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A B S T R A C T   

Many technologies have been designed to monitor, evaluate, and improve surface water quality, as high-quality 
water is essential for human activities including agriculture, livestock, and industry. As such, in this study, we 
investigated water quality indices (WQIs), trophic status indices (TSIs), and heavy metal indices (HMIs) for 
assessing surface water quality. Based on these indices, we summarised and compared water assessment models 
using expert system (ES) and machine learning (ML) methods. We also discussed the current status and future 
perspectives of water quality management. The results of our analyses showed that assessment indices can be 
used in three aspects of surface water quality assessment: WQIs are aggregated from multiple parameters and 
commonly used in surface water quality classification; TSIs are calculated from the concentrations of different 
nutrients required for algae and bacteria, and employed to evaluate the eutrophication levels of lakes and res
ervoirs; HMIs are mainly applied for human health risk assessment and the analysis of correlation of heavy metal 
sources. ES- and ML-based assessment models have been developed to efficiently generate assessment indices and 
predict water quality status based on big data obtained from new techniques. By implementing dynamic 
monitoring and analysis of water quality, we designed a next-generation water quality management system based 
on the above indices and assessment models, which shows promise for improving the accuracy of water quality 
assessment.   

1. Introduction 

Water resources and quality are critical to human health, economic 
development, and the environment (Alver, 2019; Lin et al., 2020a). 
Global freshwater use, including by reservoirs, municipalities, industries 
and agriculture, has grown rapidly over the past 100 years (UNESCO, 
2021). However, water quality deterioration has become a problem 
worldwide (Gad et al., 2021), with water pollution occurring in various 
regions and countries (Kim et al., 2021). Human activities and natural 
processes, including rock weathering, erosion, and climate change, 
affect water quality (Lan et al., 2020; Lyu et al., 2021). Fig. 1 shows algal 
blooms in lakes determined from imagery captured by remote sensing 
satellites in China. Surface water pollution is posing a serious challenge 
for water quality management (Zhang et al., 2021a). Assessing water 
quality is essential for water resource management (Renouf et al., 2017; 
Salerno et al., 2018). Various surface water properties should be 

evaluated when developing water resource management plans. The 
pollution of water bodies is threatening the ecological environment and 
human health (Le Moal et al., 2019); therefore, many indices for 
assessing surface water quality (e.g., water quality indices (WQIs), tro
phic status indices (TSIs), and heavy metal indices (HMIs)) based on 
water quality parameters (WQPs) have been designed to assess water 
quality. 

The initial WQI was constructed by aggregating the physical and 
chemical factors of water bodies (Horton, 1965; Hurley et al., 2012). The 
WQI provides a more accurate overview of water quality variability in 
specific areas and can be used to effectively depict water quality (Ran
geti et al., 2015; Tyagi et al., 2013). However, no universal WQI exists 
for evaluating surface water quality, though many modifications have 
been considered for generating different WQIs based on the situation in 
specific areas (Sutadian et al., 2016; Tyagi et al., 2013). The initial WQI 
was proposed by the National Sanitation Foundation (NFS); another 
form of the WQI was defined by the Canadian Council of Ministers of the 
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Environment (CCME) (CCME, 2001; Noori et al., 2019). Other WQIs 
have been modified or improved based on the NFS and CCME WQIs 
(Bhateria and Jain, 2016; Gao et al., 2020; Khan and Jhariya, 2017; 
Sutadian et al., 2016). Multivariate models based on various technolo
gies (e.g., remote sensors and spectral signatures) have also been 
established to evaluate the water quality in different countries according 

to the WQP characteristics (Elsayed et al., 2021; El Osta et al., 2022; Gad 
et al., 2022). Carlson (1977) developed an effective method using TSI to 
evaluate the eutrophication of surface water. The China National Envi
ronmental Monitoring Center adopts the trophic level index (TLI), based 
on the WQPs and local properties of Chinese lakes to evaluate the 
eutrophication in lakes and reservoirs (CEMS, 2001; Ding et al., 2021). 

Abbreviations 

ABSg gastrointestinal absorption factor 
ADD average dose per day 
ADDing ADD by direct ingestion 
ADDderm ADD by skin absorption 
AHP analytic hierarchy process 
ANN artificial neural network 
AI artificial intelligence 
AT average time 
BEI bacterial eutrophic index 
BOD5 5-day biochemical oxygen demand 
BW average body weight 
Cw heavy mental concentration 
CA cluster analysis 
CART classification decision tree 
CCME Canadian Council of Ministers of the Environment 
CSF cancer slope factor 
CTSI Carlson trophic status index 
chl-a chlorophyll-a 
COD chemical oxygen demand 
CODMn permanganate index 
CR carcinogenic risk 
DL deep learning 
DO dissolved oxygen 
DOE Department of Environment of Malaysia 
DT decision tree 
EC electrical conduction 
ES expert system 
ESA exposed skin area 
ET exposure time 
fe exposure frequency 
FA factor analysis 
F. coli fecal coliform 
GIS geographic information system 
HI hazard index 
HQ hazard quotient 

IoT Internet of Things 
ITSI improved Carlson trophic status index 
Kp dermal permeability constant 
LDA linear discriminant analysis 
ML machine learning 
MTSI modified trophic status index 
NFS National Sanitation Foundation 
NH3–N ammonia nitrogen 
NO3–N nitrate nitrogen 
NO2–N nitrite-nitrogen 
OOB out-of-bag 
PCA principal components analysis 
PI pollution index 
pH pondus hydrogenii 
Ri ingestion rate 
RF random forest 
RfD corresponding reference dose 
RS remote sensors 
SA sensitivity analysis 
SD secchi depth 
SS suspended solids 
SVM support vector machine 
ted exposure duration 
T temperature 
TDI trophic diatom index 
TN total nitrogen 
TP total phosphorus 
TRIX Vollenweiner trophic index 
TS total solids 
TSI trophic status index 
TLI trophic level index 
TOPSIS technique for order preference by similarity to an ideal 

solution 
UAV unmanned aerial vehicles 
USEPA United States Environmental Protection Agency 
WQI water quality index 
WQP water quality parameter  

Fig. 1. Algal bloom monitoring in lakes via remote sensing satellites, (a) Tai Lake, and (b) Dian Lake (recreated from MEE, 2012).  
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The TLI has been recommended for estimating the eutrophication of 
lakes (Xiong et al., 2016; Zhou et al., 2020). Heavy metal pollution is 
another threat to water quality. Excess amounts of heavy metals not only 
affects human health, but also disrupts the aquatic ecosystems (Saha 
et al., 2016, 2017). Heavy metal distribution in surface water should be 
identified, and the risk of exposure, affecting human health by ingestion 
and dermal contact, should be controlled (Saha et al., 2017). The most 
widely used method for analysing the exposure risk of heavy metals was 
proposed by the United States Environmental Protection Agency 
(USEPA) (Alves et al., 2014; USEPA, 1989). Assessing the risk posed to 
human health by heavy metals involves evaluating ingestion and dermal 
adsorption with average dose per day (ADD), noncarcinogenic risk 
assessment with hazard quotient (HQ), hazard index (HI), and carci
nogenic risk (CR) estimation (Alver, 2019; Ustaoğlu et al., 2021). 
Additionally, the HMIs were modified from the WQIs and have been 
employed for water quality classification based on geographical location 
and pollution indicators (Gad et al., 2021). Different water quality 
evaluation indices can be selected to assess the water quality levels 
based on the actual situation in an area. 

Artificial intelligence (AI) technology has recently been introduced 
for water quality assessment (Akhtar et al., 2021). Expert systems (ESs) 
and machine learning (ML) are two important branches of AI technology 
that are widely used for water quality assessment (Tan, 2017). With the 
help of AI, indices for surface water quality assessment can be effectively 
generated by integrating ES methods and ML models with big data 
collected via sensors (Babbar and Babbar, 2017; Norouzi and Mog
haddam, 2020; Zhao et al., 2020). Water quality assessment models 
have been enhanced using AI (Chou et al., 2018; Tiyasha et al., 2021). 
Recently, water quality prediction and classification models have been 
developed based on ES and ML technologies (Gad and El-Hattab, 2019; 
Li et al., 2022). The assessment models exhibit excellent performance in 
practical water quality management applications (Yu et al., 2022; 
Zhuang et al., 2022). However, the water quality dynamically changes, 
these methods can only evaluate water quality during a given period 
based on back-calculation or after-thought of water pollution (Shah 
et al., 2021). As such, recognising, monitoring, and expressing the 
quality of water, and integrating it into a decision-making system is 
critical for achieving sustainable water resource management. There
fore, an automated water quality management system capable of 
dynamically measuring and analysing water quality is urgently required 
so water can be quickly treated to improve its quality. Here, we provide 
an overview of the approaches for assessing water quality and some key 
approaches applied in water quality management. In this study, we 
aimed to (i) review current studies on water quality assessment ap
proaches; (ii) compare existing assessment indices (WQIs, TSIs, and 
HMIs) and assessment models (ES methods and ML models) used for 
water quality evaluation; and (iii) discuss the potential for an early 
warning system based on AI and Internet of Things (IoT) technology to 
ensure the sustainability of water resource management. 

2. Brief bibliometric analysis 

We briefly analysed the bibliometric data collected from Web of 
Science. We retrieved relevant papers within the water quality field to 
prepare a database for review (Pan et al., 2021). Fig. 2 shows a flowchart 
of our bibliometric analysis of water quality studies. We used review 
papers to select keywords and increase the efficacy of our search 
(Sutadian et al., 2016; Wang and Yang, 2019). As a result, we selected 
keywords ((water quality index OR water quality risk OR water quality 
assessment OR water quality evaluation) AND (river OR lake)) to search 
for relevant publications. We input keywords into the database. We then 
selected the articles and analysed them according to the refining con
ditions. Finally, we selected 21,962 publications for the bibliometric 
analysis. The VOSviewer was used to analyse the keyword co-occurrence 
and cocitation relationships (Darko et al., 2020). 

Fig. 3 visualises the keyword co-occurrence network based on the 
number of times an item occurred. We set the minimum number of oc
currences threshold to 10. We also extracted items related to water 
quality. Based on the clustering results from VOSviewer, we divided the 
keywords into three research clusters (Fig. 3). Cluster 1 focused on 
WQPs. Chemical factors such as chemical oxygen demand (COD), total 
phosphorus (TP), and bioelements such as chlorophyll-a (chl-a) and total 
nitrogen (TN) are usually used to aggregate WQIs and assess water 
quality in rivers and lakes (Nong et al., 2020). Water quality levels can 
also be classified based on WQIs (Pennino et al., 2020). Cluster 2 focused 
on the contamination of surface water. The water status was assessed 
based on a single factor (the highest contaminant concentration level). 
Heavy metals are the primary pollutants in rivers and seriously threaten 
ecological balance. Therefore, an ecological risk assessment based on 
the risk indices of heavy metals was proposed to manage pollutant 
release (Rampley et al., 2020). Cluster 3 focused on water quality 
assessment methods. Principal components analysis (PCA) has been 
combined with cluster analysis (CA) to classify water quality levels 
(Jehan et al., 2020; Jabbar and Grote, 2019). 

Fig. 4 presents the number of publications on the water quality 
assessment of surface water from 2016 to 2020. The number of publi
cations rapidly increased in this period. Table 1 shows the top ten 
journals in terms of number of publications of papers related water 
quality assessment from 2016 to 2020 in the prepared database. The 
rapid growth in the number of publications indicated that water quality 
assessment has been a research hotspot for the past few years. Thus, a 
review of the latest developments in water quality assessment is 
required to promote further understanding and the application of eval
uating methods in water quality management. 

3. Factors influencing water quality 

The factors that influence the quality of water bodies are complicated 
and include several WQPs (Bhateria and Jain, 2016). The WQPs can be 

Fig. 2. Flowchart of bibliometric analysis.  
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directly measured by collecting water samples. According to their ap
plications, WQPs are divided into influential and trophic status evalu
ation factors (Lin et al., 2020a). Fig. 5 shows the factors influencing 
water quality and trophic status. In China, the factors influencing water 
quality are key and reference factors (MEE, 2002): pH, permanganate 
index (CODMn), TP, 5-day biochemical oxygen demand (BOD5), heavy 

metals, and other pollutants. Temperature (T), TN (for lakes), and faecal 
coliform (F. coli) were selected as reference factors to separately eval
uate surface water quality (CEMS, 2001). In addition, chl-a, TN, TP, 
CODMn, and Secchi depth (SD) were selected as the primary factors for 
evaluating the eutrophication of lakes and reservoirs. In general, water 
temperature strongly affects the eutrophication of established water 
systems. Temperature can adjust the rates of chemical reactions in water 
bodies, consequently affecting the photosynthesis of aquatic plants and 
fish growth (Zhang et al., 2021b). Water oxygen content also decreases 
as the temperature increases. Water quality assessment is based pre
dominantly based on multiple factors, and only a few assessment indices 
include F. coli as a factor when evaluating water quality (Sutadian et al., 
2016). Water temperature and F. coli are the reference indicators for 
assessing water quality in Chinese surface water standards (MEE, 2002). 

4. Overview of water quality assessment indices and methods 

4.1. Water quality assessment indices 

The initial WQI was proposed in 1965 on the basis of physical and 
chemical factors to evaluate water quality status (Horton, 1965; Hurley 
et al., 2012). Various scientists and experts have modified the WQI 
concept in consideration of different factors (Tyagi et al., 2013). 
Different forms of WQI equations have been developed as technology 
has advanced to increase the accuracy of water quality assessments 
(Sutadian et al., 2016). Table 2 shows the development of the main 

Fig. 3. Keywords co-occurrence network visualization.  

Fig. 4. Number of publications on surface water quality assessment.  

Table 1 
Top 10 journals in terms of publication numbers from 2016 to 2020.  

Journals Publications 

Science of the Total Environment 1378 
Water 1209 
Environmental Science and Pollution Research 1192 
Environmental Monitoring and Assessment 580 
Environmental Earth Sciences 562 
Journal of Hydrology 532 
Ecological Indicators 444 
Environmental Pollution 384 
Environmental Science & Technology 347 
IOP Conference Series: Earth and Environmental Science 321  

Fig. 5. Factors influencing trophic status and water quality.  
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Table 2 
Development of water quality indices (WQIs) and water quality classification.  

Items Reference Factors selection Subindices and interpretation WQI calculation Water quality 
assessment 

1 
Brown and 
McClelland 
(1970) 

Kumar et al. 
(2019) 

11 factors: DO, F. coli, pH, BOD5, T, TP, 
TN, total solids, turbidity, pesticides, 
and toxic elements. 

Qi: subindex for ith water quality 
factor; 
Wi: weight of ith factor; n: number 
of factors. 

NFS ​WQI =
∑n

i=1QiWi 91-100: Excellent; 
71-90: Good; 
51-70: Medium; 
26-50: Bad; 
0-25: Very bad. 

2 
CCME (2001); 

Khan et al. 
(2003) 

Lumb et al. 
(2006) 

At least 4 factors; 
Not specified maximum number of 
factors. 

Scope (F1): number of variables 
whose objectives are not met; 
Frequency (F2): number of times 
by which the objectives are not 
met; 
Amplitude (F3): amount by which 
the objectives are not met; nse: 
normalized sum of excursions; 
n: number of factors. 

CCME ​WQI = 100 −

⎛

⎝

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

F2
1 + F2

2 + F2
3

√

1.732

⎞

⎠

F1 =
Number ​ failed ​ variables

Total ​ number ​ of ​ variables
× 100

F2 =
Number ​ failed ​ tests

Total ​ number ​ of ​ tests
× 100

F3 =
nse

0.01nse + 0.01

nse =

∑n
i=1

excursionsi

Number ​ of ​ tests

excursionsi =
Failed ​ test ​ valuei

Objectivej
− 1

or ​ excursionsi =
Objectivej

Failed ​ test ​ valuei
− 1 

95-100: Excellent; 
80-94: Good; 
60-79: Fair; 
45-59: Marginal; 
0-44: Poor. 

3 
Balan et al. 
(2012); 

Sutadian et al. 
(2016) 

8 factors: T, DO, BOD, pH, NH3–N, TP, 
TS, and F. coli. 

n: number of subindices; 
SI: sub-index of ith factor. 

WQI =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅n
∑n

i=1
n

SI2i

√
√
√
√

90-100: Excellent; 
85-89: Good; 
80-84: Fair; 
60-79: Poor; 
0-59: Very poor. 

4 
Pesce and 
Wunderlin 
(2000) 

20 factors: ammonia, BOD5, calcium, 
chloride, COD, DO, hardness, 
magnesium, nitrates, oil and greases, 
pH, phosphorus, dissolved solids, total 
solids, sulfates, T, F. coli, turbidity. 

Ci: normalized value of ith factor; 
Pi: weight of ith factor; n: number 
of factors; 
k: subjective constant; 
CDO: value due to DO after 
normalization; 
Ccond: value due to either 
conductivity or dissolved solids 
after normalization; 
Cturb: value due to turbidity after 
normalization. 

WQI =

∑n

i=1
CiPi

∑n

i=1
Pi

WQIsub = k

∑

i
CixPi

∑

i
Pi

WQImin =
CDO + Ccond + Cturb

3 

WQI: 
91-100: Excellent; 
71-90: Good; 
51-70: Moderate; 
26-50: Low; 
0-25: Bad. 
WQIsub: 
1 = without 
apparent 
contamination; 
0.75 = light 
contamination; 
0.5 =
contamination; 
0.25 = highly 
contaminated. 

5 
Ma et al. 
(2013) 

11 factors: T, DO, NH3–N, nitrate 
nitrogen (NO3–N), nitrite-nitrogen 
(NO2–N), turbidity, pH, BOD5, COD, 
dissolved inorganic phosphorus, and 
chl-a. 

Wk: weight of kth factor; 
VFk: score of principal component 
analysis (PCA). aki: value of ith 
factor component on VFk; 
i: number of factors; 
j: maximum permissible 
concentration status. 

WQI =
∑n

k=1
(WkVFk)

VFk =
∑n

i=1
(akipij)

>0.4: Excellent; 
0.3–0.4: Good; 
0.2–0.3: Medium; 
0.1–0.2: Poor; 
0–0.1: Bad. 

6 
Zhang et al. 
(2015) 

10 factors: Pb, Ni, Cd, Co, Hg, As, Cu, 
Mn, Zn, and Cr. 

I: over-limit ratio of heavy metals; 
Ci: tested single heavy metal 
concentration; 
Si: evaluation standard of heavy 
metals; n: number of factors; 
Max: maximum concentration 
value of a heavy metal. 

WQI =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(

Max
Ci

Si

)2
+

1
n

(
∑n

i=1

Ci

Si

)2

2

√
√
√
√
√
√

I =
Ci

Si
× 100% 

1-2: Light 
pollution; 
2-3: Pollution; 
3-5: Heavy 
pollution; 
>5: Malignant 
pollution 

7 
Bhateria and 
Jain (2016) 

10 factors: pH, DO, turbidity, BOD, 
conductivity, hardness, alkalinity, 
nitrate, and nitrite. 

RW: relative weight; 
AW: assigned weight of each 
factor; n: number of factors; 
Qi: a quality rating scale; 
Ci: factors value obtained from 
laboratory analysis; 
Si: factors value from WHO; 
Vi: ideal value when pH = 7 and 
DO = 14.6; 
SIi: subindices for each factor. 

WQI =
∑n

i=1
SIi

SIi = RW × Qi

Qi =
Ci

Si
× 100

QpH, ​ DO = [(Ci − Vi)/(Si − Vi)] × 100

RW = AWi/
∑n

i=1
AWi 

>300: Unsuitable; 
200-300: Very 
poor; 
100-200: Poor; 
50-100: Good; 
<50: Excellent. 

8 
Khan and 
Jhariya 
(2017) 

8 factors: pH, hardness, alkalinity, 
chloride, nitrate, fluoride, calcium, 
magnesium. 

Wi: relative weight; wi: weight of 
each factor; 
n: number of factors; 

<35: Excellent; 
35-45: Good; 
45-55: Moderate; 

(continued on next page) 
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WQIs. In general, the WQIs are developed in three steps: (1) selecting 
fundamental water quality factors; (2) determining the quality function 
of each factor considered a subindex, and (3) aggregating subindices 
using a mathematical expression (Tyagi et al., 2013). 

Fig. 6 shows a flowchart for generating WQIs. Selecting key factors is 
an essential step when generating a WQI because the subindex and WQI 
are calculated using the values of the selected parameters. WQIs 
consider various numbers of factors, ranging from four to twenty, as 
shown in Table 2 (Khan et al., 2003; Pesce and Wunderlin, 2000). 
However, selecting the influential factors remains a challenge because 
the initial water quality factors involve subjective assessment during 
index generation (Lumb et al., 2006; Rangeti et al., 2015). To address 
this problem, some approaches have been applied to reduce the uncer
tainty and inaccuracy in selecting influential factors (Akhtar et al., 
2021). Expert judgement and statistical analysis are methods commonly 
used for factor selection (Akhtar et al., 2021). For expert judgement, 
three approaches (individual interviews, interactive groups, and the 
Delphi method) are employed to evaluate the influence of various fac
tors. The Delphi method is widely used for factor selection owing to its 
effectiveness (Kumar et al., 2019). Statistical analysis, including Pearson 

coefficient of correlation, PCA, and factor analysis, is another widely 
used approach for selecting influential parameters (Gao et al., 2020; 
Ustaoğlu et al., 2021). After parameter selection, the subindices are 
transformed to nondimensional scale values based on the selected pa
rameters because the values of the selected factors have different units 
(Tyagi et al., 2013). In some WQIs, primary factors are directly 
considered subindices to produce the final index. However, in general, 
aggregated subindices can be generated based on primary factors or 
subindices. The subindices functions and rating curves are developed 
according to the weights assigned via expert judgement, statistical 
analysis, and water quality standards in different countries and regions 
(Sutadian et al., 2016). Then, the final WQI can be established based on 
the subindices and aggregated subindices (Sutadian et al., 2016; Tyagi 
et al., 2013). The water quality classification level is determined ac
cording to the value of the WQI. NFS proposed an initial WQI using the 
Delphi method to determine the influential factors (NSF WQI) (Noori 
et al., 2019). Additionally, CCME proposed another form of the WQI 
equation (CCME WQI) (Abbasi et al., 2012). The NSF and CCME WQIs 
are widely used for water quality assessment, and the WQIs shown in 
Table 2 have usually been developed and improved based on the NFS 
and CCME WQIs (Balan et al., 2012; Sutadian et al., 2016). Various 
methods for assigning weights to selected factors to improve the accu
racy of WQI have been proposed (Pesce and Wunderlin, 2000; Zhang 
et al., 2015). PCA is commonly used to determine the weights of various 
factors (Ma et al., 2013). Additionally, WQIs have been further modified 
using the standard value of the factor in pure water based on situation in 
specific areas (Bhateria and Jain, 2016; Khan and Jhariya, 2017; Nong 
et al., 2020). 

4.2. Trophic status assessment indices 

Water eutrophication severely threatens aquatic ecosystems, as it 
results in the death of aquatic organisms (Hamilton et al., 2018). 
Therefore, evaluating eutrophication status based on physical and 
chemical water parameters can effectively provide a theoretical basis 
and technical guidance for engineers for predicting water quality levels 
(Ji et al., 2020). Many trophic status assessment methods involving 
simple, single water factors and comprehensive indices have been 

Table 2 (continued ) 

Items Reference Factors selection Subindices and interpretation WQI calculation Water quality 
assessment 

Ci: concentration of each factor in 
a sample; 
Cio: ideal value of the factor in 
pure water; 
Si: standard value; 
SIi: sub-index of ith factor. 

WQI =
∑

SIi

SIi = WiQi

Wi =
wi

∑n
i=1

wi

Qi = (Ci − Cio)/(Si − Cio) × 100 

55-65: Poor; 
65-75: Very poor; 
>75: Undrinkable 
water. 

9 
Nong et al. 
(2020) 

16 factors: DO, BOD5, CODMn, NH3–N, 
TP, TN, pH, F. coli, T, SO2−

4 , F− , Hg, As, 
Cu, Zn, Se. 

Ti: measured concentration of ith 
factor; 
Si,k and Si,k + n: standard 
thresholds of ith factor at level K 
and K + n; 
Ii,k standard normalization value 
of factor classification; n: number 
of the equal values of the 
threshold. n = 1 when no equal 
threshold exists; 
Ci: normalized value of the ith 
factor. 

WQImin− nw =

∑n

i=1
Ci

n

Ci =

⎧
⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

100 −

[
(Ti − Si,k)

(Ti,k+n − Si,k)
× 20n + Ii,k

]

100 −
Ti

Si,k+n
× 20n, ​ Ti ∈ [0, Si,k)

, ​ Ti ∈ (Si,k, Si,k+n ]

81-100: Excellent; 
60-80: Good; 
41-60: Fair; 
21-40: Poor; 
0-20: Very poor. 

10 
Gao et al. 
(2020); 

Ustaoğlu et al. 
(2021) 

12 factors: pH, DO, electrical 
conduction (EC), and 9 heavy metals. 

Wi: weight of each factor and 
calculated based on eigenvalues 
by PCA. 
Ci: concentration of each factor; 
Si: the limit value of drinking 
water for each heavy metal. 

WQI =
∑
[

Wi ×

(
Ci

Si

)]

× 100 
≥300: 
Undrinkable 
water; 
200-300: Very 
poor; 
100-200: Poor; 
50-100: Good; 
<50: Excellent;  

Fig. 6. Flowchart of WQI generation (recreated from Sutadian et al., 2016).  
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proposed to evaluate water eutrophication levels (Wang et al., 2019; 
Opiyo et al., 2019). We summarise the TSIs of the water bodies in this 
section. 

Table 3 shows the representative trophic status assessment indices. 
Owing to various influential factors and situations, eutrophication 
assessment indices for water bodies have been developed in different 
areas. The simplest method of evaluating water trophic status involves 
using a single factor index (Ii) (Li et al., 2020). The single-factor index is 
used to compare the measured with the standard concentration value for 

each factor in trophic level classification, which can quickly describe the 
trophic level of water and the main factors influencing eutrophic water 
status. However, the single-factor method only reflects the water 
eutrophication of individual factor, and ignores the comprehensive in
fluence of different indicators (Li et al., 2020). Therefore, the Nemerow 
synthetic pollution index (PI) was developed based on a single-factor 
index (Huang et al., 2018). Although some factor concentrations 
exceeded the standard values and induced water eutrophication, the 
average values of the indicators did not exceed the threshold value. The 

Table 3 
Trophic status assessment indices and classification.  

Methods Trophic status index Parameters Tropic status 

Single factor index (Ii) (Li et al., 2020) Ii =
Ci

Ci0 

Ci: actual measured value of ith factor; 
Ci0: standard value of ith factor. 

Ii ≤ 1: not eutrophic; 
1<Ii ≤ 2: light eutrophic; 
2<Ii ≤ 3: medium eutrophic; 
3<Ii: heavy eutrophic. 

Nemerow synthetic pollution index 
(PI) (Huang et al., 2018) PI =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(I2imax + I2iave)

2

√ Iimax: maximum value of ith single factor 
index; 
Iiave: average value of ith single factor 
index. 

PI ≤ 0.7: safe level of eutrophic; 
0.7 < PI ≤ 1:minimum 
eutrophic; 
1 < PI ≤ 2:light eutrophic; 
2 < PI ≤ 3: medium eutrophic; 
3 < PI: heavy eutrophic. 

Trophic diatom index (TDI) (Kelly, 
1998) 

TDI = (25 × WMS) − 25

WMS =
∑m

j=1
ajsjvj/

∑m
j=1

ajvj 

WMS: weight mean sensitive; aj: 
abundance of species j in sample; 
sj: pollution sensitivity of species j; 
vj: indicator value. 

0-100: low nutrient 
concentrations to very high 
nutrient concentrations. 

Vollenweiner trophic index (TRIX) ( 
Vollenweider et al., 1998;  
Morales-Ojeda et al., 2010) 

TRIX =
(log 10[chl − a⋅aD%O⋅DIN⋅P] + x)

m 
P: soluble reactive phosphorus; 
DIN: dissolved inorganic nitrogen; 
aD%O: absolute % of oxygen deviation 
from saturation; 
x and m: scale coefficients. 

TRIX≤4: oligotrophic; 
4<TRIX≤5: mesotrophic; 
TRIX>5: eutrophic. 

Comprehensive trophic level index 
(TLI) (Wang et al., 2019) TLI(Σ) =

∑
Wj⋅TLI(j), ​Wj =

r2
ij

∑m
j=1

r2
ij

TLI(chl − a) = 10 × (2.5 + 1.086 ln chl − a)

TLI(TP) = 10 × (9.436 + 1.624 ln TP)

TLI(TN) = 10 × (5.453 + 1.694 ln TN)

TLI(SD) = 10 × (5.118 − 1.941 ln SD)

TLI(CODMn) = 10 × (0.109 + 2.661 ln CODMn)

Wj: relative weight of TSI for jth factor; rij: 
correlation coefficient between chl-a and 
jth factor; 
m: number of factors; 
TLI(j): TSI of jth factor; 

TLI(
∑

)<30: oligotrophic; 
30≤TLI(

∑
)≤50: mesotrophic; 

TLI(
∑

)>50: eutrophic; 
50 < TLI(

∑
)≤60: light 

eutrophic; 
60 < TLI(

∑
)≤70: moderate 

eutrophication; 
TLI(

∑
)>70: hypereutrophic. 

Carlson trophic status index (CTSI) ( 
Carlson, 1977; Opiyo et al., 2019) CTSI =

TSI(SD) + TSI(chl − a) − TSI(TP)
3

TSI(chl − a) = 10 ×

(

6 −
2.04 − 0.68 ln chl − a

ln 2

)

TSI(TP) = 10 ×

(

6 −
ln(48/TP)

ln 2

)

TSI(SD) = 10 ×

(

6 −
ln SD
ln 2

)

TSI(j): trophic status index of jth factor. CTSI<40: oligotrophic; 
40≤CTSI<50: mesotrophic; 
50≤CTSI<70: eutrophic. 
70≤CTSI<100: hypereutrophic. 

Modified Carlson trophic status index 
(MTSI) (Aizaki et al., 1981; Wen 
et al., 2019) 

MTSI = 0.297TSI(SD) + 0.54TSI(chl − a) + 0.163TSI(TP)

TSIM(chl − a) = 10 ×

(

2.46 +
ln chl − a

ln 2.5

)

TSIM(TP) = 10 ×

(

2.46 +
6.71 + 1.15 ln(TP)

ln 2.5

)

TSIM(SD) = 10 ×

(

2.46 +
3.69 − 1.52 ln SD

ln 2.5

)

TSIM(j): trophic status index of jth factor. MTSI<30: oligotrophic; 
30≤MTSI≤50: mesotrophic; 
MTSI>50: eutrophic. 

Improved Carlson trophic status 
index (ITSI) (Yu et al., 2010) 

ITSI = TSI(Σ) =
∑m

j=1
[Wj × TSI(j)]

TSII(TP) = 10 × (9.436 + 1.488ln TP/ln 2.5)

TSII(TN) = 10 × (5.453 + 1.694ln TN/ln 2.5)

TSII(COD) = 10 × (0.109 + 2.438ln COD/ln 2.5)

TSII(BOD) = 10 × (2.118 + 2.363 ln BOD)

TSII(NH3 − N) = 10 × (7.77 + 1.511lln NH3 − N/ln 2.5)

Wj: entropy weight for jth factor; m: 
number of factors; 
TSII(j): trophic status index of jth factor. 

ITSI≤30: oligotrophic; 
30<ITSI≤50: mesotrophic; 
50 < TLI(

∑
)≤60: eutrophic; 

60 < TLI(
∑

)≤60: super 
eutrophic; 
70 < TLI(

∑
)≤100: 

hypereutrophic. 

Bacterial eutrophic index (BEI) (Ji 
et al., 2020) BEI =

Cyano − A
Actino − A

f
(

Y1
Y2

,T
)

Cyano-A and Actino-A: abundances of 
Cyanobacteria and Actinobacteria; 
Y1 and Y2: functions fitted by using 
Cyano-A, Actino-A, and T; f(a): function 
fitted by using Y1/Y2 and T. 

BEI≤0.25: oligotrophic; 
0.25< BEI≤3: oligo- 
mesotrophic; 
0.3< BEI≤0.35: mesotrophic; 
0.35< BEI≤0.65: light 
eutrophic; 
0.65< BEI≤1.3: middle 
eutrophic; 
BEI>1.3: hypereutrophic.  
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method of assessing the Nemerow PI combining the average trophic 
factor value with the maximum value, was applied to evaluate water 
quality (Xu et al., 2010). The different trophic indicators have different 
influences on water quality and ecological systems. An improved 
Nemerow synthetic pollution index was established by assigning 
weights to trophic factors (Huang et al., 2018). The Nemerow synthetic 
pollution index highlights the impact of the factor that mostly affects 
trophic status, water quality, and the ecological system. The results of 
the Nemerow synthetic pollution index cannot be used to determine the 
eutrophication level of water in some cases because of the low sensitivity 
of the water factors. Therefore, more comprehensive TSIs have been 
proposed for assessing water eutrophication. 

The Carlson trophic status index (CTSI) and comprehensive TLI are 
widely used to classify the eutrophication status of lakes and reservoirs 
(Carlson, 1977; Lin et al., 2020b; Liu et al., 2020). Water eutrophication 
can be qualitatively evaluated based on colour characterisation (CEMS, 
2001). Table 4 presents a qualitative evaluation system of water quality 
and its levels. The colour of the water body is primarily influenced by 
three WQPs: TP, SD, and chl-a. Therefore, these three WQPs were ana
lysed using their TSI equations, and the value of the final CTSI was 
obtained together with the TSI results for these three indicators (Opiyo 
et al., 2019). Subsequently, the final CTSI value was used to identify the 
eutrophication of lakes based on TSI values ranging from 0 to 100, as 
shown in Table 3. In the CTSI, transparency is considered a relative 
index of algal biomass. However, Aizaki et al. (1981) claimed that 
transparency is partially influenced by factors other than algal biomass. 
Therefore, a modified trophic status index (MTSI) based on chl-a con
centration rather than transparency was proposed. Subsequently, more 
synthesised tropic status index models were established and improved 
based on CTSI, MTSI, and more water quality factors (Yu et al., 2010). In 
some lake ecosystems, the nitrogen concentration and CODMn may limit 
phytoplankton growth (Qin et al., 2020). Hence, TN and CODMn were 
also considered in a water eutrophication assessment (MEE, 2011). The 
TLI is a comprehensive index applied to determine the eutrophication of 
water in China. The TLI involves five parameters, that is, TN, SD, TP, 
chl-a, and CODMn, which are assigned relative weights calculated by the 
correlation coefficient between chl-a concentration and WQPs shown in 
Table 5. Additionally, the TSI of water quality based on diatoms, bac
teria, and species, that is, Trophic diatom index (TDI), Vollenweiner 
trophic index (TRIX), and Bacterial eutrophic index (BEI), were also 
designed to evaluate water eutrophication in different water ecological 
systems. 

4.3. Heavy metal evaluation and human health risk assessment 

Heavy metal pollution globally poses a threat to the environment 

(García-Carmona et al., 2017). Heavy metals dissolved in water are 
crucial factors affecting water quality and potentially pose human health 
risks because they enter the food chain during plant and animal growth 
(Huang et al., 2018). Therefore, the concentrations and sources of heavy 
metals must be understood. Identifying the human health risks caused 
by heavy metals is also crucial (Saha et al., 2017). Heavy metal pollution 
can be evaluated based on WQIs and TSIs (e.g., the single-factor index, 
and Nemerow synthetic pollution index) (Li et al., 2020). Additionally, 
heavy metals that enter the environment can affect aquatic ecosystems 
and human health (Saha et al., 2017). Therefore, potential exposure 
risks in terms of human health by contaminated water should be esti
mated and applied in practice to protect human health (Alves et al., 
2014). 

Fig. 7 shows the risk assessment procedure for water polluted with 
heavy metals in China. Heavy metal risk assessment consists of four 
steps: hazard identification, exposure evaluation, risk characterisation, 
and control value calculation (MEE, 2014). In hazard identification step, 
environmental survey, water use, pollutants information should be 
collected and analysed to determine the exposed population. According 
to hazard identification results, the exposure routes, exposure model, 
and model parameters should be established, and the heavy metals 
exposure value should be calculated. Additionally, human health risks 
should be analysed based on carcinogenic and noncarcinogenic risk 
equations (USEPA, 2004). Then, the risk assessment model is used to 
calculate the CR and HQ for uncertainty analysis. Finally, the calculated 
value of the heavy metal risk is estimated as either an acceptable or 
unacceptable value. Next, risk management measures can be applied to 
ensure the safety of water use. The most widely used approach was 
proposed in USEPA guidance regarding human health exposure risk 
analysis during heavy metal assessment (USEPA, 1989). 

The risk posed by the exposure to heavy metals to human health may 
occur through ingestion by the mouth or dermal absorption through skin 
contact (Ustaoğlu et al., 2021). Four health risk assessment indices, 
ADD, HI, HQ, and CR, were proposed to characterise the hazard of 
human body exposure to heavy metals. The ADD by direct ingestion 
(ADDing) and skin absorption (ADDderm), which consider two population 
groups, the general population (adults) and sensitive population (chil
dren), are calculated as follows (Amiri et al., 2020; USEPA, 2004; 
Ustaoğlu et al., 2021): 

ADDing =
fe × Ri × ted × Cw × ABSg

AT × BW

ADDderm
SA × Kp × ED × ET × CF × EF × Cw

AT × BW

(1)  

where fe is the exposure frequency; Ri is the ingestion rate; ted is the 
exposure duration; Cw is the heavy metal concentration; ABSg is the 
gastrointestinal absorption factor; Kp is the dermal permeability con
stant; SA is the exposed skin area; ET is the exposure time; AT is the 
average time; BW is the average body weight; CF is 10. 

The noncarcinogenic risks of heavy metals are generally estimated 
using HQ and HI. HQ is the ratio of ADD of each pollutant for a single 
exposure pathway to the corresponding reference dose (RfD). HI is the 
sum of the HQs for different heavy metals from all possible pathways. HI 
can be used to estimate the total noncarcinogenic risks of multiple 
exposure pathways (Li and Zhang, 2010; Zeng et al., 2019). The 
following equations are used to calculate HQ and HI (Alver, 2019). 

Table 4 
Systems of qualitative evaluating water quality (MEE, 2011).  

Classification Water 
quality 

Characterisation of 
colour 

Water quality function types 

Level I–II Excellent Blue Drinking water source level I 
protection zone, habitat for 
rare aquatic life, spawning 
grounds for fish and shrimp, 
etc. 

Level III Good Green Drinking water source level II 
protection zone, winter 
grounds, and migration 
channels for fish, shrimp, etc. 

Level IV Light 
pollution 

Yellow General industrial water and 
recreational water not in 
direct contact with the 
human body. 

Level V Middle 
pollution 

Orange Agricultural water and 
general landscape water. 

Inferior level 
V 

Heavy 
pollution 

Red Local climate regulation and 
poor use function.  

Table 5 
Correlation coefficient between water quality factors and chl-a in China (MEE, 
2011).  

Parameters chl-a TP TN SD CODMn 

rij 1 0.84 0.82 − 0.83 0.83 
r2
ij 1 0.7056 0.6724 0.6889 0.6889 

Wj 0.2663 0.1879 0.1790 0.1834 0.1834  
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HQing =
ADDing

Rf Ding
, ​ HQderm =

ADDderm

Rf Dderm

Rf Dderm = Rf Ding × ABSg

HI =
∑(

HQing + HQderm
)

(2) 

Based on the HQ and HI values, the noncarcinogenic risk can be 
categorised into four levels, which is presented in Table 6. When the 
value of HQ or HI exceeds one, potential noncarcinogenic health risk 
might pose a risk to human health. Additionally, CR is applied to assess 
the risk of developing cancer during a human lifetime because of 
exposure to carcinogenic heavy metals. The CR can be obtained using 
the following formula: 

CR=ADD × CSF (3)  

where CR is unitless; CSF is the cancer slope factor, (0.0015 and 
0.00366 μg/kg/d for ingested and dermal As, respectively). The 
acceptable CR values range from 1 × 10− 6 to 1 × 10− 4. When CR < 1 ×
10− 6, heavy metals might not pose a serious health hazard, where the 
carcinogenic risk is unacceptable when CR > 1 × 10− 4 (Ustaoğlu et al., 
2021). Risk management measures should be implemented to reduce 
risks and protect human health. Human health risk assessments often 
result in uncertainty (Alver, 2019). Therefore, Monte Carlo simulation is 
a widely used method for determining the probability of carcinogenic 
and noncarcinogenic risks (Amiri et al., 2020; Ustaoğlu et al., 2021). 

Fig. 7. Procedure of assessing the risk posed by heavy metals in polluted water.  
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5. Water quality assessment models 

With the rapid development of computer science, AI technology has 
been introduced in assessment models (including ES and ML-based 
models) to assess water quality. ES methods and ML models use com
puters to improve the decision-making ability of human experts to solve 
complex problems with specialised knowledge and experience (Akhtar 
et al., 2021). Water quality assessment models have been developed 
based on ES and ML methods (Chou et al., 2018). Fig. 8 presents a 
flowchart of water quality assessment based on ES and ML methods. 
First, water parameters are collected from water samples using labora
tory analysis, advanced remote sensing mapping technology, and a 
real-time monitoring system (Raju and Varma, 2017). The data are then 
input into the ES and ML methods to estimate the water quality and 
human health risk. Fig. 8 shows several ES methods frequently used to 
evaluate water quality, including fuzzy set, rough set, analytic hierarchy 
process (AHP), technique for order preference by similarity to an ideal 
solution (TOPSIS) and entropy methods (Baghapour et al., 2020; Lyu 
et al., 2021). Data–driving techniques and ML methods, such as sensi
tivity analysis (SA), CA, PCA, and random forest (RF), are applied in 
practice to identify the correlation between water quality factors and 
determine the water quality level and potential risk level (Akhtar et al., 
2021; Marín et al., 2018; Norouzi and Moghaddam, 2020). Finally, the 
results of the water quality assessment are presented using maps pro
duced via a geographic information system (GIS). 

5.1. Water quality assessment with ESs 

ES methods can emulate scientists in estimating the probability of 
alternatives for objectives, providing water management suggestions to 
engineers. The AHP is a widely used method in practice. Fig. 9 shows the 
water quality assessment process based on the AHP method. The AHP 
method based on multicriteria decision-making was developed by Saaty 
(1977). The AHP is a valuable tool for dealing with group or individual 
decision-making problems, and consists of three layers: objective, 
criteria, and alternative layers. In a study, the selected objective was 
water quality assessment. To evaluate water quality, multiple criteria for 
drinking, domestic, irrigation, and industry were selected based on the 
guidance of experts and scientists (Akhtar et al., 2021). The alternatives 
consisted of multiple WQPs. Additionally, fuzzy and rough set theories 
can be integrated into the AHP to improve its efficiency and effective
ness (An et al., 2014; Akhtar et al., 2021). Then, the relative weights of 
available alternatives can be determined using the AHP method. The 
subindices can be aggregated as a WQI based on the relative weights of 
the WQPs. Finally, the water quality can be classified by the aggregated 
WQI based on the AHP method. 

The AHP method can also be directly applied to water quality 
assessment (Shi et al., 2020). To illustrate the capability of the AHP 
method, the process of assessing water quality for Liao River in the 
Liaoning Province of China is demonstrated as a case study. The water 
environment risk in Liao River was divided into cumulative and sudden 
environmental risks. The comprehensive evaluation system was estab
lished by the cumulative environmental risk assessment method from 
the USEPA, which was used to identify the cumulative risk indicators 
(Wi). The sudden risk indicators (Xj) were identified using the water 
environmental emergency risk index system from the 
stress-state-response model. Finally, twenty-four cumulative risk in
dicators and ten sudden risk indicators were selected as alternatives for 

Table 6 
Noncarcinogenic risk level classification.  

Risk 
level 

Very low risk Low risk Medium risk Very high risk 

Values HQ < 0.1 or HI 
< 0.1 

HQ ≥ 0.1 or 
HI < 1 

HQ ≥ 1 or HI 
< 4 

HQ ≥ 4 or HI 
≥ 4  

Fig. 8. Flowchart of water quality assessment based on models.  
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the AHP method. The relative weights of each indicator were calculated 
as shown in Fig. 10a and b. According to the measured WQP values from 
the water samples, the index scores were determined based on the water 
environment risk rating and classification standard. Finally, the value of 
the cumulative and sudden risks can be calculated using the risk values 
for each indicator, as shown in Fig. 10c. Engineers for water quality 
management may implement countermeasures when the water envi
ronment risk level exceeds the standard value. 

5.2. Water quality assessment with ML methods 

ML methods have been rapidly developed owing to advances in 
computing techniques, and can efficiently deal with complex nonlinear 
problems with knowledge obtained from the real world (Khan and See, 
2016). ML has been applied for water quality assessments (Shah et al., 
2021), and numerous ML methods, such as cluster algorithm, ANN, PCA, 
RF, and deep learning (DL), have been proposed to solve different 

problems (Abba et al., 2020; Banadkooki et al., 2020). Cluster algo
rithms and PCA can be used to select features and identify primary 
pollutants and their distributions (Das et al., 2020). ANN, RF, and DL can 
be applied for water status level classification and regression based on 
large datasets (Wong et al., 2021). 

Fig. 11 presents a flowchart and perspectives on water quality 
assessment using ML methods. The first step in water quality assessment 
is WQP monitoring using various techniques. The WQPs and water 
status are obtained using sensors and GIS processing. Next, the moni
toring data are analysed and transformed into a WQI before setting up 
the input and output sets. In this case, relevant data features are 
extracted using PCA or linear discriminant analysis (LDA) (Ratoloja
nahary et al., 2019). Then, the WQPs, such as COD, TP, TN, chl-a, and 
heavy metals, are set as the input data for the ML methods. Next, the 
water quality status is divided into five categories, excellent, good, 
moderate, poor, and bad, which are set as the classification targets. RF is 
the most widely used ML method for classification and regression 
(Norouzi and Moghaddam, 2020; Tiyasha et al., 2021). Breiman (2001) 
developed RF based on the bagging method. Fig. 12 shows the basic 
structure of a RF. The database, including the WQPs and status, is split 
into two sections: training and test data. The variable features are 
randomly selected, and original samples in the training data are drawn 
in a bag using the resampling bootstrap method to develop classification 
decision trees (CARTs) (Davison and Hinkley, 1997). The data placed 
into another category are called out-of-bag (OOB), which are used to 
assess the accuracy of the RF model (Norouzi and Moghaddam, 2020). 
The Gini index is then used to generate the nodes by feature determi
nation (Lin et al., 2021). Finally, N CART trees are established, and the 
classification results are determined by voting based on the results of the 
CART trees. After water quality status classification, the importance of 
different variables for WQPs is analysed using SA. Spearman rank cor
relation coefficient method is commonly used in SA to reveal the re
lationships between heavy metals (Zhang et al., 2015). Additionally, 
Monte Carlo simulation is commonly used in uncertainty analysis to 
determine the uncertainty of the process in water quality assessment 
(Saha et al., 2017). Finally, the spatial-temporal distribution of water 
quality and contamination can be visualised on a map using GIS 
technology. 

To illustrate the application of ML methods to water quality assess
ment, the prediction of WQI classification in Klang River in Malaysia and 
surface water quality assessment in the Tianshan Mountains in China are 
demonstrated as two case studies, respectively. 

(1) For Klang River, three ML methods, RF, DL, and decision tree 
(DT), are used to predict the WQI classification. In the first step, we 
gathered raw data from monitoring stations. Second, we determined the 
input and output datasets via data processing prior to establishing the 

Fig. 9. Process of water quality assessment based on AHP method (recreated 
from Akhtar et al., 2021). 

Fig. 10. Water environment risk assessment based on AHP, (a) cumulative risk weight of comprehensive indicators (Wi), (b) sudden risk weight of comprehensive 
indicators (Xj), and (c) risk level from 2011 to 2017 (recreated from Shi et al., 2020). 
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database. In this case study, we set the collected WQPs, such as DO, pH, 
COD, BOD, suspended solids (SS), and NH3–N, as the input data set. Our 
classification target was the water quality status, which was classified 
into five categories based on the DOE-WQI values in the water quality 
standards set by the Department of Environment of Malaysia (DOE) 
(DOE, 2014). Finally, we established a database based on the monitoring 
parameters and water quality status. The database was split into training 
and test sets at 80% and 20%, respectively. Then, the ML models for 
water quality status classification were established by training and 
verifying the classification models with the training and test sets. Fig. 13 
presents the performance of the three classification models. The per
formance metrics showed that the DL model was more accurate with less 
classification error than the RF and DT models (Fig. 13a). The precision 
for each class is shown in Fig. 13b. The precision of the DL model for 
each class was higher than that of the RF and DT models, except for class 
I. In general, the DL model was the most accurate of the three models. 
After the WQI is predicted using ML methods, countermeasures, such as 
increasing monitoring frequency, identifying potential risks, and 
enhancing sewage treatment can be applied to improve water quality. 

(2) For the Tianshan Mountains in China, SA, PCA, and CA are 
applied to reveal the correlations and sources of heavy metals. Table 7 
shows Spearman correlation coefficients of heavy metals. The SA result 
showed that the groups of Cu, Zn, and Pb; Cr, Mn, Hg, Zn, and Pb; and 
Ni, As, Co, and Cr were positively related. Therefore, the three groups 
were influenced by three factors (Zhang et al., 2015). Contrarily, the 
negative correlation coefficients of the heavy metals indicated that these 
heavy metals may have different sources. Therefore, the PCA and CA 
methods were used to determine the origins of these heavy metals. 

Fig. 14 shows the results of PCA and CA for heavy metal groups. The first 
principal component (PC1) consisted of Cu, Zn, and Pb; the second 
principal component (PC2) of Co, Cr, As, and Ni; and the third principal 
component (PC3) consisted of Mn, Cd, and Hg (Fig. 14a) (Zhang et al., 
2015). After analysing the water samples from sampling sites, heavy 
metals, such as Zn, Hg, and Mn, in PC1 and PC3 may have been emitted 
from industrial areas and human activities near townships (Kurun et al., 
2010; Li et al., 2012). 

The heavy metals in PC2 (Co, Cr, and As) mainly derived from rock 
weathering and dry river floods, and could have entered rivers and lakes 
(Hu et al., 2012; Li et al., 2012). The results of CA were consistent with 
those of PCA, where the heavy metals were categorised into three groups 
(Fig. 14b): Cu, Zn, and Pb; Co, Ni, Cr, and As; and Mn, Cd, and Hg. 
Combined with the analysis of heavy metal sources, the second group of 
heavy metals were mainly derived from the natural environment, and 
the first and third groups mainly derived from human activities. 

6. Summary of and perspective on water quality management 

6.1. Summary of water quality assessment methods 

This study introduces several aspects of water quality assessment 
using different assessment methods, including assessment indices 
(WQIs, TSIs, and HMIs) and assessment models (ES methods and ML 
models). Fig. 15 shows a Venn diagram of the objectives of water quality 
assessment and the relationships among assessment indices (WQIs, TSIs, 
and HMIs) and assessment models (ES methods and ML models). 
Different indices have their own assessment expressions for evaluating 

Fig. 11. Flowchart of water quality assessment based on machine learning methods.  
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various aspects of water quality (i.e., water quality level, eutrophic 
status, and human health risk). The overlapping region in Fig. 15a in
dicates that some indices (e.g., the single-factor index and Nemerow 
synthetic pollution index) can be used for all aspects of surface water 
quality evaluation. Additionally, assessment models have been 

developed by integrating assessment indices (WQIs, TSIs, and HMIs) 
based on the weights of WQPs to efficiently predict water status, which 
can be employed in various situations according to geographical loca
tion and pollution indicators. 

WQIs have become a valuable tool for analysing water quality trends 

Fig. 12. Basic structure of random forest (recreated from Norouzi et al., 2020).  

Fig. 13. Performance of each model in classifying individual WQI classes: (a) performance metrics; (b) precision of each class (data from Tiyasha et al., 2021).  
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and describing overall water quality (Rangeti et al., 2015). However, 
WQIs depict the composite influence of various WQPs. Some countries 
use aggregated WQPs to develop WQIs for water quality classification, 
because of the absence of globally acceptable WQIs (Tyagi et al., 2013). 
Selecting the crucial parameters for developing WQIs is challenging 
because of the subjective nature of the assessment of some of the pa
rameters. Additionally, TSIs and HMIs have been developed to assess 
water eutrophication and contamination levels, respectively, which also 
aggregated WQPs for each aspect of water quality. Compared with 
WQIs, TSIs can be developed using more parameters (e.g., concentra
tions of bacteria and algae) for assessing eutrophication. Furthermore, 
heavy metal pollution assessments consist of not only water quality 

classification but also human health risk assessment and the analysis of 
correlations and sources of heavy metals (Fig. 15b). With advances in 
computer technology, AI methods have been applied to assess water 
quality (Wong et al., 2021). Water quality assessment models based on 
AI technology have been designed to generate assessment indices, 
identify the sources of contaminants, and classify water quality levels. 
WQP data have been collected by remote sensors, laboratory analysis, 
and GIS processing and input to assessment models to help researchers 
more quickly and comprehensively analyse water quality. Finally, the 
analysis results for the spatial-temporal distribution of water quality 
levels can be visualised on maps, which provide valuable information for 
decision-makers. 

Table 7 
Correlation coefficients of the concentrations of heavy metals in surface water (recreated from Zhang et al., 2015).   

As Cd Co Cr Cu Hg Mn Ni Pb Zn 

As 1          
Cd − 0.322a 1         
Co 0.351 − 0.213a 1        
Cr 0.475 − 0.421a 0.561a 1       
Cu 0.327 0.391a 0.417 0.361 1      
Hg − 0.336a 0.688b − 0.283a − 0.342a 0.312 1     
Mn − 0.251a 0.479b − 0.274a − 0.512a 0.293 0.431 1    
Ni 0.528 − 0.231 0.494a 0.995a − 0.252 − 0.322a − 0.481a 1   
Pb − 0.261a 0.405b − 0.317a − 0.311 0.341a 0.546 0.322 − 0.433 1  
Zn − 0.427a 0.557b − 0.221a − 0.212 0.324a 0.455 0.184 − 0.251a 0.422 1  

a Correlation significance at the 0.01 level. 
b Correlation significance at the 0.05 level (one tail). 

Fig. 14. Analyses results of heavy metal groups: (a) PCA; (b) CA (recreated based on Zhang et al., 2015).  

Fig. 15. Venn diagram of (a) relationship among assessment indices and assessment models; (b) objectives of water quality assessment.  
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Fig. 16. Flowchart of water quality management system.  
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6.2. Current status and future perspectives for water quality management 

Currently, more than half of the water resources in the world are 
polluted, which poses a threat to human health, the environment and 
climate change (Saravanan et al., 2021). Surface water quality must 
urgent be restored to combat its negative influence on human health, 
economic development, and the ecological environment (Zhang et al., 
2021a). However, current water quality management methods are 
commonly based on integrating different WQPs into various indices to 
evaluate water quality, which is time-consuming, inefficient and cannot 
meet the demands for improving water quality in a rapidly developing 
society. The worth of water should be recognised, measured and inte
grated into the decision-making systems of water quality managers 
(UNESCO, 2021). In addition, pollution should be prevented instead of 
treating contaminated water. Effectively and efficiently identifying 
pollution sources and making decisions regarding water management 
are bottlenecks in water quality protection. Moreover, the current water 
management system lacks a platform that integrates real-time moni
toring, identification, feedback, and decision-making for surface water 
based on the recognition of its worth. 

China knows its lucid waters and lush mountains are invaluable as
sets for economic development. Many of its financial resources have 
been devoted to water resource protection, which requires not only the 
development of composite indices, but also a complete water quality 
management system. This system consists of identifying pollution 
sources, monitoring WQPs, evaluating water quality, treating water 
pollution, and restoring the ecological environment. The most crucial 
aspect of water quality management is the establishment of an early 
warning system that includes monitoring, evaluation, and feedback. 
Therefore, technical countermeasures can be implemented to prevent 
the deterioration of water quality. Finally, society will benefit from the 
increased availability of water resources, achieved through an innova
tive water quality management system. 

With the development of computing technology, many technologies 
and equipment are being used to provide early water quality warning. 
Fig. 16 presents a flowchart of a water quality management system. 
Remote sensors (RS) are valuable measure tools used for obtaining 
WQPs. Several sensors can be fixed on a floating water quality moni
toring station to obtain the WQPs, such as conductivity, T, pH, and SD. 
These data can then be collected in a cloud system using wireless 
transmission technology (Wang and Yang, 2019). Surveillance cameras 
and unmanned aerial vehicles (UAVs) can be used to obtain pictures of 
the water area. A GIS can be utilised to generate real-time water quality 
maps and obtain geographic positions, monitoring information, and 
variation in WQPs. A real-time water quality monitoring system has 
been built up by integrating above techniques. However, it cannot 

satisfy the requirements of water quality management. As such, assess
ment methods and decision-making systems for water quality treatment 
should also be integrated into water quality management systems. Then, 
the data collected by the above techniques can be stored in a cloud 
system, which can be used to develop water quality assessment models. 
In the previous section, we presented several ES and ML models used for 
water quality evaluation. Water quality information can be processed 
and predicted using water quality assessment models. If the water 
quality status is not acceptable, technical measures can be applied to 
improve water quality (Fig. 11). Early water quality warning systems 
can be integrated into IoT, which provides a powerful platform for water 
quality management. IoT technology can enable the dynamic moni
toring and analysis of water quality and implement water treatment 
during water quality management. Feedback can be visualised in remote 
terminals, such as laptops, smartphones, and computers. 

Previous studies for water quality assessment were compared with 
this framework to demonstrate its technical feasibility and applicability 
(see Table 8) (Zhuang et al., 2022; Kim et al., 2021). The implementa
tion of the framework for water quality management can enable 
all-directional water quality monitoring. Based on water use, sugges
tions and countermeasures for different water statuses can be provided 
for water quality management, thereby considerably contributing to the 
recognition of the quality of water. With this framework, water re
sources can be more effectively used for human activities and to regulate 
climate, which will be directly valuable to society and the global envi
ronment (Elsayed et al., 2021). The water quality status in the country 
can be presented in an IoT platform and in remote terminals for the 
public providing an opportunity for society to supervise the protection 
of surface water quality. 

7. Concluding remarks 

In this study, we reviewed major surface water quality assessment 
indices (WQIs, TSIs, and HMIs) and assessment models (ES and ML- 
based assessment models). Water resources are among the most crit
ical factors affecting human survival. To ensure the availability of water 
resources, we established a water quality classification model and 
management system to prevent and manage water pollution. The sum
marisation of indices and assessment models can assist researchers in 
developing water quality management systems. 

The review of these indices showed that existing water quality 
assessment indices, including WQIs, TSIs, and HMIs, can depict different 
aspects of water quality (surface water quality classification, eutrophi
cation levels, and human health risk). The procedure for calculating 
these indices by aggregating various WQPs is a time-consuming process 
for evaluating water quality. Thus, assessment models (ES and ML 

Table 8 
Comparison of various techniques for water quality management.  

References Assessment method Parameters Objectives Advantages Limitations 

Zhuang et al. 
(2022) 

Intelligent algorithm TN for agricultural runoff based on 
multi-parameters sensors 

Real-time measurement of 
TN 

High precision; 
Suitable for rainy, cloudy, or 
night-time conditions 

Single WQP 
measurement 

de Paul Obade 
and Moore 
(2018) 

Single-value WQI Harmful algal blooms, turbidity, and 
water content indices from remote 
sensing, GIS, and GPS 

Proposed operational tools 
and models for monitoring 
water quality 

Automatically monitoring 
WQPs using remote sensing 

Not suitable for 
rainy, and cloudy 
condition 

Elsayed et al. 
(2021) 

ANNs models and spectral 
reflectance indices 

TN, ammonium, orthophosphate, and 
COD obtained from ground-based 
remote sensing measurements 

Estimating WQPs in lakes High precision; 
Effectively characterize 
spatial-temporal variability 
for lake system 

High total cost; 
Not suitable for 
cloudy condition 

Kim et al. 
(2021) 

Machine learning models 
based on adaptive sampling 
method 

Water quality, hydrodynamic, and 
meteorological variables collected 
from monitoring stations 

Early warning of harmful 
algal blooms 

Reliability; 
Avoid imbalance of observed 
data 

Back-calculation of 
algal blooms 

This study Comprehensive assessment 
indices based on actual 
condition of the site 

Full WQPs obtained by sensors, 
laboratory test, GIS, field test, and 
UAV 

Establish a water quality 
management platform 

Suitable for all conditions; 
Automatically evaluate water 
quality and provide 
suggestions by IoT platform 

Require large 
amount of 
investment  

T. Yan et al.                                                                                                                                                                                                                                     



Environmental Pollution 308 (2022) 119611

17

models) can be applied to efficiently generate these indices and predict 
water quality status based on big data obtained from advanced equip
ment and monitoring methods, which can guide engineers in con
structing and implementing proper measures to improve water quality. 

The value of water should be recognised, measured, and integrated 
into water quality management decision-making systems. Thus, a com
plete water quality management system that consists of identifying 
pollution sources, monitoring WQPs, evaluating water quality, treating 
water pollution, and restoring the ecological environment, should be 
developed. With the development of technology, numerous types of 
equipment (e.g., RS, GIS, and UAV) have been used for the real-time 
monitoring of WQPs in China. However, financial investment is still 
required to develop a water quality management platform based on AI 
and IoT technology to meet the future demands for water as the econ
omy rapidly develops. Future studies will focus on integrating water 
treatment methods into a water quality management system to enable 
automated decision-making based on ESs and provide suggestions for 
governments. Additionally, water quality status can be presented in an 
IoT platform and in the remote terminals for the public, providing an 
opportunity for society to supervise the protection of surface water 
quality. 
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