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Abstract
In most Brazilian municipalities, the water supply comes from surface water sources, requiring infrastructure and
human resources, especially water treatment. Where infrastructure and human resources are lacking, auxiliary
methods and/or substitutes are valuable. The aim of this work was to develop an expert system (ES) to determine
and apply coagulant dosing, in real time, in a water treatment plant (WTP). The ES was developed and evaluated
at the WTP in Nobres, Mato Grosso (MT) state, Brazil. It is called AIASD (artiﬁcial intelligence for aluminium
sulphate dosage) and was validated using the Turing test. It can determine and apply coagulant dosing in
water treatment. AIASD contributed successfully to WTP operations in Nobres and other WTPs; making decisions
and applying the coagulant dosing necessary for water treatment.
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INTRODUCTION
In approximately 56% of Brazilian municipalities, the water supply comes from surface water sources
(IBGE 2008). Thus, by and large, water needs to be treated to ﬁt the country’s drinking water quality
standards, as regulated under Consolidation Ordinance (PRC – Portaria de Consolidação) No. 5,
dated September 28, 2017, Annex XX, according to the Brazil Ministry of Health (2017a).
IBGE (2008) also reports that about 54% of municipalities with water treatment plants (WTPs) use
complete treatment cycles, including coagulation, ﬂocculation, decantation, ﬁltration and disinfection
processes.
In many Brazilian cities, signiﬁcant deﬁciencies exist in water and sanitation infrastructure, and the
planning process. Abers (2010) notes that among the factors causing this are the lack of modern technology and a shortage of human resources.
In order to reduce the response time in determining coagulant dosing and avoid dependence on
expensive water treatment structure, this study was designed to develop an expert system (ES) to
determine appropriate coagulant dosing.

STUDY AREA
The municipality of Nobres, Mato Grosso (MT) state, Brazil (Figure 1), was chosen as the study area
on the basis of issues raised in the Sanitation Sector Modernization Program (Brazil Ministry of Cities
2008): (1) common problems with sanitation in small municipalities – MT is a state composed of 97%
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Figure 1 | Case study location.

of small municipalities (Brazil Ministry of Cities 2009); (2) the relative homogeneity, in terms of technical and economic limitations, experienced by these municipalities; and (3) the inability of most
municipalities in MT to provide, regulate or control basic sanitation services satisfactorily. In
addition, the fact that the water supply service concessionaire in Nobres was interested in this case
swayed the choice for the study location.
Nobres has an estimated population of 15,000 inhabitants (IBGE 2010), distributed across about
3,900 km². The local economy is driven by the cement and limestone industry, livestock and dairy
farming, agriculture, trade, perennial cultures and ecotourism (Brazil Ministry of Cities 2008).
In Nobres, about 76% of the population receives a water supply service from the municipality and it
is considered reasonably adequate, although it needs adjustments to fulﬁl its social function (Brazil
Ministry of Cities 2008).
A ﬂoating pump system was installed in the Rio Nobres to transfer water to the WTP, where the
coagulation, ﬂocculation, decantation, ﬁltration and disinfection processes take place. The distribution network serves the entire city, which has an urban population estimated at 12,500 (IBGE
2010).
The water supply service is operated by the Nobres Sanitation Company (ESAN). The WTP has two
water treatment modules (WTP-I and WTP-II), of which WTP-I is constructed of masonry and WTP-II
is metal. Raw water is conveyed to a Parshall gutter with a throat section of 22.9 cm, which distributes
16 L/s to WTP-I and 34 L/s to WTP-II. Both modules have vertical hydraulic ﬂow ﬂocculators with
bafﬂes, two laminar ﬂow decanters, and four down-ﬂow ﬁlters with anthracite, sand and gravel.
The discharge from the down-ﬂow ﬁlters goes into a single – i.e., combined – contact chamber.
Currently, the WTP is operated manually. The operator: (1) collects water samples throughout the
WTP; (2) determines physico-chemical parameters (turbidity, colour, pH and free residual chlorine);
(3) determines the aluminium sulphate dosage (jar-test or experiment); (4) applies the coagulant
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dosing (rotor control installed in the dosing pump set-up pipe); and (5) doses chlorine in the contact
chamber. Figure 2 is a schematic representation of Nobres WTP.

Figure 2 | Schematic representation of Nobres WTP.

METHODOLOGY
The coagulant dosing ES was developed in stages, following recommendations made by Giarratano &
Riley (2004), which include: (1) planning; (2) knowledge extraction; (3) knowledge coding; and (4)
assessment and adequacy of the ES.
Expert system planning

In the planning stage a formal plan for ES development is produced. Table 1 shows the planning
activities and their respective objectives (Giarratano & Riley 2004).
Table 1 | ES planning activities
Activity

Objective

Feasibility assessment

Determining whether the ES approach is appropriate.

Resource management

Assessment of human resources, time, ﬁnancial resources, software and hardware required.

Preliminary functional
layout

Deﬁnition of requirements of the system by specifying system functions. Specifying the system’s
purpose.

Source: Adapted from Giarratano & Riley (2004).

Knowledge extraction

The knowledge extraction stage is that needed to solve the problem (knowledge domain). The activities required include: data collection and tabulation, and knowledge acquisition and assessment.
For data collection, periodic visits were made to Nobres WTP to obtain data about the treatment
process. Operating data, especially on raw and treated water quality and quantity, and coagulant
dosing were collected.
Details of the method used by the operators to deﬁne the dose rate were obtained. These included
the variables considered and the form of data analysis. The operating data collected refer to a one-year
period, enabling the study to cover both the rainy and dry seasons; typical climatic periods in the
region (Brazil Ministry of Health 2017b). The information relating to turbidity (NTU), pH, sulphate
dosage (mg/L) and rainfall in the previous 24 hours (24-hour rainfall) were tabulated using a spreadsheet (MS Excel), ready for processing in data mining (DM) software (Bouckaert et al. 2010).
Knowledge acquisition was based on the tabulated data using the DM WEKA software (Waikato
Environment for Knowledge Analysis) described by Bouckaert et al. (2010). WEKA is the only toolkit
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that has been widely used over a long period. Jain et al. (2010) report that it is a reference system in
DM and machine learning research.
It was during knowledge acquisition that the domain knowledge needed to develop the ES was
obtained. Production Rules (PR) is the most commonly used knowledge representation model, and
was adopted because it has modularity and uniformity advantages (Artero 2009). Three classiﬁcation
algorithms were used: J48, REP Tree and Random Tree. These three were chosen for several reasons:

• J48, a classic algorithm for decision tree (DT) generation;
• REP Tree, an algorithm that generates DT from logical relations between variables; and
• Random Tree, an algorithm that generates DT from random relations between variables.
It was anticipated that some of these approaches (classical, logical, and random) would be ideal for
this study.
The Kappa statistics and confusion matrix (CM) were used as precision indicators in knowledge
assessment, to select relevant knowledge. Following the approach by Landis & Koch (1977), knowledge was considered adequate if it presented almost perfect agreement (Kappa statistic 0.81  κ 
1.00). The algorithm used had its DT converted to PR, following Han & Kamber (2011).
Knowledge coding

The MS Excel spreadsheet (macro development, form utilization and other resources) was used for
knowledge coding, on the Windows 10 Platform in an Intel Core i7-4810MQ 2.80 GHz microcomputer with 16GB of RAM. MS Excel is widely known and used, and is thus easy to replicate.
Assessment and adequacy of the ES

Artero (2009) reports that the classic Turing test can be used to verify whether a machine has intelligence at the human level, so this method was used to assess the adequacy of the ES. The test was
performed on two people – employees A and B – and one machine, the ES (C). There was no communication between any of them. Employee A was asked to ﬁnd out which of B and C was the machine. If A
could not determine this with at least 50% accuracy, the machine (ES) would pass the Turing test.

RESULTS AND DISCUSSIONS
After planning, the factors and returns were veriﬁed, as suggested by Giarratano & Riley (2004), as a
ﬁrst stage in the feasibility assessment. All of the returns proposed by Giarratano & Riley (2004) were
favourable to development of the ES – see Table 2 – enabling it to be undertaken.
Table 2 | ES feasibility assessment
Item

Factora

Returnb

Assessmentc

1

Can the problem be solved efﬁciently by conventional programming?

No

No

2

Is the domain of the problem well deﬁned?

Yes

Yes

3

Is there a need for/interest in ES?

Yes

Yes

4

Is/Are there (a) human expert(s) to cooperate?

Yes

Yes

5

Can the expert(s) transmit their knowledge?

Yes

Yes

6

Does the solution to the problem involve mainly heuristics and uncertainty?

Yes

Yes

a

Factors suggested by Giarratano & Riley (2004).

b

expected return for the ES approach to be viable.

c

return found after feasibility assessment of ES development.
Source: Adapted from Giarratano & Riley (2004).
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The assessment of item 1 was negative as there is no efﬁcient algorithm to solve the problem,
according to Giarratano & Riley (2004). For item 2, the evaluation was positive because the knowledge collected by the operators, as well as historical data on water quality (turbidity and pH of the raw
and treated waters, and 24-hour rainfall), can be used as PR and algorithm procedures. The domain is
well-deﬁned, which is beneﬁcial for ES development. Concerning item 3, an ES to determine the ideal
coagulant dosage is both necessary and interesting to ESAN, as it would reduce water loss and the risk
of distributing non-potable water caused by incorrect coagulant dosage. Item 4 yielded a positive
evaluation as ESAN made the WTP operating database available, which was considered the expert
to help develop the ES. For item 5, the evaluation was also positive as DM techniques can draw
the knowledge from the database. The evaluation of item 6 was also positive as the coagulant
dosage can be determined on the basis of observation (operator experience), which involves heuristics
and uncertainty.
The resource management activity was carried out using a survey of computer (software and hardware), human and ﬁnancial resources for ES development. The resources available were sufﬁcient
according to a comparative analysis based on studies by Zhang & Luo (2004), Wu & Lo (2008)
and Santos et al. (2017).
The preliminary functional layout activity should deﬁne the system target by specifying its functions.
Careful analysis of the ES objectives was carried out to deﬁne the system’s functions, following
Giarratano & Riley (2004).
Daily data were obtained over several visits to Nobres WTP in 2012, including details of turbidity,
pH, aluminium sulphate dosage, 24-hour rainfall, etc. The colour characteristic was not considered
for the development of the ES, as the operators determine the dosage from the turbidity and pH
values of the raw and treated water, and 24-hour rainfall. These data were obtained by interviewing
the operators and an operations engineer. Information was also obtained on the executive project,
project and current ﬂows, ﬂowcharts, etc.
The data spreadsheet had seven columns containing 61,320 items. The data ranges, etc., are shown
in Table 3.

Table 3 | Variables of interest
Variable

Unit

Possible responses

Raw water turbidity

NTU

0.62 to 1,129

Treated water turbidity

NTU

0 to 3.08

Aluminium sulphate dosing

mg/L

10, 11, 12, … , 41

24-hour rainfall

dimensionless

Yes (Y) or No (N)

pH of raw water

pH units

6.5 to 7.7

pH of treated water

pH units

5.8 to 7.3

MD WEKA software was used for knowledge acquisition. Three DTs were generated, using the J48,
REP Tree, and Random Tree algorithms. The best of the DTs was selected later and the output attribute was the aluminium sulphate dosage.
The Kappa statistics (κ) and CM results were determined during the knowledge assessment stage.
Table 4 shows the Kappa statistics and the percentages of correct and incorrect classiﬁcations
obtained from each algorithm. The J48 and Random Tree algorithms yielded κ values of almost perfect agreement (0.81  κ  1.00). The Random Tree algorithm, however, produced the highest
proportion of correct classiﬁcations at 99.2%, while J48 managed 91.4%. Thus, both the Kappa statistic and Correct Classiﬁcation Percentage indicators suggest that the Random Tree algorithm would
be best for building the knowledge base. Kalmegh (2015) says that the Random Tree algorithm

Downloaded from http://iwaponline.com/wpt/article-pdf/13/4/832/527431/wpt0130832.pdf
by guest

Water Practice & Technology Vol 13 No 4
doi: 10.2166/wpt.2018.080

837

Table 4 | Algorithm assessment
Adjustment indicator

J48

REP Tree

Random Tree

Correct classiﬁcations

6,006 (91.4%)

5,539 (84.3%)

6,520 (99.2%)

Incorrect classiﬁcationsb

564 (8.6%)

1,031 (15.7%)

50 (0.8%)

Kappa statistic (κ)

0.89

0.79

0.99

Total number of classiﬁcationsc

6,570

6,570

6,570

a

a

Coincidence of the human expert’s response with that of the classiﬁcation model.
Non-coincidence of the human expert’s response with that of the model.

b
c

n.

produces a random dataset to construct a DT. Thus, it seems that the database used to develop the ES
in this study is not based on deﬁned logic, but has a marked level of heuristics and uncertainty, conﬁrming the result of the ES planning step.
Figure 3 shows the Random Tree algorithm’s CM, which conﬁrms that most of the incorrect classiﬁcations were between dosages of 20 and 15 mg/L, and 15 and 10 mg/L. There were nine incorrect
classiﬁcations of each type.

Figure 3 | Random Tree algorithm confusion matrix.

Knowledge base development resulted in 1,397 PR. One of the rules forming part of the knowledge
base is presented in Equation (1):
RT .¼ 0:31 and
pHT , 6:95 and
RT , 23:95 and
RT , 4:63 and
TT , 0:39 and
Rain ¼ Y and
pHT , 6:85 and
pHR , 7 and
TB , 4
THEN Dosage ¼ 17 mg/L

IF

(1)

where: RT is the raw water turbidity (NTU); TT the treated water turbidity (NTU); pHT the pH of the
treated water; pHR the pH of the raw water; and, Rain the 24-hour rainfall.
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Some 75% of the database was used during the knowledge extraction stage, and the remainder
(25%) for the assessment and adequacy of the ES.
During knowledge coding, the interface components of acquisition, knowledge base (Equation (1)),
inference machine (part responsible for processing the user’s questions, in this case, Visual Basic for
Applications in MS Excel) and user interface were integrated in MS Excel – see Figure 4. This integration – the ES – is called AIASD (artiﬁcial intelligence for aluminium sulphate dosage).

Figure 4 | User interface and responses.

AIASD processing is summarized by comparing the input values with the stored knowledge (production rules) and, ﬁnally, supplies the aluminium sulphate dosage that must be applied at Nobres
WTP.
In order to use AIASD, the 24-hour rainfall, turbidity and pH data of the raw and treated waters
need to be entered. Clicking on the ‘Execute’ option yields the aluminium sulphate dosage required.
Clicking ‘Explanation’ displays a new screen explaining the production rule enabled (the ‘Expert’
option allows the addition of new PR, via an Excel worksheet).
In order to demonstrate AIASD, the data shown in Table 5 were entered. The aluminium sulphate
dosage obtained was 10 mg/L. Figure 4 shows the response on the user interface.
Table 5 | Input data
Variable

Data

24-hour rainfall

N

Raw water turbidity

2.83

Raw water pH

7.3

Treated water turbidity

1.17

Treated water pH

7.2

The Turing test was applied to the ES using 100 randomly selected cases from the 25% of data not
used in developing AIASD. The number of sample units (n ¼ 100) was based on the premise that 10
employees from ESAN could respond to the Turing test and that each could analyse 10 cases.
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AIASD determined the correct dosage in 95 of the 100 cases – i.e., it obtained the same coagulant
dosage as the human expert – and its results could not be differentiated from those determined by
humans. The ﬁve cases in which the AIASD dosage differed from that determined by a human
were also evaluated with the Turing test and indicated that three results were in error. Thus, employee
A had a 60% error rate in identifying employee B and the ES.
In total, in 98 of the 100 cases it was not possible to identify the human expert. Thus, AIASD passed
the Turing test because expert A could not differentiate it, with at least 50% accuracy, from the human
expert.

CONCLUDING REMARKS
An expert system – AIASD – was developed in this study and was considered satisfactory,
according to the Turing test. In general, AIASD contributed positively to operations at Nobres
WTP. It therefore could be applied to other WTPs, determining the coagulant dosage suitable for
water treatment.
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