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Abstract
The 70% of the earth surface in this world is covered by water, amongst only 2.5%
is available as fresh water. Even in this share, only 1% of water is accessible for
drinking purpose. This minuscule share of drinking water is also getting polluted due
to the waste disposed from industries and urbanization. Thus, the reduction in fresh
water availability and its supply leads to numerous contagious diseases by weakening
the human immune system. Water Quality Assessment (WQA) is often carried out in
various water sources and reservoirs so as to alleviate this problem. Laboratory-based
method is the most commonly used techniques but, it requires expensive maintenance
and numerous Water Quality Parameters (WQPs), increasing the computational
burden. Therefore, there is a demand for cost effective and portable detection method,
which could meet the needs of an onsite WQA. In this paper, the essential WQPs were
predicted using regression model, aiming to develop computationally simple model
with minimal WQPs. Initially, different chromium (Cr) compounds were used to
prepare the test samples to measure the range of WQPs in the water. Then, the water
quality data collected through an experiment was used to derive the statistical
relationship among WQPs, by using Simple Linear Regression (SLR) and Multiple
Linear Regression (MLR) models. Major WQPs related to WQA such as pH, TDS and
conductivity were considered in the proposed work. The modeling results were
validated at 100% predictive accuracy level. The results revealed that the proposed
conductivity based SLR model, was sufficient to appraise the remaining pH and TDS
values.
Keywords: Contamination detection; regression model; water quality assessment;
water quality parameters; prediction

1. Introduction
In the past two decades, due to rapid growth in world population, environmental imbalance,
industrialization and utilization of agricultural fertilizers have dramatically increased, adversely
affecting the water resources [1] [2]. In addition, the water gets contaminated due to point as
well as non-point sources of pollution [3]. This substantial evolution has great impact on ground
and surface water contamination, causing illness to animals and human beings across the globe
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[4]. In addition, the rapid increase in the human intervention to the nature, leads to seasonal
acute water scarcity worldwide [5]. The quality and safety of water resources are the significant
factors of serious concern in economic growth of the society, since these entities are inherently
linked with human health, food security, livelihoods, preservation of ecosystems and social
development.
Considering this situation, it is important to carefully monitor the contamination present in
water, so as to provide clean, unpolluted water [6]. The overall system architecture of traditional
WQA technique is illustrated in figure 1. Traditional methods of WQA involve the manual
collection of water samples from various locations of Water Distribution System (WDS) at
different time intervals. Then, its physical, chemical and biological parameters including pH,
TDS and conductivity are measured, through laboratory analytical techniques to determine the
quality of water.

Figure 1. Architecture of traditional WQA
The research investigations related to various WQA techniques including Spectroscopybased WQA (Sp-WQA), Sensor-based WQA (Se-WQA), Algorithm-based WQA (AWQA)
and Materials-based WQA (MWQA) were studied and listed in table 1.

Table 1. Summary of the works related to WQA techniques
Authors
Kefaet et al., [7]

WQM technique
Ss-WQA

Objectives and outcomes
The concentration of water contamination can be
determined using Ion Chromatography and UVvisible spectrophotometry and the study was
conducted at Nacogdoches water treatment plant. The
experimental study reported that the concentrations
determined from the spectrometry were below 0.1
ppm.

As reported in Table1, real-time implementation of WQA technique faces various
challenges that include precise baseline correction of spectra, accurate monitoring of the
amount of contamination, sample thickness, reflection, pH, temperature and anomalies of the
instrument used [15] [16]. In addition, the usage of sophisticated instruments needs adequate
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Zhou et al., [8]

AWQA

The contamination concentration of Qiandao Lake
was calculated through various techniques such as
regression, Back Propagation (BP) and Particle
Swarm Optimization algorithms. Many WQPs were
considered such as salinity, temperature, DO, and pH.
Finally, from the results, the authors reported that the
BP method attained high 0.7 R2 and 0.1270 RMSE
compared to other methods.

Cashman et al., [9]

Ss-WQA

According to this research work, water contamination
can be determined using microwave spectroscopy.
The microwave measurements were measured by
increasing the concentration of nitrate. Prediction
accuracy was calculated by evaluating the
performance of the model and 44% prediction
accuracy was achieved.

Yingchi et al., [10]

AWQA

Back propagation and correlation-based models were
proposed in this study to detect the contamination
event from WQPs. The study showed that there was
45% reduction in the false positive rate compared to
the existing model.

Hojris et al., [11]

Se-WQA

The benefits of bacterial sensors for WQA were
explained in this study. An experimental analysis was
performed comparing the determined concentration
with that of the traditional laboratory analyses.

Dejus et al., [12]

AWQA

Mahalanobis distance method was proposed in this
research to detect the contamination using WQPs. The
results reported 56% to 89% detection probability for
detection of contamination event.

Madan et al.,[13]

AWQA

The authors proposed a fuzzy logic-based model to
determine the water quality using WQPs. The results
inferred that the values of three parameters i.e., Ca,
Mg, and SO4 exceeded the values recommended by
WHO as permissible limits.

Dibo et al., [14]

AWQA

Dempstershafer method was proposed for detect the
contamination using the threshold values of WQPs.
The WQPs considered for the analysis were pH,
conductivity and NH3-N and their threshold values
were 0.08 mg/L, 0.02 mg/L and 1.4 μS/cm
respectively.

maintenance to remain in good condition for the removal of solid contaminants present in water
[17] [18]. Moreover, these additional processes are time consuming and also, significantly limit
the accuracy of contaminant detection in water.
Among various compounds involved in water contamination, chromium (Cr) contamination
is one of the major problems in water resource management. This contaminant is present
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extensively in the outer layer of the earth [19]. Similarly, Chromium is largely found in the
form of trivalent chromium (Cr3+) or hexavalent chromium (Cr6+) ionic compound in aqueous
solution. Cr3+ is considered as an essential nutrient, while Cr6+ is carcinogenic to humans and
is extremely soluble in water than Cr3+ [20]. Leather industries, tanneries and industries related
to wood preservation are the major industries, which involved in discharging Cr in huge
volume. This toxic Cr effluent, in-turn mixes with natural water resources and causes malignant
diseases such as skin and lung cancer as reported in [21] [22]. It also affects the central nervous
system, liver and kidneys [23]. According to the risk assessment studies conducted by many
countries, it is proven that the intake of Cr-contaminated water and long-term exposure results
in tumor formation [24]. One of the possible alternative required for water planners and
decision makers, is the implementation of cost-effective approach to accurately detect the
contaminant without compromising the performance of WQA.
Considering these environmental impacts of Cr, the proposed work is specifically aimed at
predicting WQPs for toxic Cr contaminant, by deriving its relationship, with the help of ion
selective electrodes, Simple Linear Regression (SLR) and Multiple Linear Regression (MLR)
methods. Through this proposed study, it is evident that the proposed model provides
significant impact on the performance of cost-effective WQA, ensuring long term stability of
the water distribution network.
The organization of the paper is as follows. Section 2 provides a brief knowledge on the
materials used, methodology of the proposed analysis and development of regression-based
prediction model used in the current study. Section 3 explains the results and discusses the
outcomes of the research. Finally, conclusions and future directions for the work are presented
in section 4.

2. Materials and Methods
In this section, different components and the methods involved for Cr contamination are
discussed in detail. The preliminary part of the proposed approach is the sample preparation
followed by database creation. The WQPs datasets is created, from the considered four Cr based
components. Finally, the statistical relationship of different WQPs is analyzed using SLR and
MLR models.

2.1.Materials used
For preparing data samples, four different Cr compounds such as potassium dichromate
(K2Cr2O7), lead chromate (PbCrO4), sodium chromate (Na2CrO4) and sodium dichromate dihydrate (Na2Cr2O7.2H2O) were considered. Typically, K2Cr2O7, Na2Cr2O7.2H2O and PbCrO4
are strong oxidizing agents with their solubility’s are in45 g/L, 530 g/L, and 0.00017 g/L
respectively at room temperature. Moreover, Na2CrO4 has solubility of 730 g/L which is much
higher compared to other compounds [25].

2.2.Synthesis of Cr samples
To synthesize chromium, each Cr compound that weighed from the range of 0.25g to 2.75g
in steps of 0.25gwas dissolved in one liter of distilled water which is at room temperature. This
is then subjected to magnetic stirring for 30 minutes to obtain homogeneous solution. The
schematic diagram of sample preparation is shown in the figure 2.
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Figure 2. Schematic diagram of mixing Cr contaminant with water

2.3.Characterization
The quality of drinking water is determined based on the guidelines provided by World
Health Organization (WHO), Environmental Protection Agency of the United States (USEPA)
and European Union EU standards. These standardization procedures include the permissible
limits of WQPs in drinking water. In addition, chemical and microbiological contaminants must
be monitored and tested regularly so as to supply good quality water (WHO,2011, EPA,2018).
To estimate the values of WQPs, the samples were initially collected using Water Quality
Sensors (WQS), measuring the changes in WQPs such as pH, TDS and conductivity. Also, the
characteristics of WQPs in both stable as well as in instant conditions were analyzed. An ionselective pH glass electrode, integrated with a voltmeter, was used to measure the pH value
ranging from 0-14 as shown in the figure 3.
TDS values were measured using HM digital TDS meter and conductivity was evaluated
using Vernier conductivity-pro meter. The conductivity probe can measure up to 2000µS/cm
with ±2% accuracy. To characterize the response of corresponding devices, calibration
experiments were conducted by increasing the concentration of KNO3 standard solution.

2.4.Creation of WQP database
The selected Cr compounds were added independently in one liter of distilled water at an
interval of 0.25 g/L for instant condition. For stable condition, the samples were stabilized for
10 minutes on each measurement and then concentrated in a step of 0.25 g/L. The presence of
Cr was determined based on the changes in WQPs and it can be visualized clearly through color
change in water samples. Thus, a database comprised of 72 measurements was created. The 72
samples from each Cr synthetic components were generated under both instant and stable
conditions. Therefore, with all the four above mentioned Cr compounds, the total number of
measured WQPs datasets was 288.
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Figure.3 Measurement of pH
The regression model considers WQPs’ values to determine the statistical relationship
among each component. The model was implemented in Minitab software. In this study, from
the collected WQPs’ dataset, the first 80% of the data was used for training the regression model
and the remaining 20% data was used in testing phase. The performances of the developed
regression models (SLR and MLR) were evaluated by two different ways to appraise high
performance. First, the R-Square values were significantly considered to determine the suitable
linear regression models, so as to predict the WQPs. Furthermore, based on this R-squared
value and prediction accuracy, the best model was selected for estimating each WQP.

2.5. SLR and MLR modelling
The three WQPs including pH, TDS and conductivity are assumed to have major
contribution towards the quality of drinking water. Therefore, in the proposed work, the
statistical relationship among those three WQPs was used to identify Cr-contaminated samples
under both instant and stable conditions.
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Figure 4. Block diagram of working methodology
As mentioned elsewhere in this paper, the toxic Cr compounds considered for the dataset
creation were K2Cr2O7, PbCrO4, Na2CrO4, and Na2Cr2O7.2H2O. Then, the collected data
samples were fed as input to the regression model to predict the dependencies among WQPs.
The mechanism involved in the proposed work is illustrated in figure 4.
In general, SLR model is defined as
𝒀 = a0 + a1 ∑𝑛𝑖=1 𝑋𝑖
(1)
Similarly, MLR model is defined as
𝒀 = b0 + ∑𝑛𝑖=1 ∑2𝑚=1(bm 𝑋𝑖 )
(2)
Where 𝑌 is the dependent variable, 𝑋𝑖 is the independent variable and a0 and a1 are the
regression coefficients. These coefficients are determined based on least squares method. a0 is
the value of intercept in linear fitting and n is the number of measurements. In this work, 𝑋𝑖 is
replaced with measured WQP and 𝒀with WQP to be predicted. Thus SLR model defined in eqn
(1) is replaced as
𝑝𝐻 = 𝑎0 + 𝑎1 ∑𝑛𝑖=1(𝑀𝑒𝑎𝑠𝑢𝑟𝑒𝑑 𝑇𝐷𝑆) 𝑖
(3)
Where pH is estimated using measured TDS and n is the number of measurements used for
training SLR model, here n is set to be10.
Similarly, MLR model defined in eqn (2) is replaced as
𝑝𝐻 = b0 + ∑𝑖=𝑛
(4)
𝑖=1 (b1 (Measured 𝑇𝐷𝑆)𝑖 + (b2 (Measured 𝐶𝑜𝑛𝑑𝑢𝑐𝑡𝑖𝑣𝑖𝑡𝑦)𝑖 )
The same procedure is repeated for all the considered compounds with various combinations
of WQPs. The different input and output combinations of WQPs are illustrated in Table 2.
Table 2. Characteristics of the proposed WQPs models
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Input WQPs
(Xi)

Estimated WQP
(Yi)

1

pH

TDS

2

TDS

pH

2146

Tierärztliche Praxis
Vol 40, 2020

3

Conductivity

pH

4

pH

Conductivity

5

TDS

Conductivity

6

Conductivity

TDS

7

pH and Conductivity

TDS

8

TDS and Conductivity

pH

9

pH and TDS

Conductivity

3. Results and Discussion
In this section, the performance of SLR and MLR models based on different predefined
metrics are discussed in detail. In order to reduce the number of WQPs utilized in WQM system,
regression models are generated, considering different combinations of WQPs. A total of 72
regression models was developed using measured WQPs, for four Cr compounds under both
instant and stable conditions. Among them, few of the constructed models of K2Cr2O7 are
shown in the table 3. After developing the prediction models, the performance of these proposed
models were evaluated using R2 value and prediction accuracy. The R2 metric shows the level
of correlation between the real and simulated response values. Further, it also indicates the
proportion of variance accounted for a particular model. The value of R2 close to 1, indicates a
better fit in which the model is more appropriate for prediction whereas the value of 0 represents
no correlation between the real and predicted values.
Table 3. Proposed models for WQPs prediction
Model Compound
No
K2Cr2O7
1
(instant)
2
3

K2Cr2O7
(stable)

4

Model

SLR/MLR

TDS = (-15.5052) +(0.4607) Conductivity

SLR

TDS = -126.88 + 16.902* PH + 0.471 * MLR
Conductivity
PH = (6.8537) +(-0.0008) Conductivity
SLR
PH = 6.95 + 0.0035 * TDS – 0.0026 * MLR
Conductivity

3.1.pH estimation
To estimate the dependency of pH, the prediction accuracy and R2 values of four different
Cr compounds including K2Cr2O7, PbCrO4, Na2CrO4, and Na2Cr2O7.2H2O were validated for
SLR and MLR models. Figure 5 shows the prediction accuracy and R2 values of four Cr
compounds. From the figure, it is inferred that the maximum prediction accuracy attained for
MLR and SLR models, considering the conductivity, is high upto 80% for K2Cr2O7, PbCrO4,
Na2CrO4, and Na2Cr2O7.2H2O. This enhancement in performance could be due to higher
proportionality between pH and conductivity. However, in case of SLR with TDS parameter,
there was a drop in performance. So, these two models were considered to be the worst choice
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in pH estimation for Na2Cr2O7.2H2O, as inferred from the R2 values (0.35 R2 and 0.65 R2) of
the proposed models in figure 5.b.

(a)

(b)

Fig 5. pH estimation at instant condition in terms of (a)Prediction accuracy (b)
R2value

(a)

(b)

Fig 6. pH estimation at stable condition in terms of (a)Prediction
accuracy (b) R2value
Similarly, figure 6 shows the performance metrics obtained for the proposed models in pH
estimation at stable condition. From the figure, it is inferred that the effect of TDS in pH
estimation was comparatively lower than the conductivity. This is due to lowering of pH value
for K2Cr2O7 and PbCrO4compounds and rising pH value for Na2CrO4and Na2Cr2O7.2H2O, on
increasing the concentration of Cr contaminant in water. The highest prediction accuracy
of83%, 85.72%, 86.02% and 83.9% was achieved for K 2Cr2O7, PbCrO4, Na2CrO4 and
Na2Cr2O7.2H2O respectively for SLR model based on conductivity. In addition, it was observed
that the SLR model with conductivity possess highest value of R2 (>0.7R2).
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3.2.TDS estimation
To estimate the TDS rate of the Cr compounds, the measured pH and conductivity values
were employed in both SLR and MLR models. In addition, the estimated TDS values were
compared with measured TDS data to appraise the prediction accuracy and R2value under both
instant and stable condition. The results are illustrated in the figures 7 and 8.

(a)

(b)

Fig 7. TDS estimation at instant condition in terms of (a)Prediction accuracy (b)
R2value

(a)

(b)

Figure 8. TDS estimation at stable condition in terms of (a) Prediction accuracy
(b) R2value
Figure 7 shows that the highest prediction accuracies of63% and 47% were achieved for
K2Cr2O7 and Na2Cr2O7.2H2O respectively on pH based SLR model under instant condition.
Similarly, pH based SLR model produced least R2 values as illustrated in the figure 8. From the
figures, it was inferred that the SLR model with pH parameter achieved minimum prediction
accuracy, whereas the SLR model with conductivity exhibited a good performance in TDS
estimation. The prediction accuracy and R2 values in TDS estimation under stable condition is
depicted in the figures 8. Lowest prediction accuracy of 69% and 51% were attained for
K2Cr2O7 and Na2Cr2O7.2H2O respectively on pH based SLR with model. This decrease in
performance is due to lesser dependency between pH and TDS and the nonlinear variation of
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pH values. Subsequently, it was noted that, the conductivity based MLR and SLR models
achieved almost similar performance in TDS estimation. Therefore, SLR model with
conductivity parameter was selected as the best fit for TDS estimation, owing to its simplicity
requiring single WQP compared to MLR. Furthermore, it is considered to be a cost effective
approach for WQM system.

3.3.Conductivity estimation
For estimating the conductivity rate of the Cr compounds, the measured pH and TDS values
were considered for both SLR and MLR models. The pH based SLR model provides least
prediction accuracy is shown in the figures 9 and 10and hence it was not the proper choice to
predict conductivity. The SLR model with pH parameter is unable to predict the actual
conductivity values which are much lower than the real values in both conditions. Also, this
model provides the least prediction accuracy as shown in the figures.

(a)

(b)

Figure 9. Conductivity estimation at instant condition in terms of (a)Prediction
accuracy (b) R2value

(a)

(b)

Figure 10. Conductivity estimation at stable condition in terms of (a)Prediction
accuracy (b) R2value
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However, for all the compounds, TDS based SLR provides highest performance in
conductivity estimation, constituting higher R2 values (0.99R2) compared to other models.
Therefore, TDS based SLR was selected for conductivity estimation. From the figures, it was
also evident the change in conductivity has highest impact on TDS parameter.

3.4.Comparison with state-of-the art methods
Finally, the proposed results were compared with state-of-the-art methods which are closely
related. The comparison results are summarized in Table 4. Zhou et al used microwave
spectroscopic measurements and obtained 44% and 47% prediction accuracy in contaminant
estimation. Cashman et al selected more than five WQPs to derive the relationship between
contamination concentration and WQPs, achieving 0.45R2(MLR) and 0.44R2(MQR). The
proposed conductivity based SLR model is considered as the best model, producing the highest
prediction accuracy and r2 values of above 0.9 for both instant and stable conditions. However,
this proposed work outperforms the other methods reported in the literature. Hence, it has been
proven that the proposed model would be the best choice for the measurement of remaining
two WQPs in WQA system, simultaneously identifying the quality of water and exact source
of water contamination.
Table 4. Comparison of the proposed method with state-of-the-art methods
Study
Cashman et.al [10]

Zhou et al [9]

Proposed work

Method

R square Accuracy

Logistic regression

-

44%

Multilayer perceptron

-

47%

MLR

0.4528

-

MQR

0.4494

-

SLR with conductivity >0.9

>90%

4. Conclusion
In this paper, the statistical relationship among WQPs was successfully derived using SLR
and MLR models for WQA. To perform statistical modeling, a dataset based on the
measurement of WQPs including pH, TDS and conductivity for several toxic Cr-contaminated
water samples were created. By employing WQPs measurements, regression modeling was
carried out to confirm the presence of contaminants in drinking water. From the performance
results obtained, it was evident that the TDS and conductivity parameters were highly
correlated with each other. It was also concluded that the proposed conductivity based SLR
model, yielded improved performance with prediction accuracy greater than 90% and R2 value
as 0.9. Moreover, from this study it was identified that both TDS and conductivity are highly
dependent parameters, and conductivity plays a major role in determining the concentration of
contaminants present in the water. This method is also proven to be an efficient and costeffective approach to identify the Cr contamination in drinking water. In future, the work would
be further extended in terms of hardware implementation and real time deployment of efficient
WQA system.
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