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A B S T R A C T

Sensor Data Fusion (SDF) is a widely used means of monitoring electrochemical processes. The application of
SDF contributes to solving challenges in process efficiency, control and reliability.

Due to recent, stringent regulations, there is a need to monitor the formation of by-products in elec-
trochlorination, such as chlorate. For this development, the knowledge of SDF produced in neighboring fields
of research, such as on batteries or fuel cells, can be of great value.

This paper presents an overview of the application of SDF algorithms to monitor electrochemical processes,
and discusses how to best apply SDF to monitor by-product concentrations in the context of electrochlorination.
Both first-principles and data-driven approaches are discussed.

Successful application of SDF to electrochlorination monitoring will improve the safety of drinking water
supply. In addition, this overview can inspire and improve the application of SDF in the monitoring of other
electrochemical systems.
1. Introduction

Electrochemistry is fundamental to several critical technologies,
such as battery technology and some metal production processes. Its
main strength is its ability to drive chemical reactions that are not
spontaneous, and to do so using relatively simple means. Key challenges
are that this effect is largely indiscriminate, and that local, complex
physics are at the core of the technique. To meet the current challenges
in greenhouse gas emissions as well as to increase cost-effectiveness,
product quality and production reliability, it is increasingly desirable
to monitor such electrochemical processes in real-time (Waag et al.,
2014; Lin et al., 2019).

A much-used method of monitoring is that of sensor data fusion
(SDF) (Hall and Llinas, 1997; Khaleghi et al., 2013). Such techniques
combine data from multiple sensors, as well as related information, to
achieve a more specific inference than would be possible with a single
sensor (Hall and Llinas, 2001). This has proven especially useful in
applications that rely on electrochemical processes, as the variables of
interest, such as cell conditions, often cannot be measured directly. For
example, SDF has been used to estimating the State of Charge (SOC) in
batteries since the 1970s (Karunathilaka et al., 1983). Besides batteries
the application of SDF in electrochemistry has been actively researched
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in the fields of fuel cell technology and the production of aluminum,
among others.

Electrochemical processes are also used in the water technology
sector (Gupta et al., 2012; de Moura et al., 2014). Here, there is a clear
drive to monitor processes more closely as well, with SDF again being
a promising means (Mohd Ali et al., 2015). Specific benefits may be to
minimize costly sample analysis, and to enhance process control.

One prospective application is the monitoring of by-product for-
mation during electrochlorination, which is an on-site means of pro-
ducing a chlorine-based disinfectant electrochemically. This has be-
come especially pressing since recent regulations regarding oxychloride
concentrations in drinking water strictly limit the chlorate output of
electrochlorinators in the European Union (World Health Organization,
2017; Snyder, 2016; Cotruvo and Fawell, 2016; The European Parlia-
ment and the Council of the European Union, 2020; The European
Commission, 2015). Since there is no chlorate sensor commercially
available, the current solution is to frequently analyze samples (Ross
et al., 2022). A monitoring system based on SDF could potentially pro-
vide chlorate estimates in real-time without frequent sample analysis,
which would both reduce cost and benefit safety and compliance.

To monitor electrochlorination through SDF is a new application
for a well-developed technology. Therefore, it is worthwhile gain an
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Abbreviations

AEKF Adaptive Extended Kalman Filter
AUKF Adaptive Unscented Kalman Filter
AKF Adaptive Kalman Filter
ANN Artificial Neural Network
ARMA Autoregressive Moving Average
BMS Battery Management System
CKF Cubature Kalman Filter
CNN Convolutional Neural Network
DNN Deep Neural Network
DT Decision Tree
ECM Equivalent Circuit Model
EKF Extended Kalman Filter
ESO Extended State Observer
GPR Gaussian Process Regression
KF Kalman Filter
KNN K Nearest Neighbors
LSTM NN Long-Short Term Memory Neural Network
ML Machine Learning
PEMFC Proton Exchange Membrane Fuel Cell
PID Proportional, Integral, Derivative
PF Particle Filter
PSO Particle Swarm Optimization
RF Random Forest
RLS Recursive Least Squares
RNN Recurrent Neural Network
RUL Remaining Useful Life
SDF Sensor Data Fusion
SMO Sliding Mode Observer
SOC State of Charge
SOE State of Energy
SOFC Solid Oxide Fuel Cell
SOH State of Health
SOP State of Power
SPKF Sigma Point Kalman Filter
SVM Support Vector Machine
SVR Support Vector Regression
UKF Unscented Kalman Filter

verview of the adjacent applications where SDF has been researched
nd applied, to learn how this technique can best be applied to the
onitoring of by-product formation in electrochlorination. In this work
ill first explain why an uncorrected model is insufficient in the case of
lectrochlorination, followed by a brief introduction to the various SDF
ethods. We will subsequently detail the method of gathering relevant

ources that apply SDF to electrochemical processes and present the
ound works. We will finally discuss the implication of the found works
o by-product monitoring of the electrochlorination process, followed
y a conclusion.

. Monitoring of electrochlorination

To properly understand the need for Sensor Data Fusion, it is
ecessary to gain an understanding of the problem, and why, precisely,
model of the process in question cannot suffice. In this section

he process of electrochlorination will be described, with the goal of
ssessing the possibility of modeling the formation of chlorate without
mploying sensors to correct the model.
2

Fig. 1. Electrochlorinator diagram.

Fig. 2. Electrochlorination process, simplified.

An electrochlorinator is, in essence, a flow cell, consisting of a bath
with a set of electrodes, as illustrated in Fig. 1. An overview of the
chemical species evolution without parasitic reactions is given in Fig. 2.

The feed consists of a sodium chloride solution of approximately 30
g/l, sea water or wastewater (Black & Veatch Corporation, 2009). The
water is typically softened and strained if necessary. At the cathode,
water is electrolyzed into hydrogen gas and hydroxide.

2 H2O + 2 e– 2 OH– + H2 (1)

The hydrogen forms bubbles, as it rapidly saturates the water when
formed. The gas moves upwards due to the difference in density com-
pared to water, and pulls the solution through the electrode gap. The
hydroxide is rejected from the cathode surface, through both diffusion
and migration induced by the electrical potential.

At the same time, chloride is attracted to the anode by both migra-
tion and a diffusion gradient, as it is consumed at the electrode surface.
At the electrode surface the chloride is oxidized into chlorine.

2 Cl– Cl2 + 2 e– (2)

Typically this forms chlorine bubbles, due to an over saturation
at the electrode surface, which then diffuse to the bulk of the fluid.
Since the process in question is intended for industrial production, it is
usually controlled such that the current density and electrode potential
are relatively high.

The chlorine gas quickly reacts with the hydroxide to form
hypochlorite.

Cl + 2 OH– Cl– + ClO– + H O (3)
2 2
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The hypochlorite, in turn, forms an equilibrium with hypochlor-
ous acid, as it reacts with hydroxide. This effect would, if no other
reactions occur, stabilize the fluid at about pH 10, depending on tem-
perature (Czarnetzki, 1989; Agency for Toxic Substances and Disease
Registry (ATSDR), 2010).

ClO– + H+ HOCl (4)

The above reactions are desired, and the process conditions and
electrode material are chosen with the production of free chlorine in
mind. The electrochemical formation of chlorate is considered par-
asitic, and is thought to occur through several possible paths. The
most commonly assumed mechanism is that of direct hypochlorite
oxidation, and to a lesser degree, the oxidation of hypochlorous acid,
at the anode (Czarnetzki, 1989). These reactions are called the Foerster
reactions. Naturally, the reactants have to move to the electrode from
the bulk.

6 ClO– + 3 H2O 2 ClO –
3 + 4 Cl– + 6 H+ + 3

2 O2 + 6 e– (5)

6 HClO + 3 H2O 2 ClO –
3 + 4 Cl– + 12 H+ + 3

2 O2 + 6 e– (6)

Another pathway is the oxidation of hypochlorite to chlorate via
chlorite (Tasaka and Tojo, 1985).

ClO– + 2 OH– ClO –
2 + H2O + 2 e– (7)

ClO –
2 + 2 OH– ClO –

3 + H2O + 2 e– (8)

Direct oxidation of chlorine is also thought to be possible (Tasaka
and Tojo, 1985).

Cl– + 3 H2O ClO –
3 + 6 H+ + 6 e– (9)

Finally, chlorate may be formed via electrochemically generated
hydroxide radicals, or its strongly oxidative derivatives such as ozone
and peroxide (Siddiqui, 1996). Although Reaction (5) is criticized for
its complexity (Cornell et al., 2003), the direct oxidation of hypochlo-
rite was found to be the most prominent pathway of electrochemical
chlorate formation on Pt/Ti electrodes (Jung et al., 2010).

Another anodic reaction that is considered to be parasitic is the
formation of oxygen, by the electrolysis of water.

2 H2O O2 + 4 H+ + 4 e– (10)

The electrode materials are chosen such that the chlorine evolution
s preferred over oxygen formation, but the formation of oxygen will
ot be wholly prevented (Czarnetzki, 1989).

The actual process is still more complex. Oxychlorides may each
ecompose, perchlorate may be formed, and additional equilibria ex-
st between oxychlorides and their protonated variants. In addition,
mpurities such as bromine may react as well.

The rates of the reactions are usually expressed as current densities,
hat is, the current that is utilized for that reaction, per unit of electrode
urface area. The current density may be limited by electrode kinetics,
y mass transport, or both. In case the current density for a particular
pecies evolution is only determined by a mass transport limitation, the
ollowing equation may be used. We assume that the reaction has only
ne reactant.

= 𝑛𝐹𝑘(𝑐𝑏 − 𝑐𝑠) (11)

Here, 𝑖 is the current density for the reaction rate of interest.
urthermore, 𝑛 is the number of electrons involved with the reaction,
is Faraday’s constant, 𝑘 is the mass transport coefficient and 𝑐𝑏 and 𝑐𝑠

re the reactant concentrations in the bulk and at the electrode surface,
espectively.

In case the current density is only determined by the electrode
inetics, 𝑖 may be found using the Butler–Volmer equation, shown
elow in extended form.

= 𝑖𝑜,𝑟𝑒𝑓

(

𝑐𝑠
)𝛾 [

exp
(

𝛼𝑎𝐹𝜂𝑠
)

− exp
(

−
𝛼𝑐𝐹𝜂𝑠

)]

(12)
3

𝑐𝑟𝑒𝑓 𝑅𝑇 𝑅𝑇
Here, 𝑖𝑜,𝑟𝑒𝑓 is the reference exchange current density at reactant
concentration 𝑐𝑟𝑒𝑓 , 𝛾 the activity coefficient, 𝛼𝑎 and 𝛼𝑐 are, respectively,
he anodic and cathodic charge transfer coefficients, 𝜂𝑠 is the surface
verpotential, 𝑅 is the universal gas constant and 𝑇 is the temperature.
he Butler–Volmer equation is semi-empirical, which means that part
f its parameters are determined experimentally per implementation,
nder standard and steady-state conditions. To find the actual current
ensity Eq. (11) and Eq. (12) may be equated to one another and solved
umerically.

A critical aspect is that the final current density depends on the
pecies activity at the electrode. Due to the high overpotential, the
ass transfer is expected to be limiting, at least in part (Fuller and
arb, 2018). The mass transfer, in turn, depends highly on the degree
f mixing that occurs due to bubble formation. Although empirical
pproximations of mass transfer coefficients exist (Mohanta and Fahidy,
977; Sedahmed and Nirdosh, 2007), this problem remains difficult to
olve accurately, even with Computational Fluid Dynamics modeling,
ue to the multiphase and multidimensional nature of the problem.
he amount of bubble formation and its dynamics also depends on
emperature, as well as the electrode reactions themselves. This means
hat with the current technology it is infeasible to accurately determine
he bubble formation, and by extension the electrochemical reaction
ates, in real-time.

However, it may be feasible to employ a model that compromises on
ccuracy, which is then corrected through additional sensor data and
sensor data fusion (SDF) algorithm. This approach is frequently used

n the monitoring of other electrochemical systems. This paper aims to
ive an overview of the available knowledge, in support of a broader
pplication of SDF in the monitoring of electrochemical systems.

. Approaches to monitoring

.1. The state–space context

To understand why the choices in the various fields of application
orrelate or differ, it is necessary to gain an understanding of sensor
ata fusion, which is a broad set of techniques in itself. The avail-
ble SDF methods and the differences between them can be better
nderstood when placed in a state–space framework, as defined in
athematical systems theory. The equations may be nonlinear, and it is
ossible to construct a state–space model based on empirical relations.
n its most generic and extensive form, the state–space representation
or finite-dimensional systems is given by:
𝑑
𝑑𝑡

𝑥 = 𝑓 (𝑡, 𝑥, 𝑢, 𝑤; 𝜃) (13)

= 𝑔 (𝑡, 𝑥, 𝑢, 𝑣; 𝜃) (14)

Here, 𝑥 is a vector which contains the current states of the system
nd potentially the dynamic process variables used to describe the
ystem, and 𝑦 is the vector containing the outputs of the system. The
ariable 𝑡 is time, vector 𝑢 represents the control inputs and vector 𝜃
ontains the model parameters that are assumed to be constant. The
tochastic vectors 𝑤 and 𝑣 represent system noise and measurement
oise, respectively.

.2. Model-based sensor data fusion

A commonly-used class of SDF algorithms is that of state observers.
n classical observer theory, the output vector 𝑦 is used to represent the
ensor outputs, while the state vector 𝑥 represents the internal states
hat drive the modeled process. This includes the states that are to
e monitored, either directly or indirectly. The input 𝑢 is generally

assumed to be known. A model of a real system, described in Eqs. (13)
and (14) by only the determinate terms, can then be corrected in real
time using sensor data (Luenberger, 1964; Dochain, 2003):
𝑑 𝑥̂ = 𝑓 (𝑡, 𝑥̂, 𝑢, 𝜃) + 𝐿 (𝑦 − 𝑦̂) (15)

𝑑𝑡
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𝑥

Fig. 3. Diagram of a Luenberger observer (dashed box) connected to a plant.

𝑦̂ = 𝑔 (𝑡, 𝑥̂, 𝑢, 𝜃) (16)

Here the ‘‘hat’’ indicates estimates, and 𝑦 is the sensor data as
measured. 𝐿 represents a gain matrix, used to map and scale the
prediction error (𝑦− 𝑦̂) to the corrections on 𝑥̂. The resulting algorithm
is called a Luenberger observer, shown graphically in Fig. 3.

This approach may be expanded upon by considering uncertainties,
as expressed in terms of known or assumed covariance matrices of the
system noise (𝑤) and sensor noise (𝑣). Applying such considerations
to a linear system has lead to the well-known Kalman Filter (KF),
which, given the uncertainties in 𝑤 and 𝑣, aims to optimally balance
the model output with the sensor data (Kalman, 1960; Kalman and
Bucy, 1961). If both 𝑤 and 𝑣 are Gaussian, the basic KF leads to
the exact Bayesian filtering distribution, sharing the connection be-
tween Kalman and Bayesian filtering. One well-known variant of the
basic Kalman filter is the Extended Kalman Filter (EKF) for non-linear
systems (Eq. (15)–(16)).

The Kalman filter updates a state estimate covariance matrix based
on the predetermined system and noise covariance matrices, the in-
novation (that is, the difference between 𝑦 and 𝑦̂) and the system’s
dynamics (Keesman, 2011). Through this state estimate covariance
matrix, the previous performance affects the next estimation. The state
estimate covariance matrix may also be determined by calculating
predictions for multiple sample points, from which the state estimate
covariance matrix may be determined, such as in the Unscented Kalman
Filter (UKF). While the KF, EKF and UKF assume and describe Gaussian
probabilities through mean and (co)variances, Monte Carlo methods
such as the Particle Filter (PF) describe the state probabilities using the
sample distribution itself (Gordon et al., 1993; McAfee et al., 2022).

Alternatively, rather than using a covariance matrix or particle
distribution to encode previous error statistics, the estimation may
be based on a moving window of previous inputs and measurements.
These Moving Horizon Estimators (MHE) may be based on a state–space
model, or on data-driven models, such as a Neural Net. In the former
case, the goal is to optimize the estimated states 𝑥̂ by minimizing the
innovation, given the recorded previous inputs (Hu et al., 2018).

Methods that use multiple sample points or optimization routines
are more computationally demanding than an EKF. Though the avail-
ability of computational power has steadily increased (Sui et al., 2021),
this is still noted as a significant downside in recent works (Chang et al.,
2022; Shi et al., 2022a; Wu et al., 2022a).

3.3. Observability and detectability

A critical problem in SDF is the question of whether there is suf-
ficient information available to accurately determine the state that is
estimated. In the case of observers, the model structure can be analyzed
to answer this question. The model structure should preferably be such
that, by observing the difference between estimated model output data
𝑦̂ and real sensor data 𝑦, the estimated state vector 𝑥̂ can be corrected,
4

Fig. 4. Diagram of a regressor connected to a plant.

and converges to the real, but unknown, state 𝑥. For linear, time-
invariant systems Kalman devised a test that can prove whether this is
the case (Kalman, 1963), but for non-linear systems the observability
problem becomes more difficult (Stigter et al., 2017).

In certain cases it is possible to construct a stable observer, where
̂ → 𝑥, in spite of a lack of full observability (Zhang et al., 2021b; Ross
et al., 2022). In this case, the system needs to be detectable, that is, the
states that are not observable must always be stable. The consequence
is that the error dynamics of the non-observable, but stable states are
determined by the dynamics of the system (Kwakernaak and Sivan,
1972).

3.4. Data-driven sensor data fusion

Instead of developing a model based on first-principles, one can
estimate an unknown variable using a model based solely on data, via
regression or classification analysis. Machine Learning methods fall in
this category. As in observer-based SDF, both inputs 𝑢 and outputs 𝑦
can be used. In the case of the estimation of a continuous variable,
the key difference with observers is that the sensor data is not used to
correct state-equations, but is rather used as an input for a regressor (in
this case, the variables that are used as input are named independent
variables, or features). Note that both the input signal 𝑢 and sensor data
𝑦 can be subjected to noise (see Fig. 4).

A machine learning algorithm is fit by optimizing a generic model’s
parameters such that the error between 𝑥 and 𝑥̂ is minimized. Once
fit, the model can be applied to new data, under the assumption
that the data is sufficiently similar to that used in the fitting process.
The different machine learning algorithms used in the context of the
monitoring of electrochemical systems are categorized in Ng et al.
(2020), Shu et al. (2021), Rauf et al. (2022), Oji et al. (2021), Sui et al.
(2021), Vanem et al. (2021), Li et al. (2019), Zheng et al. (2013).

The data used as input to the machine learning algorithm is often
processed prior to use (Zhang et al., 2022b; Li et al., 2019). For
instance, in the case of a many-cell system, dimensionality reduction
may be applied, via Principle Component Analysis (PCA) or similar
algorithms (Zheng et al., 2013; Zhang et al., 2022b). Such feature
engineering techniques can improve the model’s accuracy in spite of
using the same data, since the data provided to the machine learning
algorithm is richer in information (Ang and Paw, 2021).

3.5. Hybrid models

First-principles and data-driven models each have their benefits
and drawbacks (Sansana et al., 2021). First-principles models require
detailed knowledge of the system, both in the form of mechanisms
and parameters. They are more laborious to formulate than data-driven
models, but once formulated they are relatively broadly applicable.
Data-driven models require little to no a priori knowledge, but do
require significantly more data to create. They are only applicable to
the circumstances in which the data was gathered.

By combining first-principles and data-driven (sub)models, these
benefits and drawbacks may be balanced (von Stosch et al., 2014).
This can lead to a higher accuracy, better calibration and extrapolation
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properties, and improved interpretability, with similar resources spent
in terms of engineering effort and data acquisition.

In electrochemical applications, one of the early techniques was
to tailor machine learning algorithms to physical mechanisms or con-
straints (Richard et al., 2009; Ahmed et al., 2010; Xu et al., 2022a;
He et al., 2022a). Such an approach was shown to improve prediction
accuracy, both in interpolation and extrapolation, and was more in-
terpretable (von Stosch et al., 2014). First-principles models are also
frequently used as a means of feature engineering (Li et al., 2019).
In the monitoring of battery systems observers and regressors are
frequently used concurrently. In this case, an observer monitors the
State of Charge in the short term, which is then used as an input to a
machine learning algorithm that determines the State of Health in the
long term (Jiang and Song, 2022; Adaikkappan and Sathiyamoorthy,
2021).

3.6. Adaptive models

Model parameters (𝜃) can also be identified in real time, instead
of being set in advance. This is especially relevant to electrochemical
applications, as electrochemical cells may degrade over time. If so,
the model used for an SDF algorithm may no longer be accurate, and
requires updating.

In adaptive models a selected set of parameters is considered to be
time-varying, rather than constant. In case of classical observer theory
these parameters become part of the, now augmented, state vector
(𝑥). Consequently, the selected model parameters are included in an
observability analysis and in the correction loop, much like the pro-
cess states (Goodwin and Payne, 1977). Alternatively, Reinforcement
Learning techniques may be applied to adapt model parameters in
real-time (Natella and Vasca, 2021).

4. Search methodology

The search for relevant works was done using the Web of Science
database, and was done in three stages. First, the adjacent fields were
identified. This was done by searching with a combination of a term
related to electrochemistry and a term related to sensor data fusion.
The exact search term used is as follows:

(Electrochemi* OR Electrode OR Anode OR Cathode) AND
(‘‘Sensor fusion’’ OR ‘‘Data fusion’’ OR Observer OR
‘‘Machine learning’’ OR Kalman)

The title, abstract and keywords were searched, and medical and
non-chemical subjects were excluded.

In the next phase, a search was performed to identify any existing re-
view papers. This was done per field of application using the following
search line, replacing the term ‘‘application’’ as appropriate:

(Application) AND (‘‘Sensor fusion’’ OR ‘‘Data fu-
sion’’ OR Observer OR ‘‘Machine learning’’ OR Kalman)
AND (Review OR Overview)

Finally, the individual fields of application were researched. This
was done using the following term:

(Application) AND (‘‘Sensor fusion’’ OR ‘‘Data fu-
sion’’ OR Observer OR ‘‘Machine learning’’ OR Kalman)

This was done for time periods after the latest relevant review
paper. Only works from Q1 and Q2 journals have been included in the
results.

5. Results and discussion

The results of the search are listed in Appendix A, along with a
brief description of each of the found fields of application. Fig. 5 gives
an overview of the results, specifically of what goals and approaches
are relevant to the fields of application. In this section we will detail
how the works are related to the monitoring of by-product formation
in electrochlorination, and what lessons may be taken from them.
5

A

5.1. Applicability of SDF methods to electrochlorination monitoring

Currently, little work has been published regarding the applica-
tion of SDF to electrochlorination (Ross et al., 2022). However, the
works found in adjacent fields of application can help finding a better
approach to SDF for electrochlorination.

In terms of objective, the need to determine a chemical matrix
is also present in fuel cell technology (Liu et al., 2020b), aluminum
smelting (Shi et al., 2022b; Zhang et al., 2017, 2018) and flow batter-
ies (Nolte et al., 2021). Frequently, this is not the final goal. Instead,
estimating concentrations or partial pressures is in service of estimating
the SOH, or for controlling the process.

As shown in Fig. 5, the type of model that is applied varies greatly.
From the found works it is clear that estimators based on first-principles
are preferred in case they are used to inform control algorithms,
as observers are readily integrated with control theory (Liu et al.,
2020b; Shi et al., 2022b). These use voltage and current signals along
with a simplified electrochemical model or Equivalent Circuit Model
(ECM) (Waag et al., 2014; Fleischer et al., 2014; Ng et al., 2020).

The arguments in favor of using a data-driven solution to estimate
concentrations regard the process’ complexity. It is argued that, in
contrast to first-principles models, machine learning methods are able
to capture the complexity of electrochemical processes, and that a lack
of knowledge regarding the process would preclude the development
of an accurate first-principles model (Zhang et al., 2018). Nonetheless,
first-principles models have been used successfully, at least in case the
concentrations to estimate strongly affect the sensor signals.

In case the objective is to monitor by-product concentrations, the
by-products may not affect the sensor readings significantly, which
complicates the application of SDF. This is especially true in the ab-
sence of ion-selective sensors or distinct signals such as a usable elec-
tromagnetic absorption peak, as is the case with chlorate (Monteiro
et al., 2021; Ross et al., 2022). Since by-products are typically small
in amount relative to the main product or components, these species
influence sensors that measure bulk properties only weakly. Although
sensor data fusion has been used for the estimation of by-product
concentrations (Mohd Ali et al., 2015; Chairez et al., 2007), to the
authors’ knowledge there is no research in which the by-product stems
from an electrochemical process. The closest example is that of impurity
detection in copper production (Wikström et al., 1998a,b).

Whether the sensor signals can be sufficient to accurately estimate
by-product concentrations remains to be researched. In the absence of
a signal that has a direct correlation with the by-product concentration,
four approaches are currently foreseen. The first is to still attempt to use
the sensors measuring bulk properties, such as electrical conductivity
or potentials, using a first-principles model. In this case it is crucial
that the system noise 𝑤 and sensor noise 𝑣 have a very low bias. While
ariance is important in terms of uncertainty, the downside of a high
ariance can be mitigated over time by observing a large number of
easurements. This is not possible with an unknown bias. Ensuring a

ery low bias is especially difficult in the case of electrochemical sys-
ems, as electrodes deteriorate over time, and sensors may drift (Nolte
t al., 2021).

Similarly, a data-driven model may be used that employs the same
ensors and inputs. The fundamental difficulties are the same, as de-
erioration of the electrodes and sensor drift would strongly affect the
ccuracy of the estimate of the by-product concentration.

Another solution is to develop a model that is detectable, rather
han observable (Zhang et al., 2021b; Ross et al., 2022). This implies
hat a part of the state equations are corrected, and that the state
quations that determines the by-product formation remain uncor-
ected. In the case of the monitoring of by-product formation in an
lectrochemical process, the uncorrected state equations would include
he submodel of the electrode kinetics of the by-product formation.

lthough semi-empirical models exist, it is not yet known whether
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Fig. 5. The electrochemical process monitoring fields categorized by SDF goals and approaches.
these are sufficiently robust for the electrochlorination case, and bubble
formation complicates the calculation, as mentioned previously.

Finally, a combination of the previously mentioned approaches may
be employed, in the form of a hybrid approach (von Stosch et al.,
2014; Sansana et al., 2021; Karniadakis et al., 2021). Although hybrid
architectures have not been extensively used to estimate the chemical
composition of a fluid, they are expected to offer benefits in terms
of accuracy and data requirements. This is because, although it is
difficult to model the electrochemical processes accurately, high-level
aspects such as changes in temperature and the mixing of fluids can
be described well using first-principles models. To model these aspects
through a first-principles model means there are determined robustly
and in a manner that is broadly applicable, which eases the task set for
the data-driven model.

5.2. Additional considerations

In addition to the general architecture of estimation algorithms, a
number of additional considerations will inform or limit the design of
the SDF algorithm.

The SDF estimation is dependent on what inputs 𝑢 and sensor data
𝑦 with their uncertainties is available. The prevalent sources of infor-
mation in the found works were the potentials and currents over the
electrodes. These can be determined affordably and in real-time, and
often need to be known regardless, to control the process, for example.
Another aspect is whether sensors can feasibly be added. In aluminum
smelting the environment is corrosive, with high temperatures and with
a strong magnetic field, which complicates the placement of additional
sensors (Viumdal and Mylvaganam, 2010; Yue et al., 2017). In battery
systems surface temperature measurements are often used, though not
per-cell, due to the quantity of cells in a battery (Vennam et al., 2022;
Elsergany et al., 2022; Pang et al., 2021; Raijmakers et al., 2019).
Electrochlorination lends itself well to the placement of additional sen-
sors. There is a bulk product flow with relatively high concentrations,
and it is sufficiently benign for most commercial, industrial sensors.
For instance, in Ross et al. (2022), a UV-a absorption sensor was used
in conjunction with temperature and pH probes to monitor the free
6

chlorine concentration, which is a major component of the chemical
matrix.

In case a data-driven model is used, obtaining the data becomes
a consideration. While the use of data can be powerful, the data is
specific to a system or set of systems, as well as the conditions present
during the data gathering campaign. To reduce the need to gather
data for new situations, such as a new cell, transfer learning has
become an important topic (Wang et al., 2022a; Deng et al., 2022).
Using such techniques data-driven models can be made applicable to
a situation different from that on which the data is based, through
limited additional data regarding the new situation. Furthermore, hy-
brid methods can reduce the demands regarding data, as a portion of
the process is modeled using first-principles, and should theoretically
not require data to represent, other than for sensor calibration and
model parameters (von Stosch et al., 2014). This is especially relevant
in electrochemical applications, as the electrochemical processes are
affected by a large number of chemical and physical parameters.

In the case of by-product monitoring, each data entry represents a
sample of the fluid, that needs to be taken and analyzed. As such, the
cost per data entry is not trivial and datasets may be limited in size.
This may limit the use of highly complex machine learning models. In
addition, as the process depends on variables such as feed chemistry
and electrode quality, the problem of a high dimensionality strongly
applies.

A method of increasing the amount of available data is to collect
the data of a large number of product instances, and train models at a
central server, leading to so-called cloud-connected products (Shu et al.,
2021; Wang et al., 2021b; Wassiliadis et al., 2021). Transfer learning
methods can aid with bridging the gap between the different product
instances (Vanem et al., 2021).

A current line of research is to update the models in real-time,
using incremental, self-learning or autoregressive models (Shu et al.,
2021; Sui et al., 2021). In this case the algorithm’s model parameters
are updated based on the error of the estimations. Such a strategy is
valuable in the face of slowly changing conditions, such as changes in
feed quality, electrode degradation or sensor drift. Unfortunately, in
contrast to SOH estimation, for instance, the estimates are expected



Computers and Chemical Engineering 172 (2023) 108128E.A. Ross et al.
to be verified infrequently in the case of the estimation by-product
concentrations due to the cost of sample analysis. Consequently, the
estimation algorithm cannot be updated frequently on the basis of the
estimation error.

5.3. General discussion

Electrochemical models based on first-principles generally assume
that the chemical composition and reactions are fully known. For
electrochlorination this will not be the case. While the source water
is treated and there are specifications that the used sodium chloride
salts should meet, the chemical composition of the feed water will still
vary highly between locations. Within one location, the feed might
gradually change over time, as well. Varying chemical composition of
feed material can be seen in the fuel cell- and smelting applications too.
Adaptive models, such as applied when accounting for cell degradation
in batteries, seem to be a suitable solution to this problem (Nolte
et al., 2021). In addition, research is done on how to improve clas-
sical observers with neural networks, to account for such complex
chemistry (Porru et al., 2000).

In the literature, the gap between theoretical or laboratory work
and operating the algorithms in practice, is seen as one of the main
issues persisting today (Shu et al., 2021; Sui et al., 2021; Vanem et al.,
2021; Wang et al., 2021b; Wassiliadis et al., 2021; Peng et al., 2021;
Wang et al., 2021h). There are different reasons that are noted. First,
modeling simplifications such as ignoring non-linearities and hysteresis
raise concerns (Wang et al., 2021b). Frequently temperature changes
are left out of scope, even when it is known that these will affect the
estimates (Nolte et al., 2021; Wang et al., 2021b; Yang et al., 2021b;
Wang et al., 2021h). This is often done in the absence of temperature
sensor data (Wei et al., 2021). Second, the laboratory conditions often
fail to represent practical conditions, especially when the goal is to
determine the RUL, or to detect faults (Shu et al., 2021; Sui et al., 2021;
Wang et al., 2021h). This is because temperature changes, vibrations
and dynamic operating conditions may all affect the degradation of the
electrochemical systems in question. Finally, the quality of the available
data that is available when the algorithm is implemented in practice
may not be as accurate as assumed (McCarthy et al., 2021; Vanem et al.,
2021; Yang et al., 2021b).

When designing a monitoring algorithm for use in practice, the
computational resources available need to be considered (Shu et al.,
2021; Wassiliadis et al., 2021; Yang et al., 2021b; Zhou et al., 2022),
though the amount of computational power available is expected to
increase (Sui et al., 2021). In addition, power-constrained applica-
tions such as mobile devices, the power to run the algorithms is a
significant concern (McCarthy et al., 2021). To find a good balance
between accuracy and efficiency, prudent model and feature selection
is required (Shu et al., 2021; Wang et al., 2021b). Analyzing the sen-
sitivity of the model to its inputs and parameters can help here (Wang
et al., 2021b), and feature reduction may reduce complexity without
significantly reducing accuracy (Shu et al., 2021). For self-learning
data-driven methods, it is necessary to consider the amount of training
time required to update the model as well (Shu et al., 2021). This aspect
of training data is an on-going research item in the field of design of
experiments, as found in statistical and system identification literature.

6. Conclusions

The monitoring of chlorate formation in electrochlorination has
become important due to new and stringent regulations. Due to the
complexity of the electrochemical process it is not possible monitor
chlorate formation with a model that simply simulates, and is not
corrected by sensor data. This trait is shared with a number of other
electrochemical processes, where the challenge is to monitoring the
process. Sensor Data Fusion has been used as solution, in different
forms. It was found that especially the battery and fuel cell applications
7

are well-researched, though there are a number of fields that receive
a smaller amount of attention as well. The differences in applied
methods can be traced back to the distinct properties of the processes
in question, as well as the demands of the products they are part of.

When designing algorithms for electrochlorination by-product mon-
itoring main challenge is that the by-product concentrations to be
estimated are low relative to the bulk product, which means they have
only a small influence on the sensor readings. Four potential solutions
are foreseen. One approach is to reconstruct the chlorate concentration
from the small influence that the chlorate in the solution has on ‘bulk’
sensor readings, such as the electrical conductivity, through a first-
principles model. A purely data-driven approach is also possible, by
simply attempting to correlate sensor readings and process conditions
with the chlorate concentration. A detectable first-principles model
may devised, and finally, a hybrid solution may be possible, that can
better balance data requirements, robustness and accuracy. Research
specific to electrochlorination is required to determine whether these
approaches are feasible.
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