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Safe drinking water supply remains one of the most critical humanitarian challenges facing Ukraine
amid ongoing armed conflict. Destruction of water infrastructure, combined with deteriorating
source water quality has created an urgent need for adaptive, scientifically grounded disinfection
management tools. Chlorine dioxide offers significant advantages over conventional chlorination,
including efficacy across a wide pH range, biofilm disruption capacity and absence of carcinogenic
trihalomethanes. However, chlorine dioxide disinfection generates specific oxidation byproducts
(primarily chlorites and chlorates) whose combined concentration is strictly limited under national
and European regulations, creating a fundamental technological paradox between guaranteed
pathogen inactivation and byproduct minimization. Presented study develops an integrated computer
modelling framework for chlorine dioxide disinfection byproduct prediction and control. A hybrid
model architecture was proposed as the foundation for an adaptive SCADA-integrated dosing system
capable of real-time chlorine dioxide adjustment based on continuous water quality sensor inputs.
A five-factor central composite rotatable design (pH, temperature, chlorine dioxide dose, contact
time, total organic carbon) was implemented to build second-order polynomial response surface
models for two target responses: the fraction of consumed chlorine dioxide as a measure of
disinfection efficiency and chlorite concentration in treated water. Analysis of regression equations
revealed the pH as the dominant factor controlling chlorite formation, with the free term of the
chlorite formation model approaching the regulatory limit at average operating conditions,
confirming that passive parameter maintenance cannot guarantee regulatory compliance. Multi-
criteria optimization using the Harrington desirability function identified the optimal operating
regime: pH 6.0, temperature 25 °C, chlorine dioxide dose 6.0 mg/dm3, contact time 18.2 hours, TOC
< 10 mg/dm®. A Pareto frontier analysis structured the full set of optimal trade-off solutions into three
operational modes, providing water utilities with a flexible decision-making tool adaptable to current
epidemiological priorities. Monte Carlo stochastic simulation quantified seasonal risk
differentiation, demonstrating that pH reduction is a more effective control lever than dose reduction
for maintaining chlorite compliance under summer source water conditions.
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1. Introduction . .
Under conditions of full-scale military

Ensuring the population’s access to safe aggression against Ukraine, the water supply
and high-quality drinking water is one of the sector has experienced unprecedented stress:
fundamental tasks of municipal infrastructure. the destruction of pumping stations, filtration
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facilities, and distribution networks has led to
a deterioration in both the quantitative and
qualitative indicators of water supply. In
particular, a persistent increase in turbidity and
color of source water from riverine supplies
has been observed, along with elevated
concentrations of suspended solids and organic
compounds due to the disruption of bank
protection  structures and  uncontrolled
discharges, as well as an increased risk of
microbial contamination caused by damage to
wastewater systems (Shumilova, 2023; Strokal
et al., 2023; Hapich, Hennadii and Novitskyi,
2024). All these factors significantly
complicate water treatment processes and
necessitate a revision of established
technological approaches.

Traditionally, drinking water
disinfection in Ukraine has been carried out
using chlorination, a technology with more
than a century of application and a well-
established performance profile. However, the
interaction of chlorine with natural organic
matter, including humic and fulvic acids, the
concentrations of which have increased under
wartime conditions, leads to the formation of
trihalomethanes, such as  chloroform,
bromoform, and their derivatives, as well as
haloacetic acids, which are recognized
carcinogens (Mokiienko, 2026). According to
the requirements of EU Directive 2020/2184,
the total concentration of trihalomethanes must
not exceed 100 mg/dm?, while haloacetic acids
must not exceed 60 mg/dm?®. In view of the
gradual alignment of Ukrainian water
legislation with EU standards within the
framework of the Association Agreement, the
application of chlorination in water bodies
with elevated organic content is becoming
increasingly problematic.

An alternative approach is the use of
chlorine dioxide, an oxidant with a
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significantly improved safety profile in terms
of the formation of chlorinated organic
compounds. Chlorine dioxide retains its
disinfecting activity over a wide pH range (5.0
to 10.0), effectively disrupts biofilms in
distribution systems, and does not produce
trihalomethanes in concentrations of hygienic
concern (Sorlini and Collivignarelli, 2005;
Mokiienko, 2025a; Mokiienko, 2025b). These
advantages make chlorine dioxide particularly
attractive in situations where source water
quality is unstable and enriched with organic
matter.

At the same time, the application of
chlorine dioxide is associated with the
formation of specific oxidation by-products,
primarily chlorite ions and chlorate ions. For a
long time, hygienic regulation focused mainly
on chlorites, which was reflected in most early
regulatory documents. However, the current
WHO Guidelines for Drinking-water Quality
(4th  edition, 2022) and the updated
requirements of EU Directive 2020/2184
introduce strict control of both compounds: the
combined concentration of chlorine dioxide
and chlorites must not exceed 0.7 mg/dm?.
Chlorates pose particular risks to pregnant
women, infants, and individuals with glucose-
6-phosphate  dehydrogenase  deficiency
(Mokiienko, 2026). In addition, the
decomposition of chlorine dioxide in alkaline
media may result in the formation of trace
amounts of chlorine and hypochlorite.
However, these concentrations are typically
negligible and do not lead to the formation of
chlorinated organic by-products at levels
characteristic of conventional chlorination
(Mokiienko, 2025a).

Thus, a fundamental technological
paradox arises: effective disinfection,
especially under conditions of elevated
microbial contamination, requires an increase
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in the chlorine dioxide dose and contact time,
whereas the minimization of by-products,
particularly chlorites, the formation of which
increases nonlinearly with rising pH and
temperature, dictates the opposite. This
conflict represents a typical multicriteria
optimization problem in which the objectives
partially contradict each other.

Despite the considerable number of
publications devoted to the chemistry of
chlorine dioxide in water treatment, existing
models for predicting by-product formation
have significant limitations. First, the majority
of studies consider chlorites or chlorates
separately, without accounting for their
simultaneous  formation and regulatory
constraints on their combined concentration
(Sorlini and Gialdini, 2014; Ma et al., 2025).
Second, widely used simplified linearized
regression relationships (for example, Korn et
al., 2002; Zanetti, 2008; Sorlini et al., 2016) do
not adequately capture the nonlinear nature of
chemical kinetics and interactions among
factors, such as between pH and temperature
during disproportionation. Third, kinetic and
computational  fluid dynamics  models,
although formally accurate, require large sets
of input parameters and substantial
computational resources, which limits their
practical applicability in water utilities with
constrained instrumental capacity. Machine
learning  approaches, including neural
networks and support vector methods,
demonstrate significant potential (McKelvey
et al., 2025); however, their application
requires large training datasets, which are
difficult to obtain under conditions of unstable
source water quality and wartime constraints.
In particular, conducting classical full-scale
experimental studies is complicated by
damaged or partially functioning
infrastructure. This substantially increases the
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role of computer modeling as a tool for
generating operational technological
recommendations based on limited but
sufficiently reliable laboratory and operational
data.

The aim of this study is to develop an
integrated computer model of the water
disinfection process using chlorine dioxide,
which enables the prediction and minimization
of an extended spectrum of by-products,
including chlorites and chlorates, based on a
combination  of  experimental-statistical
modeling  methods and  optimization
algorithms.

2. Materials and Methods

2.1 Analysis of Modeling Approaches

Effective control of the drinking water
disinfection process using chlorine dioxide
under conditions of unstable source water
quality represents a complex multicriteria
problem that cannot be fully resolved by any
single class of mathematical models. In this
study, a hierarchical modeling approach is
proposed, comprising three levels of
complexity and predictive accuracy. The first
level consists of experimental statistical
models,  specifically  response  surface
methodology, RSM (Suquet J. et al., 2021; El
Houda et al., 2024), developed on the basis of
designed experimental data and presented in
this work as the primary outcome. The second
level includes kinetic and hydrodynamic
models, which enable a mechanistic
interpretation of the obtained statistical
relationships. The third level involves hybrid
algorithms and machine learning methods that
refine the predictions and provide a pathway
toward the development of a full digital twin
of the technological process. This section
describes all three levels, as well as the tools of
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multicriteria optimization and stochastic
analysis applied to the developed RSM
models.

The most fundamental approach to
describing the disinfection process is the
construction of kinetic models that represent
the chemical reactions of chlorine dioxide
decomposition and the formation of its
derivatives. In general, the kinetic model of
chlorine dioxide consumption in an aqueous
medium is described by a system of differential
equations. In particular, for the equation
describing the decay of reagent concentration
in an ideally mixed system (a completely
mixed reactor), the following expression is
used (Song et al., 2023; Li et al., 2024):

dCcio,
dt

Cczoz *Cre — k3 ) ngoz, (1)

st.  Ceo, Is chlorine dioxide
concentration, mg/dm?®; C.oune — content of
organic impurities in water that are susceptible
to oxidation by chlorine dioxide; Cr, — content
of iron compounds; k; — reaction rate
constants.

The first term represents the reaction of
chlorine dioxide with organic matter, the
second term corresponds to its interaction with
reduced forms of iron, and the third term
describes the self-decomposition of the
reagent. All three rate constants depend on
temperature according to the Arrhenius
equation, which directly links the Kkinetic
model to technological factors (temperature,
pH) of the designed experiment.

It is important to emphasize the
formation of chlorites and chlorates as coupled
Kinetic processes. The disproportionation of
chlorine dioxide in an alkaline medium is
described by the following reaction:

5Cl0, + 40H™ - 4ClO3 + Cl™ + 2H,0, (2)

= _kl ) CClOZ ) Ccount - k2 ’
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Mechanism (2) explains the dominant
role of pH in chlorate formation, providing a
mechanistic basis that is reflected in the
coefficients of the RSM equations discussed
below.

For real water treatment facilities with
spatially non-uniform flow, it is also advisable
to apply another class of models, namely
distributed  parameter  models,  which
simultaneously  account for advection,
diffusion, and chemical transformation
processes (Zhang et al., 2025; Bondarchuk et
al., 2026):

2
9Ccio, _ L9%Cclop, V- 9Ccio, k- C2 3)
at ax2 ax Cl0y

s.t. D is turbulent diffusion coefficient,
m?/sec; v is average flow velocity, m/sec; k is
generalized reagent consumption
(expenditure) constant.

Numerical solution of such equations
using Computational Fluid Dynamics software
makes it possible to determine the spatial
concentration profile, that is, the variation of
chlorine dioxide concentration c,,, over time,
in a contact reactor or pipeline, to identify dead
zones with insufficient mixing of the reagent,
and to optimize the location of dose injection
as well as to estimate the residual
concentration at the outlet of the contact
chamber. It should be noted that RSM models
provide a conservative lower-bound estimate
of process performance for real reactors: the
actual formation of by-products under full-
scale conditions may differ from laboratory
predictions due to hydrodynamic non-
uniformity, which is explicitly accounted for in
the CFD approach.

2.2 Design of the Experiment

The main dataset of this study was
obtained through an active, designed
multifactor experiment. A nonlinear central
composite rotatable design with five factors
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was employed for conducting the experiments
(Antony, 2023; Bondarchuk et al., 2025).

Five technological parameters that most
significantly influence the disinfection process
and the formation of by-products were selected
as independent variables (factors): pH of the
medium (X1); temperature of the treated water
(X2), °C; total dose of chlorine dioxide (Xa),
mg/dm?; contact time (X4), hours; and total
organic carbon content (Xs), mg/dm?.

The selection of these factors is justified
by two considerations. On the one hand, they
represent key operational parameters that
water utilities can directly control or monitor
in real time. On the other hand, each of them is
included in the kinetic equations (1) and (3) as
a variable determining reaction rates. In
particular, pH directly controls the equilibrium
of the disproportionation reaction (2), while
total organic carbon content determines the
first term in equation (1).

It should also be noted that the selected
ranges of factor variation cover both typical
operating conditions of water treatment plants
in Ukraine under normal circumstances and
extreme scenarios associated with
deterioration of source water quality during
wartime. In particular, the upper limit of total
organic carbon, 30 mg/dm?, corresponds to
heavily polluted surface waters, while the wide
temperature range, from 4 to 25 °C,
encompasses seasonal variations from winter
to summer conditions.

The response functions in this study are
defined as follows: a) y: as the fraction of
chlorine dioxide consumed for disinfection, a
dimensionless quantity ranging from 0 to 1 (it
should be noted that, in line with the study
objectives, the residual volumes of chlorine
dioxide in the purified water were determined;
the y1 function serves as an integral measure of
the oxidative load and can be viewed as an
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indirect indicator of disinfection efficiency in
terms of byproduct formation); b) y-» as the
concentration of chlorites in treated water,
mg/dm?, representing the primary regulated
disinfection by-product.

Response Surface Methodology, RSM,
was applied to approximate the response
functions y1 and y» within the factor space,
enabling the construction and analysis of
mathematical response models for
optimization purposes (Harrington et al., 1992;
Korn et al., 2002; Zanetti et al., 2008;
Bondarchuk et al., 2025; Bondarchuk et al.,
2026). The method is based on a second-order
polynomial approximation:

Yu =20+ Xax; +Xagxl +X a;jx;xj, (4)

s.t. y, (u=1,2) are response functions
(process responses), x; (i=1,..,5) are
independent variables (process factors), a;, a;;
G,j=1,..,5) are the desired model
coefficients.

The coefficient estimates were obtained
using the least squares method. Statistical
validation of the model included the
calculation of coefficients of determination,
testing the significance of coefficients using
the Student t-test, and assessing model
adequacy using the Fisher F-test (Bondarchuk
et al., 2025).

The resulting response surface equations
serve a dual purpose in this study. First, they
act as analytical tools for understanding the
influence of each factor on the target
indicators. Second, they provide a basis for
further computational analysis, including the
construction of  surface  cross-sections,
optimization, and stochastic modeling.

2.3 Multi-criteria  optimization:
desirability function and Pareto profile

The simultaneous minimization of
several interdependent responses requires the
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application of multi-criteria optimization
methods. In this study, two complementary
approaches were employed.

Following Harrington’s  generalized
desirability function approach, each response
yi is transformed into a dimensionless partial
desirability function d;i in the range [0, 1]. For
a response to be minimized (by-product
concentration), the transformation is defined as
follows:

D = (T, ) 2w, (5)

s.t m is number of responses.

The weighting coefficients wi reflect the
priorities of a specific water utility: under an
increased risk of microbial contamination, wl
(disinfection priority) is increased, whereas
under strict regulatory control of water quality,
w2 (priority of chlorite minimization) is
increased.

Optimization of the desirability function
D with respect to the factors X, ..., Xs yields a
single optimum point that best satisfies the
overall system of criteria.

To obtain a complete picture of the
available optimal trade-offs between the
responses, the Pareto front is also constructed
as the set of solutions for which no response
can be improved without deteriorating another.
In the objective space (y1, y2), the Pareto front
is identified numerically based on the RSM
equations (4) using a uniform grid search in the
factor space followed by filtering of non-
dominated solutions. The practical value of the
Pareto front for water utilities lies in providing
decision makers with a comprehensive map of
optimal operating regimes: the selection of a
specific point on the front is determined by
current priorities (degree of microbial risk vs
risk of exceeding the maximum permissible
concentration of chlorites), without the need to
repeatedly solve the optimization problem.
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2.6 Extension of the RSM approach
capabilities

Despite the effectiveness of RSM for
analysis and optimization within the designed
factor space, this approach has fundamental
limitations: a second-order polynomial
approximation may fail to capture strongly
nonlinear relationships, and a model built on
50 data points cannot be directly extrapolated
to conditions that lie far beyond the studied
range. These limitations can be addressed by
machine learning and hybrid modeling
methods (Hu et al., 2023; Ding et al., 2024),
which form the basis for further development
of the proposed approach. The network
architecture for this case may include an input
layer (5 neurons corresponding to the number
of factors), several hidden layers with ReLU
activation, and an output layer (neurons
corresponding to the number of responses). A
significant limitation for the application of
ANN in the present study is the requirement
for substantially larger training datasets
(typically N >= 200 to 500 points); 50 central
composite design points represent a minimum
threshold and require mandatory use of
regularization techniques (dropout, L») to
prevent overfitting.

Support  vector regression (SVR)
constructs a hyperplane in the feature space
with a maximum margin defined by an epsilon-
insensitive tube, which ensures robustness to
noise in the input data (Hu et al., 2021). In
contrast to ANN, SVR with an RBF kernel
(radial basis function) demonstrates acceptable
performance even with small sample sizes (N
approximately 30 to 80), making it particularly
promising for direct application to the central
composite design data of this study. An
additional advantage is that SVR provides not
only point predictions but also an estimate of
the uncertainty interval, which is critical for
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assessing the risk of exceeding the maximum
permissible concentration of chlorites.

A promising  direction is  the
development of a hybrid (grey-box) model that
combines a mechanistic basis (RSM equations
or a kinetic model) with a machine learning
component that describes systematic residuals:

)A’hybr(x) = Yrsm (X) + €y (x), (6)

S.t Yrsm (x) is "traditional™ (physically
interpreted, limited by quadratic
approximation) part of the model, &, (x) is a
residual term trained using SVR or ANN
methods on nonlinear effects beyond the limits
of quadratic approximation.

This approach, referred to in the
literature as “physics informed machine
learning” or “grey box modeling” (Hu et al.,
2021; Moeini and Abokifa, 2025; Di Bella et
al., 2026), combines the advantages of both
classes of models: the physical interpretability
and extrapolation robustness of RSM with the
flexibility = of  machine learning in
approximating complex nonlinearities. The
RSM models developed in this study represent
a natural first level of such a hybrid
architecture and can be further enhanced with
a machine learning component as operational
data from water treatment plants are
accumulated.

Deterministic RSM models provide a
point prediction of the response at fixed factor
values. However, real operating conditions of
water treatment plants are characterized by
continuous stochastic fluctuations in raw water
quality parameters, such as temperature, pH,
and organic content, which necessitates a
probabilistic approach to risk assessment.

Finally, the Monte Carlo method (de
Brito Cruz et al., 2024) enables the use of RSM
equations as a generator of probabilistic
predictions. At the first stage, probability
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distributions are assigned to the fluctuating
factors, for example:

. X,~N(ur,0%) for the temperature
factor (where N(..) is normal distribution with
seasonal parameters);

. X,~U(apy, byy) for the pH factor
(where U(..) is uniform distribution in the
typical operating range);

. Xs~LogN (troc, 020c) for the TOC
factor (where LogN(.) - lognormal
distribution, typical for natural waters).

In the second step, an array x® of NN =
10,000 random vectors is generated according
to the given distributions. In the third step, the
RSM model prediction is calculated for each

vector, for example, 9" = 9,(x®). Finally,
the probability of exceeding the standard is
estimated:

P(9,>Mpc, ) =<2, 1[50 > 0.2], (7)

s.t. P(...) is mathematical probability,
MPC,, is Maximum Permissible Concentration
(MPC) for y,, 1][...] is indicator function.

This approach makes it possible to
address practically important questions: what
is the probability of exceeding the MPC of
chlorites under winter temperature conditions
compared to summer conditions; how safe the
current dosing regime is under deterioration of
raw water quality (for example, TOC spikes
after floods or emergency events); at what
value of chlorine dioxide dose the probability
of exceeding the MPC does not exceed a
specified risk threshold (for example, 5%), and
so forth. The answers to these questions,
obtained on the basis of RSM equations as a
computational model (a digital twin), have
direct practical value for automated reagent
dosing control systems at water utilities.
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3. Results and Discussion

3.1 Implementation of the
experimental design and obtained arrays of
technological responses

In accordance with the central composite
rotatable design for five factors, a total of 50
experiments were conducted. A fragment of
the design matrix in natural values of the
factors (X1 to Xs), together with the measured
response values (yi, Y2), is presented in Table
1. A characteristic feature of the obtained
dataset is the wide range of response variation:

y1 changes from 0 (no activation of the reagent
under conditions of minimum temperature and
minimal contact time in the absence of organic
matter) to values close to 0.92 (almost
complete consumption of chlorine dioxide at
maximum temperature, dose, and TOC
content). The response y» varies from 0 to
values close to 0.61 mg/dm® which in a
number of cases exceeds the maximum
permissible concentration of chlorites, thereby
confirming the relevance of the dosing
optimization problem.

Table 1. Fragment of the experimental plan implementation matrix (natural values of factors)

X1(pH) | X2(C) | Xs (mg/dm?) Zﬁ;‘ours) Xs (Mg/dm?) | y1 y2 (mg/dm?)
6 25 6 20 30 000|025
9 4 1 20 30 000 | 0.00
6 4 6 20 10 0.68 0.28
75 3947 |35 105 |20 0.39 0.38
75 145 |35 105 |20 0.28 0.27
9 25 6 20 10 0.92 0.61
9 25 1 1 10 0.42 0.20
6 25 6 1 10 0.25 0.00

Based on the responses, the matrix least
squares method applied to the full matrix of 50
experiments, and regression equations for the
responses were obtained.

It should be noted that the resulting
polynomial equations are second order models
and, like any quadratic approximation, have an
inherent limitation: they accurately reproduce
the system behavior within the studied factor
space, but may systematically deviate from
actual values when extrapolated beyond the
design domain and in the presence of higher
order nonlinearities not captured by the
quadratic polynomial. To address these
limitations, a hybrid grey box model (6) is
proposed, combining a mechanistic RSM basis
with a machine learning component trained on
systematic residuals. Within this study,

residual vectors (approximation errors) were
calculated for each of the 50 design points and
for each technological response. Testing the
statistical hypothesis of no autocorrelation in
the set of residual values using the Durbin
Watson criterion showed that the residuals are
randomly distributed and do not exhibit a
systematic structure. Therefore, the obtained
RSM models are adequate, and further
machine learning correction is not justified, as
it would not provide a significant improvement
in accuracy.

3.2 Analysis and Interpretation of
Regression Models

In the equation for yi, all quadratic terms
have negative signs. This indicates the
presence of a pronounced maximum of the
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response surface y: within the investigated
factor space. In contrast, in the equation for y»,
the quadratic terms for x3 (+0.02) and Xa
(+0.02) have positive signs, whereas those for
X1, X2, and Xs are negative, forming a saddle-
shaped surface for y» with a local minimum in
the region of moderate doses and contact
times, and an increase in chlorite concentration
at extreme values of both factors.

3.2.1 Model w1
Efficiency)

The intercept ao = 0.54 represents the
average fraction of chlorine dioxide consumed
at the center of the factor space (pH =7.5; t =
14.5 °C; dose = 3.5 mg/dm?®; t = 10.5 hours;
TOC = 20 mg/dm?), corresponding to typical
operating conditions of a water treatment plant.

Analysis of the linear coefficients
reveals a noteworthy result: factor X1 (pH) has
a negative linear coefficient (a1 = -0.049),
indicating that an increase in pH within the
studied range slightly reduces the effective
useful consumption of chlorine dioxide for
disinfection. = A possible  technological
interpretation is that at higher pH values, a
larger fraction of the reagent is consumed in
disproportionation reactions, that is, in the
formation of chlorites and chlorates, rather
than in pathogen inactivation. At the same
time, Xs (total organic carbon) has the largest
linear coefficient in absolute value among the
factors except for x1 (as = +0.05), meaning that
higher organic content increases the overall
consumption of the reagent; however, it does
not necessarily enhance microbiological
disinfection efficiency, since chlorine dioxide
is consumed in competing reactions with
natural organic matter.

Among the interaction effects, the term
X2Xa With a coefficient of +0.072 stands out as
the largest in absolute value among all cross

(Disinfection
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terms. This indicates that the effect of contact
time (x4) is significantly amplified at elevated
temperature (x2). In particular, at t = 25 °C,
increasing contact time leads to a much greater
increase in y; than at t = 4 °C. In practical
terms, this suggests that at low winter
temperatures, compensating for the reduced
rate of oxidation reactions solely by increasing
contact time is inefficient; an increase in
reagent dose is required.

All quadratic coefficients are negative,
with the largest absolute values being ax = -
0.086 for temperature and ass = -0.082 for
contact time. This indicates that the response
surface y; exhibits a pronounced dome-shaped
maximum in the X, dimension: excessive
increases in temperature or contact time
beyond the optimal level leads to a decrease in
y1, likely due to the acceleration of side
reactions and decomposition processes.

3.2.2 Model y2
Concentration)

The key linear effect is a1 = -0.028,
which is the largest linear coefficient in
absolute value in the equation for y.. The
negative sign indicates that a decrease in pH
leads to a reduction in chlorite concentration.
At lower pH values, the equilibrium of
chlorine dioxide disproportionation shifts to
the left, and the formation of chlorites via
reaction (2) is slowed down.

The most significant interaction effect in
the y> model is the term x1xs with a coefficient
of -0.064. This is the largest interaction
coefficient in absolute value across both
equations. The negative sign indicates a
synergistic reduction of y. under conditions of
simultaneously low pH and high total organic
carbon, compared to what would be expected
based on linear effects alone. Under such
conditions, chlorine dioxide predominantly

(Chlorite
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oxidizes the organic matrix without significant
formation  of chlorites through the
disproportionation mechanism.

3.3 Analysis of Response Surfaces and
Determination of the Safe Dosing Region

Since full visualization of the response
space for a five-factor system is not feasible, as
the response surface represents a five-
dimensional function and any cross-section is
only a partial projection, graphical analysis in
this study was performed using the method of
cross-sections. In this approach, two factors
were varied simultaneously, while the
remaining three were fixed at specified levels.
A critically important conclusion is that the
shape of the cross-section fundamentally
depends on the levels of the fixed factors, as
illustrated in Figure 1. In particular, the
response surface constructed in the x1-X2 space
for the variable y; differs significantly
depending on the levels at which the remaining
factors are fixed. In the case of fig. 1, b (short
contact duration, x; = 0,x, = —1, and x5 =
0), a surface maximum is observed in the zone
X1=—0.5, x2=+0.5 (moderately acidic pH,
elevated temperature). In the case of fig. 1, a
(long contact duration, x; =0,x, =1, and
xs = 0), the indicated maximum shifts and
“flattens” — long contact compensates for the
influence of pH and temperature, leveling out
the difference between the conditions.

The safe dosing region is determined
graphically and analytically as the intersection
of the domains satisfying multiple conditions,
for example, simultaneous fulfillment of y; >
0.5 condition, effective disinfection defined as
at least 50 percent of chlorine dioxide
consumed, and §, <0.2  condition,
compliance with the maximum permissible
concentration for chlorites.

On-line ISSN 2521-151X

Fig. 1. Response surface plots: a case
study of disinfection efficiency

Superposition of the contour plots of
both responses shows that this region is narrow
and highly sensitive to the values of the fixed
factors. Under unfavorable combinations of
background conditions, for example, pH = 9,
TOC = 30 mg/dm?3, the region either becomes
significantly reduced or disappears entirely,
making it impossible to satisfy both regulatory
requirements  simultaneously  for  any
combination of dose and contact time.
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3.4 Numerical Multicriteria
Optimization

The conflicting nature of the objective
functions, with y: to be maximized and y to be
minimized, significantly complicates the
quantitative identification of a point that
simultaneously optimizes both responses. To
obtain a compromise solution, the Harrington
approach was applied (Zalenska, 2023): each
response was transformed into a dimensionless
partial desirability function di in the range
from O to 1, and the overall process quality
criterion was maximized using an evolutionary
algorithm over the full factor space for the
given case. The transformation of responses
into desirability functions was performed with
consideration of regulatory constraints. In
particular, for y», the threshold of desirability
was set at the level of the MPC = 0.20 mg/dm?®
(d2=0 with $, > 0.2 mg/dm?, and d,=1 with
y2 =0.

The results of numerical optimization
gave the following optimal values of factors in
coded form: x; =-1,x, =1,x3=1,x, =
0,81, xs = —1, or in natural units X; =6,
X, = 25°C, X3 =6 mg/dm?, X, = 18,2 hours,
Xs = 10 mg/dm?.

The physicochemical interpretation of
the optimum found is consistent with the
mechanism of the reactions studied. The
minimum pH (pH=6.0) maximally suppresses
the disproportionation of chlorine dioxide,
reducing y.. The maximum temperature
(25 °C) accelerates the disinfecting reactions,
increasing yi1. The maximum dose (6.06
mg/dm®) in combination with an acidic
environment provides a powerful oxidative
potential with relatively moderate formation of
chlorites. The duration of 18.2 hours (close to
the upper limit) aims to ensure exhaustive
disinfection.
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3.5 Pareto front: set of optimal
compromise solutions

To achieve a systematic understanding
of the trade-off structure between i,
efficiency, and y», safety, a Pareto front was
constructed as the set of non-dominated
solutions in the objective space. For this
purpose, based on the equations in the factor
space Xi € [—1; +1], a uniform grid with a step
of 0.25 for each factor was generated. For each
point, the pair of predicted responses (y;, ¥,)
was calculated. The solution x4 dominates
over xB if in the 9 > yE; 94 < 98 system
although one of the inequalities is a strict
inequality. After selection according to this
criterion, the Pareto front containing N, non-
dominated solutions was obtained.

Analysis of the Pareto front revealed
three functionally distinct regimes:
o Mode A - maximum disinfection
(P, > 0.7, §, > 0.2 mg/dm3). Mode A is
characterized by the following parameters:
maximum temperature within the range,
maximum oxidant dose, and moderate or
elevated pH value. In this mode, the regulatory
limit for y> is not satisfied, but disinfection
efficiency is maximal. This regime may be
applied under conditions of elevated
microbiological risk, when the risk of infection
outweighs the risk of chemical contamination.
. Mode B — minimal chlorites (y; < 0.4,
$, < 0.1 mg/dm?3). Mode B corresponds to
minimum pH, reduced oxidant dose, and
shortened contact time. In this regime, the
regulatory requirement for y> is satisfied with
a significant margin, but disinfection
efficiency is insufficient for waters with high
microbial load.
o Mode C represents the corridor of
compromise  optimum  (0.5<79; <0.7,
0.15 < 9, < 0.20 mg/dm3). The optimal
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solution of the multicriteria optimization
problem identified above lies within this
corridor. It defines the operational zone of
normal plant performance, where both
regulatory requirements are satisfied at an
acceptable level of disinfection efficiency.

The principal practical value of the
Pareto front lies in its ability to transform the
selection of a dosing regime from a single-
point decision into a flexible management tool.
Movement along the front from Mode B to
Mode A under the threat of a microbiological
outbreak, and in the opposite direction under
stricter regulatory control of water quality, can
be implemented automatically by a SCADA
system based on signals from source water
quality analyzers.

3.6 Stochastic analysis of models for
seasonal risk assessment

Under real operating conditions at a
water treatment plant, the quality parameters of
source water continuously fluctuate. To
quantitatively assess the probability of
exceeding the maximum  permissible
concentration of chlorites under stochastic
variations of conditions, the Monte Carlo
method, that is, statistical simulation, was
applied.

Two seasonal scenarios were analyzed
with controlled factors fixed at their optimal
levels, x3* = +1 and x4* = +0.8, and with

stochastic ~ variations  in  uncontrolled
conditions, in particular:
) Winter  scenario:  X;~U(7.0,7.8);

X,~N(7,2%); Xs~LogN(15,3%).
) Summer scenario: X,~U(7.4,8.2);
X,~N(21,2%); Xs~LogN(24,4%)
(increased TOC due to blooms in water
bodies).

The uniform distribution of X; factor
reflects the fact that pH within the operational
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range varies relatively evenly, and the operator
maintains it within specified limits. The
lognormal distribution of total organic carbon
is selected in accordance with its natural
distribution in surface waters.

For each scenario, NN = 10,000 random
vectors of factor values were generated. The
probability of exceeding the maximum
permissible concentration was estimated using
equation (7).

Statistical simulations  conducted
according to the described procedure revealed
a pronounced difference between seasons. In
the winter scenario, lower temperature slows
down the disproportionation reaction of
chlorine dioxide, while lower organic content
reduces the competitive consumption of the
reagent. In the summer scenario, the
simultaneous increase in temperature, by 14 °C
relative to the center of the factor space, pH,
with an upward shift of the distribution by 0.4
units, and total organic carbon, by 9 mg/dm?,
leads to a significant rightward shift in the
distribution of the predicted response .

The practical conclusion from the results
of the stochastic analysis is as follows: the
optimal dosing regimen proposed above,
aimed at minimum TOC conditions, is
adequate for the winter season, but most likely
requires correction (by reducing the chlorine
dioxide dose or lowering the operating pH to
compensate for the increased risk of exceeding
the MPC) for summer conditions.

4. Conclusions

The present study is devoted to the
development of an integrated system of
experimental statistical mathematical models
of the drinking water disinfection process
using chlorine dioxide, aimed at predicting and
minimizing disinfection by products under
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conditions of unstable raw water quality. The
analysis of the feasibility of hybrid models has
shown that the experimental statistical models
obtained in this case are adequate, and further
refinement using machine learning methods is
not justified, as it does not provide a significant
improvement in accuracy.

Multi-criteria optimization based on the
Harrington desirability function made it
possible to propose an optimal technological
regime of the process that ensures effective
disinfection  while maintaining  chlorite
concentrations below the regulatory limit. The
constructed Pareto front structured the set of
optimal trade off solutions into three functional
regimes: maximum disinfection, minimum by
products, and an operational compromise
corridor, thereby providing water utilities with
a tool for flexible selection of operating
conditions depending on current
epidemiological priorities and regulatory
requirements.

Stochastic analysis of the models using
the Monte Carlo method quantitatively
confirmed the seasonal differentiation of risk:
under a summer raw water quality scenario,
lowering the operating pH is a more effective
measure for maintaining chlorite
concentrations  within ~ the  maximum
permissible concentration than a proportional
reduction in reagent dose. The obtained
regression equations are suitable for direct
implementation in SCADA systems of water
treatment plants to enable proactive real time
adjustment of chlorine dioxide dosing, which
is critically important under conditions of
martial law and increased variability of raw
water quality in Ukraine.
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IMPOTHO3YBAHHS YTBOPEHHS INOBIYHUX ITPOJIYKTIB
1] YAC 3HE3APAKEHHS BOJIH JJIOKCHJIOM XJIOPY: BIJ
EKCHHEPUMEHTAJIBHO-CTATUCTUYHUX JIO I'IBPUIHUX

MOJIEJIEA

Onexcandp Bonoapuyk', Apxaoiii llaxnoecexuiit, Jlapuca Cnacvonosa', Anopiti Moxienxo?

! KuiBchbkuit mositexuiunuii incturyt imMeni Irops Cikopeskoro, Bondarchukau@gmail.com

2 HanionansHuii yHiBepcuTeT «OcTpo3bKa akageMis», Mokienkoav56@gmail.com

3abesneyenns be3neunor NUMHOIO 600010 3ATUMAEMbC OOHUM 13 HAUKPUMUYHIWUX 2YMAHIMAPHUX BUKTUKIG,
wo nocmaroms neped YKpaiHow 6 yMo8ax mMpusarouo2o 30potiHozo KOoHGuikmy. Pyiinysanns 600HOI
iH(hpacmpykmypu 6 No€OHAHHI 3 NOZIPUEHHAM AKOCMI 800U 6 0dcepenax 3yMOGUNU HA2AlbHy nompedy 6
A0ANMuUBHUX, HAYKOBO OOIPYHMOBAHUX THCTNPYMEHMAX KEPYBAHHSI MEXHOIOSIYHUM NPOYecom OesiHghexyii.
Hiokcuo xnopy mae cymmesi nepesacu HAO MPAOUYIUHUM XAOPYBAHHAM, GKIIOHANOYU eeKMUBHICMb Y
wupokomy Oianazoni pH, 30ammuicme pyunyeamu  Oionnieku ma  GIOCYMHICMb  KAHYEPOLEHHUX
mpueanozeumemanie. OOHax Oesingpexyisi OIOKCUOOM XI0PY CYRPOBOONCYEMbCA YMBOPEHHAM CHEeYUDIUHUX
NOOIYHUX NPOOYKMI6 OKUCHEHHs (NepesadCHO XJIOpUmie i X10pamis), CyMapHa KOHUEHMpPAayis SKux cy8opo
0OMedcena HaYiOHAIbHUMU Ma €8ponelicbkumMu Hopmamu. Lle cmeoproe hyHoamenmanorull MexHoNO2iUHUL
NAPAOOKC MINC 2apaHmoBaHol0 [HAKMUBAYIEID NAMO2eHI8 ma MIHIMI3ayielo nobiunux npooykmie. YV
npeoCcmasieHomMy OO0CHIONCEHHI 3anPONOHOBAHO  KOMN'TOMEPHO-IHMESPOBAHUL  MOOCNbHULL  NIOXI0 00
NPO2HO3YBAHHA MA KOHMPONIO NOOIUHUX NPOOYKMIE 0e3iHheKyii 0ioOKCUOOM XNI0pY; 3anpONnOHOBAHO CIOPUOHY
apximekmypy KoMmn lomepHoi Mooeni sk O0cHO8Y Ons adanmueHoi, inmeeposanoi ¢ SCADA cucmemu
003Y8aHHs, 30AMHOI KOpU2ysamu nooayy OioKCUOy XJI0PY 8 DPedtCUMi PearbHO20 4Ydacy Ha OCHOGI OaHUX
damuukie sakocmi 600u. [na no6yoosu mooenei nosepxHi 6i02yKy Opy2020 NOpsaoKy OYI0 peani3o8ano
1 AMUdaKmoprull YeHMmpaibHUuti Komnouyiinutl pomabenrvnutl niar (pH, memnepamypa, 0oza Odiokcudy
XJI0pY, 4ac KOHMAKmy, 3a2aibHUll OpeaniuHull gyeiieys) 011 080X YilbOBUX NOKAZHUKIE: YACMKU CHOMCUNOZ0
Odioxcudy xaopy K mipu eppexmusnocmi Oesingexyii ma Konyenmpayii xaiopumis 6 ouuwyerit 600i. Oouosi
MoOei NPOOEeMOHCMPYBANU BUCOKY CIAMUCTMUYHY ddeKeamHicmb. Ananiz pigHans peepecii eussus, wo pH €
OOMIHYIOYUM (DAKMOPOM, KU KOHMPOTIOE YMEOPEHHS XI0PUMIG, NPUUOMY GLTbHULL YlleH MOOei YMEOPEHHs
X0pUMi8 HAOIUNCAEMBCS 00 HOPMAMUBHOT MeXCE 3a cepedHix poboyux ymos. Lle niomeepocye, wo nacusne
RIOMPUMAHHA ~ napamempie  He  Modce — 2apanmyeamu  OOMPUMAHHS — HOPMAMUBHUX — BUMOR.
bazamokpumepianvna onmumizayis 3 euxopucmanusam ¢yukyii 6asxcanocmi Xappinemona 003801uU1A
3anpononysamu onmumaisHull poooyutl pesxcum: pH 6,0; memnepamypa 25 °C; doza diokcudy xaopy 6,0
m2/om®; uac konmaxmy 18,2 200unu; emicm 3aeanvHoco opeaniynozo gyeneyto (30B) < 10 me/omS. Ananiz
Hapemo-ppoumy cmpykmypyeag nogHuil Habp ONMUMATLHUX KOMAPOMICHUX pilleHb 3a Mpbomda
ONEPAYIUHUMU PENCUMAMU (MAKCUMATbHE 3HE3APANCEHHS, MIHIMAIbHe YIMBOPeH s NOOTUHUX NPOJYKmMie, ma
DPedNCUM MeXHON02IUH020 KOMNPOMICY), WO HAOAE B00OKAHANAM SHYUKUL THCMPYMEHm NPUUHAMM pilulens,
a0anmogarull 00 NOMOYHUX enidemionoziunux npiopumemis. Cmoxacmuune MOOeTOBAHHSI 3a MemoOOM
Monme-Kapno 003601un0 KilbKIiCHO OYIHUMU CE30HHY OupepeHyiayilo puzuxis, npooemMoHCmpyeasuil, Wo
snudicenns pH € echexmusniwium gasicenem KOHMPOIO, HIdHC 3HUICEHHSL 003U, 0TI 3abe3neyeHHs 6i0N0GIOHOCMI
HOPMAM 30 6MICIOM XJA0PUMIE 8 YMOBAX JNIMHbO20 CKAAOY UXIOHOT 600U.

Knrouosi cnoea. ouuwenns numnoi 600u, oesinghexyisi OioKCUOOM XI0pY, YMEOPEHHs XA0pumis, nooiuHi
npoodykmu desinghexyii, adanmusre 003y8aHHs, MEMOOON02IiA NOBEPXHI 8IO2YKY, 2IOpUOHI MOOeni
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