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1. Introduction 
 

Quantification of water quality is a serious challenge for 

the water sector. There is a wide range of assessment 

characteristics of different hierarchy levels such as primary 

parameters, indicators, indexes, sub-indexes, criteria, etc. to 

be used for evaluation of water quality of different 

categories. It is essential both for quality estimation and for 

adjustment of operating parameters of the process. The 

concept of “water quality” covers various aspects and can 

have a broad meaning depending on the domain and target, 

particularly for surface water, seawater, potable water, 

effluents, etc.  

Multiple studies cover different aspects of water quality 

depending upon the domain such as surface water, seawater, 

potable water, industrial discharge, etc. Review of water 

quality models for surface water, structure, components, 

weight factor and the principle of aggregation of sub-index 

was considered. Uddin et al. (2021) in their study have 

presented comparative discussion of the most commonly 

used water quality indexes and factors affecting model 

accuracy. The research indicated that although most water 

quality indexes have broadly similar structures, the intricate 

particulars of the four major components differ significantly. 

The focus was dedicated to parameterization of the models, 

defining the sub-indexes and their weighting values, sources 

of uncertainty, as well the functions for index aggregation. 

In similar study Uddin et al. (2023) developed a model for 

assessing water quality for coastal waterbodies in Ireland. 
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The developed water quality index could be an efficient and 

reliable technique for the assessment of transitional and 

coastal water quality more accurately in any geospatial 

domain. 

Real-time quantification of individual parameters of 

water quality index to adjust operation regime remains a 

challenge of desalination sector, especially for membrane 

desalination. To prevent Reverse Osmosis (RO) membrane 

fouling it requires site-specific customized pretreatment 

(Agashichev and Kumar 2017). Fouling phenomena can be 

caused by different types of foulants such as organic, 

inorganic, colloidal, suspended, combined etc and major 

factors such as membrane structure, the interaction between 

membrane, solute and solvent, the size of particle or solute 

(Badruzzaman et al. 2018). Continuous monitoring of water 

quality parameters is essential to quantify and to mitigate 

the probability of fouling. Seawater quality can be 

characterized by the wide spectrum of parameters, indexes, 

characteristics, criteria, etc. Multiple approaches for 

systemic development of the water quality parameters have 

been considered. The approaches including the following 

consecutive stages (1) selection of water quality parameter, 

(2) generation of sub-indexes, (3) calculation of the 

weighting factor and (4) aggregation of sub-indexes into 

composite quality index were presented in (Uddin et al. 

2021, 2023). Depending upon the physical dimension and 

physical principle underlying the technique of characterization, 

the quality parameters can be subdivided into different 

hierarchy levels ranging from individual dissolved 

components (e.g. orthophosphates, dissolved organics, etc.) 

to composite indicators. The first group can be characterized 

just by the concentration of component. Another group 

includes composite and comprehensive indicators such as 
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total suspended solids (TSS), absorbance at 254 nm, 

turbidity, SDI, etc. They include some groups of imbedded 

factors and cover groups of factors e.g. UV absorption 

intensity at 254 nm characterizes the presence of multiple 

forms of dissolved organics having specific functional 

groups. An absorbance of dissolved organic carbon (DOC) 

decreases with increasing wavelength. The range of 250 to 

330 nm is widely recommended in some studies. At the 

wavelengths below 235 nm, nitrate forms can contribute to 

the total absorbance significantly. Different forms of water 

quality characteristics and indicators have been scrutinized 

in (Uddin et al. 2021, 2023, Yoo et al. 2021, ASTM 2014a, 

Rabie et al. 2001). Turbidity covers a wide group of 

colloidal forms characterized by light scattering.  

Currently the most widespread water quality indicator to 

be used after Seawater Reverse Osmosis (SWRO) 

pretreatment is so called the Silt Density Index (SDI) 

(Alhadidi et al. 2011). It is widely used in different control 

points such as seawater intake, the points before and after 

pretreatment, etc. The SDI test is based on the quantitative 

evaluation of the decline of filtration rate through a standard 

filter (with 0.45μm pore size) under the applied pressure of 

20.8 kPa (30 psi) (Yoo et al. 2021). The value of the index 

is estimated as follows (ASTM 2014a): 

𝑆𝐷𝐼𝑇 =  
1

𝑇
[1 −

𝑡1

𝑡2 
] ∙ 100 (1) 

where 𝑡1 is the time required to collect the first 500 mL 

permeate and 𝑡2 is the time required to the second 500 mL 

after total elapsed flow time 𝑇 (usually 15 min).  

There is a group of derivative indicators based on the 

SDI such as fouling index (FI), the modified fouling index 

(MFI), the plugging index (PI), etc. (Rabie et al. 2001). 

They have similar drawbacks since they do not reflect an 

impact of different potential fouling factors as well 

(Alhadidi et al. 2013).  

There are some studies focusing on the relationship 

between SDI, rate of reagents injection and process 

characteristics. Fayaz et al. (2019) studied the relationship 

between SDI and the injection of calcium hypochlorite, by 

investigating correlations between oxidation reduction 

potential (ORP) and turbidity in various ranges. The 

findings suggest that the factors responsible for high SDI 

values may not always change even when all the water 

turbidity factors are removed. This implies that the SDI is 

greatly influenced by factors other than turbidity, such as 

organic and biological pollutants submicron particles. By 

adjusting ORP and turbidity in various ranges, favorable 

regression values were obtained. In another study, Mosset et 

al. (2008) recorded SDI values for seawater from the 

Arabian Gulf that had been pretreated, emphasizing a 

comparison with turbidity levels. The study highlighted that 

changes in SDI values are not always correlated with 

turbidity. The correlation between SDI and the deposition 

of contaminants has been analyzed by Kremen and Tanner 

(1998), whose studies indicated a geometric relationship 

between the values of the index and the weight of the 

particles collected. Iwahori (2013) further studied factors 

affecting SDI values such as pH and temperature. The case 

study noted higher temperatures resulted in higher SDI 

values, stating that SDI measurements at different 

temperatures cannot be comparable and may mislead 

operators. An increase of SDI values was also seen in 

conditions where pH is 8 or above due to higher scaling 

potential of CaCO3 (Hchaichi et al. 2014). Other factors 

causing discrepancies in SDI measurements lay in the 

measurement practices taken by operators. SDI is a 

sensitive tool and therefore can be affected by air bubbles, 

particles from previous tests, air on membrane surface, 

membrane positioning and air leaks (Rachman et al. 2013). 

Recent commercialization of automatic SDI tools makes the 

operation less cumbersome and time-consuming and can 

reduce human errors in measurement. Despite all these 

alterations this index does not provide precise and reliable 

information regarding the water quality and the probability 

of potential fouling. It does not reflect the presence of some 

fractions of dissolved components such as dissolved organic 

carbon representing assimilable and biodegradable forms. 

Similar dissolved forms can represent the main factor for 

organic fouling and precursor for biofouling as well. 
Many studies have emphasized the disadvantages of 

SDI-based methods such as the lack of precision and 

unreliability (Takeuchi et al. 2015, Koo et al. 2012, 

Abushaban et al. 2022). There are different reasons for its 

unreliability, it can be due to both manual operations of 

measurement and the fact that majority of potential factors 

remain outside the scope of detection of SDI method. In 

addition, this test must be accompanied by manual sampling 

and specific analysis in specialized labs. Such practice 

remains a cumbersome and time-consuming procedure. 

Relying upon existing experience and available published 

data, the preference can be given to continuous monitoring 

in real time followed by the development of multi-layer 

comprehensive water quality index. A similar approach was 

demonstrated in (Uddin et al. 2021, Uddin et al. 2023), 

where the components, hierarchical structure, weight 

factors, algorithms of aggregation of individual components 

within the structure of composite index are analyzed. It 

involves the following consecutive steps: (1) selection of 

individual water quality parameter; (2) generation of 

sub-indices for specific group of parameters; (3) calculation 

of the weighting factor, and (4) aggregation of individual 

sub-indices within composite water quality index. 

In this regard the current study focuses on the 

development of the composite water quality index based on 

continuous monitoring in real time. The proposed index is 

expected to eliminate drawbacks and disadvantages 

inextricably linked to the existing SDI-based method. The 

proposed index is expected to provide more precise and 

reliable information. The index is expected to account for 

the fractions of dissolved high-molecular components as 

well. 
 

 

2. Modelling composite index for estimation of water 
quality before SWRO 

 
When we deal with a process evaluation (e.g. 

pretreatment before RO) the characteristics, can be 

represented in different physical dimension such as: (1) in 

the dimension of individual parameter of water quality e.g. 

282



 

Development of composite index for predicting membrane fouling potential in SWRO pretreatment 

concentration, NTU, etc.; (2) as a degree of rejection for 

quantifying the effectiveness of the processes such as 

𝑅(𝑋𝑖) = (𝑋𝑖+1 − 𝑋𝑖) 𝑋𝑖⁄  and (3) in the format of indicators 

specifying the variation over time: 𝑟 =  𝑑𝑋 𝑑𝜏⁄   (e.g. as a 

rate of deterioration, the growth of concentration over time). 

 
2.1 Components and hierarchy structure of the 

composite index 
 
The study focuses on the modelling of comprehensive 

index to quantify the water quality after the operations of 

seawater pretreatment before RO desalination in SWRO. 

Primary water quality parameters, the principles and 

techniques of aggregations of primary parameters and their 

weighting factors are analysed in this study. The 

development of the proposed index based on experimental 

data on water quality on the stage of seawater pretreatment 

(Malek et al. 2016, Okamoto et al. 2015). The following 

water quality characteristics were considered: 𝑋1  is 

turbidity; 𝑋2 is chlorophyll-a; 𝑋3 is intracellular form of 

ATP; 𝑋4  is absorbance at 260 nm; 𝑋5  is TOC. These 

variables (𝑋1–𝑋5) represent input into the model. These 

variables were selected as the main inputs since they 

represent the main fouling groups and cover a wide 

spectrum of fouling factors contributing to SDI value. The 

target function in this case was assumed to be proportional 

to the probability of membrane fouling. Thus, SDI can be 

accepted as a reference value for the target function: 𝑆𝐷𝐼 ≈
𝑍(𝑋1, 𝑋2, 𝑋3, 𝑋4, 𝑋5). 

Turbidity (𝑋1 ) is an optical characteristic, it is a 

measure of relative transparency of the liquid sample and 

proportional to the intensity of light scattering, that, in turn, 

is proportional to the number particles in the sample.  

Chlorophyll-a (𝑋2) is a light-absorbing pigment, is an 

important biomolecule produced through the metabolic way 

as other pigments. It gets its green color because it absorbs 

blue and red wavelengths of light. Since it is a light 

absorbing pigment, chlorophyll is called a photoreceptor. 

There are different forms that occur naturally, but the most 

widely distributed form in terrestrial plants is chlorophyll-a 

[C55H72O5Mg]. In diethyl ether (Et2O), chlorophyll-a has an 

approximate absorbance maximum of 430 nm and 662 nm, 

(while chlorophyll-b has approximate maxima of 453 and 

642 nm. The absorption peaks of chlorophyll-a are at 665 

nm and 465 nm. Chlorophyll-a fluoresces at 673 nm 

(maximum) and 726 nm (Crompton 2006). 

Adenosine triphosphate (ATP), (𝑋3 ) is a nuclear 

triphosphate used in cells as a coenzyme often called the 

“molecular unit of currency” of intracellular energy 

transfer. ATP transports chemicals energy within cells for 

metabolism. One molecule of ATP contains three phosphate 

groups, and it is produced by a wide variety of enzymes. 

Metabolic processes that use ATP as an energy source 

convert it back into its precursors. Energy stored in ATP 

may be released upon hydrolysis of the anhydride bonds. 

Traditional indicators such as SDI or MFI do not give 

precise information about the biomass content that can be 

assumed as a measure of biofouling potential of seawater. 

In this regards adenosine triphosphate (ATP) is an indicator 

of biomass contents and bioaccumulation in seawater, 

therefore indicating biofouling potential. 

Absorbance (𝑋4) is a measure of molecules to absorb 

light at different wavelengths. That makes it possible to 

determine if one type of molecule is in a large mixture of 

molecules. For example, proteins tend to absorb light with a 

wavelength of 280 nm (or we would say “absorb light at 

280”). On the other hand, nucleic acids absorb light at 260 

nm. The visible spectrum above ranges from about 380 nm 

to roughly 700 nm (260 nm and 280 nm are ultraviolet light 

UV). After all, ultra means more than and ultraviolet light 

has shorter wavelengths and thus more energy than violet 

light. Characterization of dissolved organic matter (DOM) 

of algal origin can be conducted at 390 nm. 

Mono-chromatic compounds and tryptophan peaks are 

located between 270 and 300 nm, two-considered ring 

systems between 310 and 370 nm, fulvic 370 and 400 nm 

and humic acids and other compounds at 470 nm and more 

(Crompton, 2006). 

Total organic carbon (TOC), ( 𝑋5 ) includes the 

dissolved, particulate, and volatile organic fractions. The 

determination of dissolved organic carbon can be done by 

using different techniques, using oxidation methods or 

ultraviolet (UV) absorption. The methods of oxidation, in 

turn, can be subdivided into three main groups such as (1) 

wet chemical oxidation using oxidants such as persulphate; 

(2) high temperature combustion, or dry oxidation and (3) 

photo-oxidation of dissolved organic carbon. The 

advantages and limitations of these techniques were 

intensively scrutinized (Crompton 2006). UV absorption of 

seawater particularly in the wavelength between 250 and 

300 nm, where the absorption is considered as a 

consequence of the presence of aromatic compounds. Some 

methods are based on the comparison of UV absorption 

intensity at two wavelengths, one less than 350 nm and 

greater than 400 nm. There are methods based on 

measurement of the ratio of the light transmitted by the 

sample at 254 nm in the ultraviolet that at 510 nm in the 

visible region. 

Available published sources have somewhat disputable 

terminology. The term of “water quality” is widely used but 

this term has a multiple interpretation, and it can be 

misleading. It depends on the water type and site- specific 

water source. This paper deals with seawater as a source for 

desalination in the Gulf Area. Type of seawater 

pretreatment depends on seawater quality, in particular, the 

groups of fouling factors and their concentration. All the 

characteristics such as water quality, structure and groups of 

fouling factors, types of seawater pretreatment represent 

site-specific categories. Therefore, the structure of the 

index, in turn, is inextricably linked to the potential fouling 

factors as well. That’s why the structure of the index can be 

adjusted and modified as well. The current study focuses on 

the cases of seawater in the Gulf Area. That’s why this 

study covers mainly the components detected in this area. 

Special attention is due to chlorophyll as an indicator of 

algae concentration or ATP as an indication of cell activity. 

Those components are included into the index structure 

since algae bloom or red tide represents the one of 

phenomena hampering SWRO desalination in this area.  

Some natural pollutants and potential anthropogenic 

components are outside the scope of this study. In the case 

if some chemical, pharmaceutical etc. pollutants can be 
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detected in the water source the index structure can be 

altered. Those components can be inserted into the index 

depending on their functional behaviour or physical 

property (whether it is a dissolved component or it is 

colloid, suspended, etc. form with characteristic functional 

behaviour). 

In this study we have utilized the three-hierarchy level 

structure to develop the composite water quality index. The 

lower level of hierarchy includes the individual water 

quality parameters which were used as input variables in the 

model and decrumbed above (𝑋1 –𝑋5 ). The quantitative 

contribution of each individual fouling component 

represents the second hierarchy level of the comprehensive 

model. The target goal was assumed to be SDI value 

representing the target function (Z-variable). 

 
2.2 Physical premises and assumptions 
 

Alternative composite indicator is based on the 

following physical premises and assumptions:  

• The following individual water quality input 

characteristics were considered ( 𝑋1  is turbidity; 𝑋2  is 

chlorophyll-a; 𝑋3  is intracellular form of ATP; 𝑋4  is 

absorbance at 260 nm, and 𝑋5 is TOC). These variables 

(𝑋1–𝑋5) represent input into the model. This study based on 

available experimental data on water quality after seawater 

pretreatment (Malek et al. 2016, Okamoto et al. 2015). 

• For the mathematical treatment to simplify all the 

independent variables (𝑥1–𝑥5) and dependent variable (z) 

initially have physical dimensions must be converted into 

normalized dimensionless format: 

𝑋 =
𝑥 − 𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥  − 𝑥𝑚𝑖𝑛

 (2) 

where 𝑥 is experimental readings in physical dimension, 

mg/L, mol/L, etc. It ranges from 𝑥𝑚𝑖𝑛  to 𝑥𝑚𝑎𝑥 ; non- 

dimensional input variable ranges from 𝑋𝑚𝑖𝑛 = 0  to 

𝑋𝑚𝑎𝑥 = 1 at boundary conditions. 

• The impact of the concentration of individual factor 

was approximated by the function of the second order, 

𝑓(𝑋𝑖,𝑗). The second order polynomial equation was selected 

since it demonstrates continuous and monotonous behavior 

corresponding to the physics of object and meets the 

required boundary conditions. Functional behavior of 

individual factor vs. concentration was approximated as 

follows: 

𝑓(𝑋𝑖,𝑗) = 𝐴𝑗 𝑋𝑖𝑗
2 + 𝐵𝑗  𝑋𝑖𝑗 + 𝐶𝑗 (3) 

• Boundary conditions  

The contribution of any individual factor (𝑋1–𝑋5) was 

assumed to be ranged from 0 to 1 at the boundary 

conditions. Therefore, 

At  𝑋𝑖 = 0 we have: 

𝑓(𝑋𝑖𝑗=0) = 0 (4) 

At  𝑋𝑖 = 1 we have: 

𝑓(𝑋𝑖𝑗=1) = 1 (5) 

• Estimation of coefficients A, B, C (see Eq. 3) can be 

done at the boundary conditions. 

At 𝑋𝑖𝑗 = 0 we have 𝑓(𝑋𝑖𝑗=0) = 0. 

Therefore, it gives 𝑓(𝑋𝑖𝑗) = 𝐶, thus: 

𝐶 = 0 (6) 

At 𝑋𝑖𝑗 = 1 𝑓(𝑋𝑖𝑗=1) = 1 therefore 

𝐴 = 1 − 𝐵 (7) 

Inserting Eqs. (6) and (7) into Eq. (3) we get: 

𝑓(𝑋𝑖,𝑗) = 𝐴𝑗 𝑋𝑖𝑗
2 + (1 − 𝐴𝑗)𝑋𝑖𝑗 (8) 

𝑓(𝑋𝑖,𝑗) = 𝐴𝑗 (𝑋𝑖𝑗
2 −  𝑋𝑖𝑗)  +  𝑋𝑖𝑗  (9) 

• The target function (see Eq. 12) ranges from 0 to 1, 

therefore we can write: 

𝑍𝑖(𝑋𝑖1, 𝑋𝑖2, 𝑋𝑖3, 𝑋𝑖4, 𝑋𝑖5 = 0) = 0 (10) 

𝑍𝑖(𝑋𝑖1, 𝑋𝑖2, 𝑋𝑖3, 𝑋𝑖4, 𝑋𝑖5 = 1) = 1 (11) 

 
2.3 Model development 
 
The study focuses on the modelling of comprehensive 

water quality index to be used for estimation of water 

quality after pretreatment before SWRO. Traditionally SDI 

is assumed to be a key indicator of water quality before 

membrane operations, being assumed to be proportional to 

the probability of membrane fouling. As a result, we chose 

to use SDI as the target function in this study, 𝑆𝐷𝐼 ≈
𝑍(𝑋1, 𝑋2, 𝑋3, 𝑋4, 𝑋5). Consequently, this work presents the 

development of quantitative correlation between the target 

function (𝑍) and independent variables (𝑋1–𝑋5). 

The target function (Z-variable) represents cumulative- 

composite structure. In this study SDI was the reference 

indicator for the target function. The value of SDI is based 

on the deterioration of filtration rate through standard filter 

(the rate of filter plugging). Unlike the SDI value, the 

alternative Z-indicator represents a composition of the 

functions based on independent water quality characteristics. 

Eq. (3) is a mathematical formulation that can represent the 

indicator: 

𝑍(𝑋1, 𝑋2, 𝑋3, 𝑋4, 𝑋5) = 𝑁1𝑓(𝑋1) + 𝑁2𝑓(𝑋2)

+ 𝑁3𝑓(𝑋3) + 𝑁4𝑓(𝑋4) + 𝑁5𝑓(𝑋5) 
 (12) 

In this study the independence and lack of mutual 

coupling between individual factors (𝑋1–𝑋5) is assumed. 

The target function – 𝑍(𝑋1, 𝑋2, 𝑋3, 𝑋4, 𝑋5) does not contain 

any terms coupling the variables as well. Any quality 

parameter is characterized by individual weight factor – 𝑁j. 

Any term on the right-hand side (Eq. 12) represents a 

product of the function depending upon the concentration of 

individual component – 𝑋j and its weight factor – 𝑁j. It 

can be rewritten as follows: 

𝑍(𝑋1, 𝑋2, 𝑋3, 𝑋4, 𝑋5) = ∑ 𝑁𝑗 𝑓(𝑋𝑗)

𝑗=5

𝑗=1

 (13) 
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Combining Eqs. (13) and (3) we get: 

𝑍𝑖(𝑋𝑖1, … , 𝑋𝑖5) = ∑  𝑁𝑗 [𝐴𝑗 𝑋𝑖𝑗
2 + 𝐵𝑗  𝑋𝑖𝑗 + 𝐶𝑗]

𝑗=𝑛

𝑗=1

 (14) 

where 𝑛 is number of individual factors. 

Mathematical formulation 𝑓(𝑋𝑖𝑗)  represents a 

quantitative contribution of individual fouling component 

into the target indicator 𝑍𝑖(𝑋𝑖1, 𝑋𝑖2, 𝑋𝑖3, 𝑋𝑖4, 𝑋𝑖5). Thus, on 

the right-hand side of Eq. (13) we get: 

𝑍𝑖(𝑋𝑖1, … , 𝑋𝑖5) = ∑  𝑁𝑗 

𝑗=𝑛

𝑗=1

[𝐴𝑗  (𝑋𝑖𝑗
2 − 𝑋𝑖𝑗)  + 𝑋𝑖𝑗] (15) 

where 𝑁𝑗  is a weight factor of individual fouling 

component. It ranges from 𝑁𝑗 = 0 to 𝑁𝑗 = 1. 

∑  𝑁𝑗 = 1 

𝑗=𝑛

𝑗=1

 (16) 

Optimization algorithm can be applied for estimation of 

the coefficients 𝑁𝑗  and 𝐴𝑗  (Eq. 15) corresponding to 

individual fouling factor such as turbidity ( 𝑋1 ), 

chlorophyll-a ( 𝑋2 ), ATP of intracellular form ( 𝑋3 ), 

absorbance at 260 nm (𝑋4) and TOC (𝑋5). 
 

 

3. Application of the model 
 

3.1 Estimation of the coefficients for individual 
components 

 

This study is based on available experimental and pilot 

results (Malek et al. 2016, Okamoto et al. 2015). All data 

 

 
used in this work are shown in Appendix A. Data on 
turbidity, NTU ( 𝑥1 ), chlorophyll-a, mg/L ( 𝑥2 ), ATP 
(intracellular form), RLU (𝑥3 ), absorbance at 260 nm, 
Abs/m (𝑥4), TOC, mg/L (𝑥5) and SDI (z) were selected. 
The SDI value represents the output Z-variable. Input data 
represent an array including SDI value (Z-variable) at 
different values of independent variables (𝑋1–𝑋5). 

All the used data were converted into non-dimensional 
format (see sub-section 2.2). All the independent variables 
(𝑥1–𝑥5) and dependent variable (z) being characterized by 

respective physical dimensions must be converted into 
dimensionless format as follows: 𝑋 = (𝑥 − 𝑥𝑚𝑖𝑛)/ 
(𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛) where 𝑥 is experimental readings ranging 
from 𝑥𝑚𝑖𝑛  to 𝑥𝑚𝑎𝑥 . The variable 𝑋  is non-dimensional 
concentration. It ranges from 𝑋𝑚𝑖𝑛 = 0 to 𝑋𝑚𝑎𝑥 = 1 at 
boundary conditions. Appendix B presents the raw water 

quality parameters converted into dimensionless format. 

Estimation of the coefficients 𝑁𝑗  and 𝐴𝑗  (Eq. 15) 

corresponding to individual factors such as turbidity (𝑋1); 

chlorophyll-a ( 𝑋2 ); intracellular form of ATP, ( 𝑋3 ); 

absorbance at 260 nm (𝑋4); total organic carbon (𝑋5) can be 

done using optimization algorithm. MS Excel embedded 

solver was used as a tool for optimization procedure. The 

program for selection of coefficients 𝑁𝑗  and 𝐴𝑗  in Eq. 

(16) at minimal deviation of the target function from 

experimental SDI values, ∑(𝑍𝑒𝑥𝑝 − 𝑍𝑐𝑎𝑙𝑐)
2

→ 𝑚𝑖𝑛 , was 

executed. The program is based on Generalized Reduced 

Gradient (GRG) nonlinear optimization algorithm. The 

coefficients 𝐴𝑗 were restricted by the following constrains 

−1 < 𝐴𝑗 < 0. The range [-1; 0] corresponds to the 

condition of the concave shape of the profile when the 

second derivative is negative. Weight factors 𝑁𝑗  are 

restricted by the following imposed conditions: 𝑁𝑗 > 0 

and ∑ 𝑁𝑗
𝑗=5
𝑗=1 = 1. 

 

Fig. 1 Individual water quality characteristics corresponding to variables (𝑋1–𝑋5) 
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Realization of the nonlinear optimization algorithm 

based on GRG (Generalized Reduced Gradient) gives 

minimum target function at the following values of 

coefficients 𝑁𝑗  and 𝐴𝑗  in Eq. 15. The objective target 

function can be expressed as follows: 

𝑍 = 0.04[−0.377 (𝑋1
2 −  𝑋1)  + 𝑋1] 

+0.151[−0.537 (𝑋2
2 −  𝑋2)  + 𝑋2] 

+0.254[−0.88 (𝑋3
2−𝑋3)  + 𝑋3] 

+0.381[−0.982(𝑋4
2 −  𝑋4)  + 𝑋4] 

+0.175[−0.771 (𝑋5
2 −  𝑋5)  + 𝑋5] 

(17) 

 

 

 
A set of calculated curves based on (Eq. 17) for different 

fouling variables are shown in Fig. 1. The plots show the 
impact of each input water quality characteristics on target 
function. Absorbance (𝑋4) shows the highest weight factor 
𝑁𝑗 = 0.381  in the target function compared to other 
individual factors. However, turbidity (𝑋1) demonstrates the 
lowest impact with the low weight coefficient (𝑁𝑗 = 0.04). 
This figure demonstrates that the implemented model has 
considered the physical assumptions and boundary 
conditions.  

Calculated and experimental values for absorbance at 
260 nm are shown in Fig. 2. 

 

Fig. 2 Published experimental data and calculated values based on the proposed model (𝑁4 = 0.381, 𝐴4 = −0.982) 

corresponding to absorbance at 260 nm (𝑋4) 

 

Fig. 3 Comparison between experimental data and calculated values based on the proposed model 
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3.2 Model performance results 
 
The model performance was evaluated using regression 

statistical analysis. The common statistical measures were 

calculated for the developed model, which are root mean 

square error (RMSE); mean absolute error (MAE); and 

coefficient of determination (R2). The results are shown 

below. 

RSME 0.153 

MAE 0.108 

R2 0.436 

The R2 for the regression analysis of the developed 

target function is shown in Fig. 3. 

To validate the developed target indicator target 

function was calculated using the developed weights and 

coefficients. The results are presented in Table 1. 

 

3.3 Sensitivity analysis of estimated target Z-function 
to independent variables 

 

The first derivative of target Z-indicator (𝑑𝑍 𝑑𝑋𝑗⁄ ) 

represents an impact of individual estimated water quality 

characteristic to the composite cumulative target Z-function 

(see Table 2): 

𝑑𝑍

𝑑𝑋𝑗
= 𝑁𝑗

𝑑𝑓𝑋𝑗

𝑑𝑋𝑗
= 𝑁𝑗[2𝐴𝑗𝑋𝑗  − 𝐴𝑗 + 1] (18) 

At 𝑋𝑗 = 0 we have: 

𝑑𝑍

𝑑𝑋𝑗
= 𝑁𝑗(1 − 𝐴𝑗) (19) 

At 𝑋𝑗 = 1 we have: 

𝑑𝑍

𝑑𝑋𝑗
= 𝑁𝑗(1 + 𝐴𝑗) (20) 

 
 

4. Conclusions 
 

Existing water quality metrics such as Silt Density Index 

(SDI) do not provide reliable estimation of water quality 

and fouling potential, so the preference must provide a 

 

 
 

real-time monitoring of multiple parameters to be converted 

into the comprehensive water quality index. In this regard 

the study covers the following: 

1. Water quality index model 𝑍(𝑋1, 𝑋2, 𝑋3, 𝑋4, 𝑋5) for 

estimation of feed water quality after pretreatment in the 

membrane desalination is proposed. The target function is 

assumed to be proportional to the probability of membrane 

fouling, that in turn to be proportional to SDI: 𝑆𝐷𝐼 ≈
𝑍(𝑋1, 𝑋2, 𝑋3, 𝑋4, 𝑋5). 

2. The model is based on the primary quality input 

variables such as turbidity, concentration of chlorophyll-a, 

ATP, absorbance and TOC. Individual sub-model 

represents a product of individual water quality 

characteristic 𝑓(𝑋𝑖,𝑗) and weight factor 𝑁𝑗. An impact of 

individual variable was approximated by parabolic function: 

𝑓(𝑋𝑖,𝑗) = 𝐴𝑗 𝑋𝑖𝑗
2 + 𝐵𝑗  𝑋𝑖𝑗 + 𝐶𝑗 . The coefficients were 

estimated using available published experimental data. 

3. The level of impact of individual components such as 

concentration of chlorophyll-a; ATP; absorbance; TOC and 

turbidity is characterized by individual weight factor 𝑁𝑗. 

Turbidity demonstrated the lowest influence in the 

developed target function with the weight coefficient value 

𝑁𝑗 = 0.04. However, absorbance shows the highest impact 

in the proposed water quality model.  

4. The proposed model is based on cumulative principle 

and includes a set of imbedded input sub-models of different 

hierarchy levels, 𝑍(𝑋1, 𝑋2, 𝑋3, 𝑋4, 𝑋5) = ∑ 𝑁𝑗 𝑓(𝑋𝑗)
𝑗=5
𝑗=1 . 

The domains of application of the proposed model can 

include different locations (characterization points) such as 

seawater intake, the points before and after pretreatment. 

Evaluation of dynamics of behavior of individual weight 

factors in real time can be used as an input for the system of 

early warning. The developed model can be used as a 

mathematical background for the software for monitoring 

and management of feed water quality in desalination. It 

can be integrated as a component in the development of 

early warning systems. 
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Appendix A 
 

 

 

Appendix B 
 

 

The measured water quality characteristics before converting into dimensionless format 

𝑥1 (turbidity, NTU) 𝑥2 (chlorophyll-a, mg/L) 𝑥3 (ATP, RLU) 𝑥4 (absorbance, Abs/m) 𝑥5 (TOC, mg/L) 𝑧 (SDI) 

8 1.8 4.5E-10 0.13 2.03 15.5 

12 1.5 1.7E-09 0.16 2.05 16 

7 1.4 8.0E-10 0.145 1.8 16.5 

6 3 1.8E-09 0.14 2.03 17.5 

9 1.7 4.0E-10 0.15 2.17 17.8 

8 3 1.2E-09 0.15 1.98 17.8 

14 2.1 1.3E-09 0.195 1.95 18 

6 3 1.5E-09 0.17 1.95 18.2 

11 4.5 2.0E-09 0.2 2.15 18.2 

10 3 1.8E-09 0.23 1.84 18.3 

10 4 1.5E-09 0.19 2.2 18.3 

10 3 1.5E-09 0.19 1.9 18.3 

6 2 1.8E-09 0.15 1.85 18.9 

16 6.5 2.5E-09 0.225 1.9 19 

8 7 1.4E-09 0.18 1.94 19 

The water quality characteristics in non-dimensional format 

𝑋1 𝑋2 𝑋3 𝑋4 𝑋5 𝑍 

0.24 0.07 0.07 0.20 0.55 0.10 

0.38 0.05 0.39 0.40 0.58 0.20 

0.21 0.04 0.16 0.30 0.17 0.30 

0.17 0.18 0.42 0.27 0.55 0.50 

0.28 0.06 0.05 0.33 0.78 0.56 

0.24 0.18 0.26 0.33 0.47 0.56 

0.45 0.10 0.29 0.63 0.42 0.60 

0.17 0.18 0.34 0.47 0.42 0.64 

0.34 0.32 0.47 0.67 0.75 0.64 

0.31 0.18 0.42 0.87 0.23 0.66 

0.31 0.27 0.34 0.60 0.83 0.66 

0.31 0.18 0.34 0.60 0.33 0.66 

0.17 0.09 0.42 0.33 0.25 0.78 

0.52 0.50 0.61 0.83 0.33 0.80 

0.24 0.55 0.32 0.53 0.40 0.80 
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