country that leads in verified
water quality prediction studies is the USA. These results
may be related to the fact that it is the second country after
China with the highest amount of organic pollutant emissions
to water in the world, with an impressive value of 1,850,753
kg/day (Paraschiv et al. 2015).

Behavior of Scientific Production by Year

Fig. 1 shows the evolution of publications by year,
highlighting 6 articles in 2021 and only one article found for
2024 (Fig. 1A), which is related to the CAGR of 12.16%.
Most publications are in the Scopus database (95%), and only
7% are in the Web of Science (Fig. 1 B). These databases are
world leaders in terms of scientific content (Zhu & Liu 2020).

Fig. 2 shows the amount of data per study, with three
studies using the largest amount of data, including the

A

Table 1: Distribution of scientific production by country.

Country Publications
Brazil 6
USA 3
Canada 1
China 2
United Kingdom 1

studies by Valdes & Pou (2021a) with 99473 data, while
Liu et al. (2023) reached 15204 data and Strobl et al.
(2007) used 8097 data. Generally, the studies that used
large amounts of data were obtained from public data from
organizations dedicated to water quality monitoring. In that
sense, the importance of the amount of data in water quality
predictions is affirmed and aims to improve decision-making
to improve quality indexes and public health (De Fortuny et
al. 2013). However, the states devote little attention to water
management in the Amazon, although, for example, in the
Amazon basin of Peru, 94 percent transport it manually to
their homes from rivers, and only 50% boil the water for
consumption (McClain et al. 2001). Therefore, improving
water quality through efficient techniques while avoiding
the smallest margin of error (James et al. 2015), is through
artificial intelligence that uses methods to generate highly
accurate results. To counteract problems in the amount of
data, studies demonstrate the application of data imputation
techniques (the process of replacing missing values) (Ghapor
et al. 2017) and synthetic data generation, which is widely
used for exploratory data analysis (Dankar & Ibrahim 2021).
These methods can be justified because of the high cost of
physicochemical and microbiological analyses in water,
preventing more continuous and prolonged sampling in the
Amazon basin and the world.

Table 2 shows the explored studies are evidenced, the
minimum female contribution as first author (3 articles) in
this subject, in spite of this is evidencing the increase in the
number of women working in the information technology

B

Scopus Web of Science

Fig. 1: Behavior of scientific production by year (A), Scientific production by database (B).
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industry and even now they prefer careers related to
Information and Communications Technology-ICT (Akter
et al. 2021) regarding the AI algorithms used are Support
Vector Machines, Ensemble Learning, Support Vector
Machines, Ensemble Learning, Correlation Maps.

With respect to data collection, it was evident that 8
studies were from the public sector, influenced by the large
amount of data. This is important because the data are
analyzed and visualized in open access, in this case, obtained
from government institutions (Hossain et al. 2016). With
this, an analysis is achieved from a holistic point of view,
which proposes future directions, and the role that can be
played by organizations of scientific work has the potential to
advance and transform the common knowledge from which
the science-based sectors are nourished (Perkmann & Schildt
2015). Only 3 studies were with data collected by the same
authors, taking into account that this type of study is costly
reagents and instruments for the analysis of water samples,
and 3 studies used the public-public combination. Therefore,
the promotion and access to water quality monitoring data by
governments should be free access and artificial intelligence
should be a tool for analysis and decision making by public
and private institutions.

The validation methods used in the studies were the
validity and accuracy index, which allows inferences to
be made and hypotheses to be evaluated (Lamprea et al.
2007). Among these studies, we have the R2, standard error
of the estimation, and Student’s t-test analysis widely used
in the studies. Prediction errors (a value that quantifies
the uncertainty of a prediction), as well as the coefficient
of determination, which is a function of the proportion of
variability of the variable and is attributed to the linear
relationship with X (Roy-Garcia et al. 2019).

The physicochemical parameter found was the “total
phosphorus” parameter that is found in water in the form
of phosphates; this can be dangerous if it is not properly
controlled, for example if the water is used for irrigation
purposes (Morales-Rojas 2020) and total suspended
solids in water are important to monitor because they
carry toxic substances absorbed and limit the availability
of light and photosynthesis (Park 2007). This parameter
is used in predictions by using empirical models that
use surface reflectance from satellite images to estimate
Total Suspended Solids (TSS) concentrations (Isidro et
al. 2018). Likewise, the studies analyzed are related to the
evaluation of chlorophyll and dissolved organic carbon
(DOC). Regarding chlorophyll in water they have distinctive
spectral characteristics. Therefore, they can be measured by
spectral indices in various water bodies, including lakes,
ponds, rivers, and streams (Yang et al. 2017). However,
it is still challenging to accurately estimate chlorophyll
concentrations by remote sensing in various water bodies
because the presence of suspended sediments with high
inorganic content and colored dissolved organic matter can
nullify the chlorophyll spectral signal (Mouw et al. 2015,
Odermattet al. 2012, Sun et al. 2014, Yacobi et al. 2011). On
the other hand, from the studies, the evaluation of dissolved
organic carbon in water is evidenced, this is because they
carry pollutants and can negatively affect water treatment
processes (Ledesma et al. 2012).

Another of the main results is the use of advances
in remote sensing in landscape ecology, highlighting its
contribution to the structure and function of the landscape,
analysis of historical changes, and simulation of future
changes, an important topic for the Amazon, which
represents interdisciplinarity and will help ensure that

99473
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Fig. 2: Amount of data used in the studies.

Vol. 24, No. 2, 2025 ® Nature Environment and Pollution Technology



ARTIFICIAL INTELLIGENCE FOR WATER QUALITY IN THE AMAZON

“%8C JO S10110 Yim AN[IqISE)
9[QRUOSEAI PIMOYS SITLWIT PIJOALIOD
K[reotroydsowe Z-[ounuag 03 JSI0,]
wopuey jo uoneordde ayJ, ‘[eAdLnoI

PS7Z 10§ [NJasn 2q P[nod sonAeuy

-TWAG JBY) PIAISSQO SBM )T ‘UOTIIPPE

uJ "(9 g UBY) SSI[ SIOLID) SI[NSAI J$q
3y} SUTUTRIQO JSAIO0,] WOPURY IIM
‘spoyjowl [eonAeuy-1was pauriojradino
Spoyjou SUILIBY QUIYIRIAL

"UoIaI A} Ul JuouwdFeurw

201n0s31 19)em pue Juruueld Juswdojoaap
10J JURAQ[AI ATk S[NSAT s [, *ANIqeLIeA
uonendroard ur ouoz 20uasIoAuo))
oNUE[Y YNOS ) Jo douelodwr oy
SunySIySIy “OnuEpyY pue dyIoed Ay ut
sainjeradwo) ooeyans vos pue uonedioard
U99M)2q UOTJB[OII0D B PUNoj Ay ],
*SWAISAS [BI150[099

-[e100s pue ‘soreukp uonendodejow
*K31An00uu0d adedspue] se yons seare

ur SAIPNJS PI[TRIOP 2IOW PUL JOPLOIq

10J 19JJ0 seduBApR 25} sentunjioddo
ryng oy saziseydwa osye 1] *A301099
adeospue| ur a1em)JOs SISATeUR BIRp
$s9008-uado pue $22IN0S J)I[[AJes WOIJ
K1oFew 9213 Jo AJNIQISSOOOR PaNUNUOD
a1 jo @ouenrodwt oy seurropun

I "seSueyd 2IMNJ JO UOTB[NWIS

pue saSueyod [BILI0)STY JO SISATeuR
‘uonouny pue aronns adeospue|

Jo uonnqrnuod ayy SIYSIYSIY I

"I9)eM Ul uoneuTweiuod snioydsoyd [e10)
J10J SpaysId)em [eInI ur suoneoo] Surjdures
[eronio £ynuapt 01 (D) siutod Surfdueg
[eonL) pay[ed A30[0poyioul & SaqLIdSA
"QOUAN[JUT JAJBM JBI[O

[IIM PUE] 0} 9SO[O SB[ UT PAJLIIUIIU0D
are sayojed uopyuerdoiAyd jey) no pauim
J] "BIEP QOUBIOJ[JAI IojOWOIPLIONdAdsS

UO [opow JUTXIW Jeaul] & pasn Aoy,
'soye| ur uonnqsip [jAydororyo

ur so3ueyd [BUOSEAS pajeneAq

LSS

OTY/pauonuaW JON

-JO uoTIUAW ON

«-/snioydsoyd w10,
Oo

uoqted dresdio
POAJOSSIP UOQIED
JTUBSIO POAJOSSIP
11Aydoioyd jo
UONEIUAIUO0I=0Fe]
JUoTIUAW ON

SIOLID UOTIIPI

(I -ondeys)
Xopur AovInooe

pue KypreA

(3591-) s Juopmi§
‘uonewns? Jo
JOLId pIepuels

‘Td) xoput
Koeinooe
pue AypIeA

orgnd
pue umQ

anang

anand

umQ

K1oZewrn
L
-Jespuer|
[eOLI0ISTY
/orqnd
pue umQ

nizeig

[izeig

dnp
PHOM

dnp
PHOM

[1zeig

SOUIYOBIA
10109
110ddng
‘Surureo]
S[quiasug

sanbruyo9)
PPo

SOUIYOBIA
J0109 A
j10ddng

sanbruyo9)
PPo

sanbruyo9)
PO

d

sndoog

sndoog

sndoog

sndoog

sndoog

oy

LE

01

901

10

10

oS

0

10

(1z0C '™
19 [PIORN)

(120t
Jorung

-1e0S(Q)

(ozot
Q[[Ipre) %
K9[moiD)

(L00T T
12 19018)

(900t
‘T2 10 0OAON

SORIOIN p)

S)[NSAI UTBJA]

"90In0g
7 uonoipaid Kyenb
19)em ur s1ojouwrered

[eOTWAYO-[BISAYJ

spoyjowt
uonepIEA

$201N0S
eeq

P)09[[0d
Q1oMm eIRp
AIYM

pasn
swyjLode
v

Joyine
sty oy
Jo 1uad

yL

aseqeeq

sjuounurodde

JO ToquunN

amend)

i)

‘uonorpaid Ajienb 10jem Uo SAIpNIS A JO SOMSLIAIORIRYD) 17 O[qRL

Table Cont....

Nature Environment and Pollution Technology ® Vol. 24, No. 2, 2025



J. E. Cruz de La Cruz et al.

'sjosejep Sururw p[os [euesnre

uo swiyLos[e Sureysnyo pasiaradnsun
Sunsa yym Suofe ‘yoeordde ormng e se
pasodoid st SuruIed] 9AT}OR PUB POAIISQO
sem Ajre[nSor [eneds ‘pojenyead st ooeds
10[09 qerT SunerodIoour JO SSOUIATIOJO
9y} pue ‘SUOIIBIOUUE PATWI] YIIM UIAD
‘oourtiofrod 9[qeUOSEAT 2)BIIPUT SINSAY
‘pajensuowap sI suorsar ouaydsiwoy

ur SJuRA? o1y10ads yyim suraped jodea
IoJeMm JO UOTJBIOOSSE 9U) PUE ‘SaInjeaj Jo
195 PIONPAI B YIIM PAASIYDE ST uonorpard
[euoseas ayeIndode ey pAYSIIYSIy S1 I
‘suorsn[ouod a3 uf ‘suraped 1odea 1orem
ur sa3ueyd [erodwo) JYSIYSIY SINSaI oy [,
Juawedeurwl

191em ueqan 9[qeurelsns Juntoddns

pue sjinsax uonoipaid Jurzrwndo

UT SSOUQATIORJJQ SIT SOIRISUOWIP

‘SP16°0 JO T UR UM [opot (FTIAD
uorssa13ar reaur] o[dninw ayj 0y Jo1xdns
“Spromauresy oy jo douewtograd ayJ,
"XOPUT UOT)IPUOD YIOM)U Jojem )
101pa1d 0 (ST) WISAS 2oudIJu] AzZng
pue (SLINV) WoIsAS doualoju] £zznj
-omaN 2Andepy ue ursn yIomourely
pajeadayur ue syudsaxd Apnys oy,

*(K119U93019)9Y [BIUSWUOIIAUD

jJuasaidal suoI321099 se) SuoISAI09
pajojo1d Jo Joquunu 19)e2IS © urejuTEW
03 suonoe Suruueld UOTIBAIOSUOD
onewa)sAs ur djoy uedp Apnis siyJ, ‘uor3ar
o jo A)rouaSoIa)ey [BIUSWUOIIAUD

oy Suny3ysiy ‘senbruyod) Sururesy
QuIyORW JUISN QAN[JIOIUT BIIOPRIA-SNINg
QY ur suo1321099 4| paddewr AayJ,

BIep [SIN ¢-[eunuag 3uisn [1zeig ur sad£)
191em [eondo urIojIuow J0J POYISJA

ON

ON

ON

ON

(NS.L) s1uwawipag
paopuadsng [ej0,

Xopul AdoeInode

pue Aiprjea

Xopul AoeInode

pue Kprjea

uoneuIuLIxlaq
3O JALFI0)

sajRI AorINOoe
pue Kiprje A

uoneuIuLxaq
3O WBI01F0)

a1and

orqng

umQ

umQ

onqnd
pue umQ

SOUIYORIA!
10309\
j10ddng

sanbruyo9)
Pyo

sanbruyo9)
PPo

SwpLoS[y
Suueisny)

SOUIYOBIA
J0109 A
j10ddng

S)[NSAT UTBJA]

"90IN0S

7 uonorpaid Ayjenb
10)em ur s1ojourered
[eoTWAYO-TeoISAYJ

spoyjout
uonepIeA

$90IN0S
ereq

pasn
swy)Loge
v

Table Cont....

Jolequny  o[nreng)

Vol. 24, No. 2, 2025 ® Nature Environment and Pollution Technology



ARTIFICIAL INTELLIGENCE FOR WATER QUALITY IN THE AMAZON

9[naenb ou=)g ‘s1gjowered [B2130[01qOIdIW IO [BIIWAYD-091sAYd Jo sisA[eue ON=DN

*SULIONIUOW [BJUSWIUOIIAUD

Jo Adouaroryye ayy Suraoxdwr ur I,

JO 9[01 [e1ONID A} SUNBIIPUI ‘SYSB)
Sulsuas 2)0UIdI 10J S[OPOW JIseq
Surde1oa9] pue ‘Aiiqeraidiojur [opowr
Suraoiduwir ‘uonenyeas 1, 10J sjasejep
Q0oUaIaJal 10] padu ay) aziseydwd
SUOTIOIIP 1NN, “JUSWSLURW I)SBSIP
pue Surddew 10409 pue| Jurpnjour
‘SUTRWOP SNOLIBA UT SUISUIS )OI
[EIUSWIUONAUD Ul (T) SuIuIed| JoJsuel],
Jo ss200ns pue uonesrdde Suimoid

Ay SIYSIYSIY MITAI ONJBUWIR)ISAS Y],

uonO9[s ur sagua[eyd idsap Sureq
-[[oM UBWINY JOUBYUS 0} UOHBIOGE[[0D
[euorSa1 pue Ajfeuonounynu
adeospue[ 10150 Jet]) SOIS0IENS I0J PIoU
[EOTILID 9} SOI0JSIOPUN YOIBasaI STY T,
'sjoedwir oSueyD jeWID 0) 9[qRIAU[NA
seaIe opmne[-mo] ur A[refnonred
‘$]J0-opeI) 19A0 [1eAd1d 0} punoj orom
(DNd) 91doad 03 suonnqmuood aInjeu
1qo13 uaamjaq sdiysuoneyar onsISIouAS
"UOTJBAIISUOD

pue juswaseurwW WISAS0I9 10J
suonedrduwr 119y pue sureyed uoneiSiu
JIOALI UO uonewIoJul Surpraoid ‘aouaros
[CIUSUIUOIIAUD UT BIEP AJI[[AIBS JO
Qouepodwr oy syy31y3ry 1oded sy,
*SWAISAS009

onenbe ueruoZEWY SULIOIUOW 10}
Qouetodwl I19Y) pue s19Jem pIqIn) A[ysiy
Ul S[opow [eoNATRUE-IWIAS JO SSAU[NJISN
9y) Sunoddns sny) ‘pejensuoOWIP sem
sagew [DTO UI UOHRIUIUOD B-[YD)
Sunewnss 10J [OpoW pajeIqI[ed Y} Jo
Kypqesridde oy ‘arowroyng "9, /¢
uey) ss9[ Jo (HdVIA) 10119 Juao1ad
QINJOSqe UBAW B PIIM ‘S[opowt [eorndud
0} paredwod (YVYSH) wyiLoge
[eonAeue-1was pLIGAY Y} YIIm AI9A0II
B-[yD JO AorInooe oy ur juouwrdroxduur
JUBOIJIUSIS B POMOYS SI[NSAI Y],

ON

ON Xopul UOIe[a1I0d

ON

ON

SIOLId UOTIIPaI]

dn)

a1qnd PHOM

dn)

aand  pHoM

dnp

aand  pHOM

oang  nzexg

sdewr
UOTB[O1I0))

sanbruyo9)
PPo

W

sndoog ¢

sndoog 8

sndoog 0

SOM 4

10

10

10

IS

(20t

e 10 eIN)

(€z0t

‘Te 39 nrY)

(€20z I8
19 [93eN)

(czoz 1e
72 Jorunp
SAIOT)

S)[NSAT UTBJA]

"90IN0S
7 uonorpaid Ayjenb
10)em ur s1ojourered

[eoTWAYO-TeoISAYJ

spoyjout
uonepIeA

PA109[[0d
Q1oM ©IEp
QUM

$90IN0S
ereq

pasn
swy)Loge
v

Joyine
sy oy
Jo Q1uad

UL

sjuounutodde

aseqeeq JO ToquUNN

auenQ

2}

Nature Environment and Pollution Technology ® Vol. 24, No. 2, 2025



8 J. E. Cruz de La Cruz et al.

explai@@ble ai >

vifp imag@imilarity L computationgintelligence

low-dimensiafial mappings &

[@5 VOSviewer

clima@wange

rio de janeiro metropolitan re

south atlantic c@hvergence zonU

water rgsources

Fig. 3: Keyword analysis of the studies.

landscape ecology can benefit the most from remote sensing
(Foody 2023).

Fig. 3 shows the co-occurrence of keywords where the
word climate change is highlighted, and it is the node that
is related to the other keywords, such as Computational
intelligence. In addition, it is observed that the green nodes
are the emerging words such as water resources and the
South Atlantic convergence zone. The visualization of the
co-occurrence of keywords is important in recent years, since
they exploit the mapping of knowledge related to each topic
(Radhakrishnan et al. 2017).

Limitations and Future Prospects

The limitations of the studies lie in insufficient accuracy; in
the face of this, researchers are working on how to improve the
accuracy of water quality prediction (Chen et al. 2023). The
explored studies are based on spatial analysis of images and
address a few water quality parameters such as chlorophyll,
turbidity, and TSS (Feyisa et al. 2014, Su 2017). Therefore,
systematic methods to estimate error should be developed
and the images should be of high resolution (Burns & Nolin
2014). On the other hand, it is evident the need for future
work to assess water quality in the Amazon, incorporating
in the analysis several parameters (physicochemical-

Table 3: Categories of water quality indices commonly used in the Amazon
countries.

Categories of ICA

Code Colombia Brazil
ICA Rojas ICAUCA IAP

1 Very Bad Lousy Lousy

2 Inadequate Inadequate Mala

3 Acceptable Acceptable Regular

4 Good Good Good

5 Optima Optima Optima

Table 4 shows the physicochemical and microbiological parameters
considered by the Colombian ICAs, which are based on weighted values.
However, there are few of them; in this sense, Al has the great challenge of
improving and establishing evaluation patterns. Table 4: Physicochemical
and microbiological parameters used by ICA and IA in Amazonia.

Colombia Amazonia
Index 1A

ICA Rojas  ICAUCA  Parameters
1991 2004 used

Dissolved oxygen (DO) 0.25 0.21 -
pH 0.17 0.08 -
0.15 0.15 -

Parameter

Biochemical oxygen
demand (BODS5)

Nitrates -
Fecal Coliforms 0.21 0.16 -
Temperature -
Turbidity 0.11 0.07 -
Total Dissolved Solids 0.11 0.07 -
Total Phosphorus - 0.08 X
Cadmium - - -
Mercury - - -
Electrical conductivity - - -
Suspended Solids - 0.05 X
Color - 0.05 -
Total Nitrogen - 0.08 -
Chlorides - - -
Arsenic - - -
Fluoride - - -
Total Coliforms - - -
Chemical Oxygen - - -
Demand (COD)

Alkalinity - - -
Hardness - - -
Phosphates - - -
Cyanide - - -

Selenium - - -

= Parameters not contemplated, X= Parameters used in Al studies in
Amazonia, Adapted from: Torres et al.(2009)
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microbiological), especially the parameters of organic matter
and heavy metals through in situ monitoring, associated
with biological indicators of water quality and incorporating
sensors for real-time evaluation.

Artificial intelligence can be used to monitor water
quality in the Amazon. This is in order to have more accurate
data and to replace the evaluation of quality indices applied
manually, and their results are expressed in categories
(Maroneze et al. 2014) (Table 3). These indices are currently
classified according to values, as shown in the ICAs of
Colombia and Brazil. In the future, it is expected that Al
will help organizations in monitoring, decision-making,
and achieving safe and improved water quality for users
to support a sustainable future (Chauhan & Sahoo 2024,
Mustafa et al. 2021).

CONCLUSIONS

The TA is characterized by using data from governmental
institutions, and it was evidenced that it is limited to
parameters such as Total Suspended Solids (TSS), Turbidity,
total organic carbon, and Chlorophyll, limiting the analysis
of water quality. It is expected that this will be overcome and
the IA will use monitoring with the use of a greater number
of parameters. Brazil is the leading Amazonian country with
Al studies, however, its application is still very low compared
to other European countries. The compound annual growth
rate showed a value of 12.16%, and 95% of the selected
articles are hosted in Scopus 95% and only 7% are in Web
of Science. This shows that these databases are the leaders
in the scientific and academic world due to the high standard
of review during their editorial processes.

Al is expected to increase its potential to solve the
challenges faced by water monitoring in the Amazon,
providing technical support for more efficient management
and operation.
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