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Early Warning Detection Systems (EWDS) are essential for preventing runaway reactions in chemical reactors
by providing timely alerts before uncontrolled exothermic events. Conventional EWDS rely predominantly
on temperature monitoring; however, industrial temperature sensors often suffer from delayed response and
are highly dependent on sensor positioning, limiting their effectiveness during rapid or localized thermal
excursions.

This study introduces an alternative detection strategy based on electrical conductivity monitoring, which
offers faster response times and higher sensitivity—especially in reactions where ionic or charged species are
released at the onset of runaway. A theoretical framework is presented to demonstrate how this method can
overcome key limitations of temperature-based systems, enabling more accurate and responsive detection.

Compared to the benchmark divergence method, the conductivity-based approach detects runaway onset
within 2 °C of the true temperature (vs. ~ 3 °C deviation with temperature sensors), and anticipates the event
200-300 s before peak temperature. This allows earlier intervention and significantly reduces the maximum
temperature rise at onset (by 30%-40% compared to temperature-based detection). Integrating advanced
conductivity sensors into existing EWDS infrastructures could markedly improve reactor safety and control.
This work lays the foundation for future experimental validation and broader adoption in chemical reaction
engineering safety systems.

1. Introduction

Exothermic chemical reactions present significant safety risks pri-
marily due to the possibility of runaway reactions [1]. A runaway reac-
tion, commonly termed thermal runaway, occurs when an exothermic
chemical process loses thermal control, resulting in rapidly escalating
temperatures [2]. On an industrial scale, these events can manifest in
various parts of chemical plants, such as reactors, storage tanks, and
pipelines [3]. Additionally, runaways can be initiated by malfunctions
in auxiliary equipment, including mixers, cooling systems, and feed
pumps, as well as control system errors or design inadequacies [4].
Typically, runaway reactions arise when heat generation rates exceed
the system’s heat removal capacity, creating a self-accelerating feed-
back loop where rising temperatures further increase reaction rates [5].
Unchecked, this positive feedback can lead to catastrophic thermal
events.

The rapid dynamics associated with runaway reactions complicate
their mitigation, even when equipped with safety devices like relief

systems designed to vent non-condensable byproducts and prevent ex-
plosions [6]. Thus, proactive strategies aimed at preventing or limiting
the initiation and progression of runaway events — rather than relying
solely on reactive mitigation — are essential [7]. One widely adopted
preventive approach involves the design of inherently safe processes
and equipment that operate safely outside conditions conducive to
runaway reactions, thereby accommodating operational variations and
uncertainties [8]. Nevertheless, despite robust design practices, un-
foreseen failures of supporting systems, domino effects from adjacent
incidents, or unexpected operational anomalies may still challenge the
effectiveness of inherent safety measures. Consequently, integrating
advanced control systems capable of early detection and mitigation
of runaway scenarios is crucial for enhancing process reliability and
safety in chemical operation [9]. Early intervention through effective
detection systems can significantly reduce the risk of near misses es-
calating into severe accidents with substantial environmental, human,
and economic impacts [10].
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A widely employed strategy for the early detection of runaway
reactions involves the deployment of Early Warning Detection Systems
(EWDS) [11]. Within the context of runaway prevention, EWDS en-
compass an integrated suite of tools specifically developed to monitor,
detect, and diagnose loss of thermal control in exothermic chemical
systems. Typically, these systems include three fundamental compo-
nents: real-time process monitoring for data acquisition, well-defined
criteria to distinguish safe operating conditions from hazardous scenar-
ios, and mechanisms for triggering alarms upon detection of dangerous
states [12]. The key challenges in designing effective EWDS are accu-
rately defining hazard identification criteria, minimizing false alarms —
which can lead to disruptive interventions such as emergency dumping
of reactor contents or addition of reaction inhibitors — and ensur-
ing simplicity and adaptability of the system across diverse reaction
conditions [13].

One robust detection methodology frequently applied within EWDS
frameworks is based on the Strozzi and Zaldivar (SZ) criterion [14].
Originally developed for model-based detection methods, the SZ cri-
terion relies on knowledge of the fundamental material and energy
balance equations governing reaction systems, typically analysed using
techniques such as Lyapunov exponents or model divergence analy-
ses [15,16]. Recent advancements have extended the application of this
criterion to data-driven approaches, allowing system dynamics recon-
struction purely from experimental time-series data, thus eliminating
the need for explicit model information [17]. Leveraging embedding
theory, these reconstructed system dynamics effectively act as sur-
rogates of the intrinsic system behaviour, enabling quantitative and
predictive assessments of runaway initiation.

To date, data-driven implementations of the SZ criterion have pre-
dominantly utilized temperature and pressure measurements. Tempera-
ture is associated with the thermal state of a chemical system, whereas
pressure fluctuations often indicate gaseous byproduct formation asso-
ciated with the onset of runaway reactions. According to the parametric
sensitivity theory proposed by Varma, Morbidelli, and Wu (VMWT),
transitioning from a stable state to a runaway state places a chemical
system within a regime characterized by high parametric sensitivity.
In this regime, minor variations in input parameters — such as feed
temperature, reactant concentration, stirring speed, or flow rate — can
result in sudden and significant changes in the system’s behaviour [18].
Thus, any measurable parameter intrinsically linked to the system dy-
namics can theoretically serve as an indicator for detecting parametric
sensitivity.

However, practical considerations, such as sensor response time
and measurement noise, significantly influence the effectiveness of
chosen observables in data-driven approaches. The critical response
times include both the sensor’s own response and the intrinsic response
time of the measured property itself. For example, thermocouples com-
monly exhibit relatively slow response times, yet temperature remains
a reliable indicator of the system’s thermal behaviour. Conversely, pres-
sure sensors typically have faster response times, but pressure signals
may be less reliable indicators of runaway initiation due to possible
delays or interference from side reactions and byproducts. Additionally,
both temperature and pressure sensors are susceptible to measurement
noise, complicating accurate detection [19]. Given these constraints,
identifying alternative observables for runaway detection is necessary.
A promising alternative is the electrical conductivity of the reactive
mixture, as it depends sensitively on both temperature variations and
species concentration changes [20]. Electrical conductivity thus poten-
tially offers robust and rapid detection capability for early runaway
identification.

To further elucidate the underlying framework, it is crucial to distin-
guish between the response time of the sensors acquiring temperature
and electrical conductivity data, and the intrinsic response time of the
Early Warning Detection System (EWDS) itself. The latter, governed
by the Strozzi and Zaldivar criterion, is dictated by algorithmic pa-
rameters — such as the chosen time step and embedding dimension
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— which define the temporal resolution and data window required
for reliable detection. In contrast, sensor response time reflects the
physical latency associated with signal acquisition and transduction
and is external of the computational framework. Notably, electrical
conductivity responds to both thermal variations and changes in species
concentration, and conductivity sensors typically exhibit faster dynamic
response compared to conventional temperature probes [21-24]. This
dual sensitivity, coupled with enhanced sensor responsiveness, may
confer a synergistic advantage in anticipating the onset of runaway
conditions.

The present study investigates the feasibility of using electrical con-
ductivity as an alternative observable for EWDS applications. Firstly,
the study explores adapting the SZ criterion to analyse time-series data
derived from electrical conductivity measurements. Subsequently, this
adapted methodology is demonstrated through a case study involving
the acid-catalyzed esterification of acetic anhydride with methanol,
a representative irreversible liquid-phase homogeneous reaction con-
ducted in a batch stirred reactor. Pending successful preliminary vali-
dation, further experimental and theoretical efforts will aim to refine
and establish electrical conductivity as a reliable and practical indicator
for runaway reaction detection within EWDS frameworks.

2. Methodology

This section introduces the foundational elements of the proposed
conductivity-based EWDS approach. Section 2.1 reviews key detection
principles for runaway prevention. Section 2.2 presents the methodol-
ogy for estimating electrical conductivity from temperature and con-
centration data. Section 2.3 illustrates the application of this approach
through a representative case study.

2.1. Detection principles

A key component of any Early Warning Detection System (EWDS) is
the detection criterion, which distinguishes between safe and hazardous
operating conditions [25]. For scenarios involving the risk of runaway
reactions, one of the most robust data-driven detection strategies is the
Strozzi and Zaldivar (SZ) criterion. This method is grounded in the
observation that the divergence of a general dynamical system (div)
corresponds to the normalized rate of change of the system’s phase
space volume - i.e., the time derivative of the phase space volume (Vps)
normalized by the instantaneous phase space volume (V,), as expressed
in Eq. (1) [26].

div = E 1
ps

When the condition div > 0 is met, the system is considered to be in
an unstable operating regime. Since Vs is strictly positive by definition,
a positive time derivative (Vps > 0) signifies a divergent dynamical
state—characterized by rapid and abrupt variations in key system
variables. Numerically, div can be directly calculated if the governing
model of the system is known. In data-driven contexts, however, the
ratio VPS /V,s must be estimated from experimental time-series data. To
enable this, embedding theory is employed to reconstruct the system’s
phase space using a surrogate representation derived from the available
measurements. Although the reconstructed space may not replicate
the full complexity of the original dynamics, essential properties such
as divergence are preserved, allowing for effective application of the
method in detecting runaway conditions. The implementation begins
with the discretization of the VpS /V,s ratio and the identification of the
two key variables needed for phase space reconstruction, based on the
selected embedding approach. A suitable discrete approximation of this
ratio is presented in Eq. (2) [9].
Vo Vpt+ 4=V, (1) 4
Vos ar Vs

ps

(2)



G. Andriani et al.

To reduce numerical errors, it is recommended to refine the ex-
pression provided in Eq. (2). From a transient dynamics perspective,
all chemical systems tend toward a dynamic attractor. In the case
of irreversible reactions, this corresponds to near-zero concentrations
of reactants; in reversible systems, it aligns with the attainment of
equilibrium concentrations. In both cases, the system stabilizes at a
temperature that matches the thermal conditions imposed by the ser-
vice side, which supplies or removes heat. Within the phase space, this
convergence corresponds to a positive but small phase space volume
(V,s > 0). Given that the time step 4t is inherently positive, the
condition V,/V,; > 0 can be reformulated in discrete terms as shown
in Eq. (3). This expression considers only the change in phase space
volume (4V) between two successive time points, thereby avoiding
division by near-zero values and ensuring a more numerically robust
and stable detection criterion [27].

AV =V, (t+ 4D -V, >0 3

Having established a robust discretized formulation of the detection
criterion, the next step involves defining the procedure for calculating
individual phase space volumes V) from experimental time-series data.
This requires applying embedding theory and selecting an appropriate
system observable. The choice of this observable is critical, as it di-
rectly influences the embedding parameters needed to reconstruct the
system’s dynamics. Considering a general signal s(¢) corresponding to
a measured variable of the system, it can be expressed as a function
of the underlying state vector x(¢) through an unknown mapping h,
such that s(r) = h[x(n)]. To reconstruct the system’s original state
space, one can use either time-shifted measurements of the observable
or derived quantities. Common reconstruction strategies include time-
delay embedding vectors (Eq. (4)), derivative coordinates (Eq. (5)), and
integral coordinates (Eq. (6)) [28]. The integral coordinate method,
for instance, is defined as follows: I;[s()] = fot s(r)dz, Ls(] =

/Ot /(; s(r)dr,...

s=1[s(1),s(t = Ar),...,s(t = (dg — )] (@)

ds(t) de=1s(r)

a0 g (5)

$=1[s(,

s" =[5, LIs@L, s Lg g [5O]] ©

As illustrated in Egs. (4) to (6), the reconstruction of the sys-
tem’s state space requires the specification of two key parameters:
the embedding dimension (dg) and the time delay (4r). Although
there is no universally accepted method for determining optimal values
of dp and Ar in transient dynamic systems, several practical guide-
lines can support their selection. These parameters must be chosen
carefully to ensure that the reconstructed phase space accurately cap-
tures the system’s essential dynamics, avoiding redundancy or loss of
information.

The embedding dimension dj represents the minimum number of
signals required to adequately reconstruct the system’s state space. In
theory, any d > 2 is sufficient for capturing the essential dynamics
of a system, particularly in the case of chemical reactors that evolve
toward low-dimensional chaotic attractors. These attractors typically
exhibit vanishing state space dimensions over time, making it possible
to achieve an effective surrogate reconstruction within a reduced-
dimensional space. However, in practice, the choice of dp should
ideally be validated. This can be done numerically,by applying the
divergence-based criterion to minimize false alarms in runaway detec-
tion, or empirically, using experimental data to identify the value of d
that best captures the onset of runaway behaviour as characterized by
specific features in the temperature profile.

Similarly, the time delay 47 can initially be estimated through math-
ematical modelling. Nonetheless, the most robust approach involves
empirical tuning, selecting the Ar that minimizes fluctuations in the
computed AV values. Excessive fluctuations in 4V can undermine the
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reliability of the EWDS by either generating false positives or requiring
overly conservative tolerance thresholds, both of which reduce the
system’s ability to reliably detect the true onset of runaway conditions.
Once dp and At are defined, the phase space volume V,; can be
calculated. The formulation of V,,; depends on the selected value of d.
Assuming a rectangular geometry, for dy = 1, V,, reduces to a segment;
for d; = 2, to a rectangular surface; for d; = 3, to a parallelepiped;
and for dpy > 3, to a multidimensional volume computed as the
product of the lengths of each orthogonal side. A general formulation
for computing V,, is provided in Eq. (7), which utilizes a dj X dg
diagonal matrix M, where each diagonal element corresponds to the
length of a respective side of the phase space hyper-rectangle [29].
These lengths are obtained by calculating the distances between pairs of
points in the embedding space, each point representing either a directly
recorded signal or a derived quantity, such as a time derivative or
integral coordinate.

Vs = |det(M)] @

2.2. Electrical conductivity calculation

As introduced earlier, this study investigates the feasibility of using
electrical conductivity as an observable for Early Warning Detection
Systems (EWDS). To this end, a representative chemical process (de-
tailed in Section 2.3) is simulated, with particular focus on the evo-
lution of species concentrations and temperature profiles. Using this
primary dataset, the electrical conductivity of the reactive mixture
is computed, yielding a synthetic time-series dataset for subsequent
analysis.

To accurately model the dependence of electrical conductivity on
both temperature and species concentration, several assumptions are
required. In terms of concentration dependence, it is assumed that
Kohlrausch’s law applies (Eq. (8)) [30]. This empirical relationship,
valid for strong electrolytes in dilute solution, defines the molar con-
ductivity A,, = «/C, (where x is the electrical conductivity and C,
the concentration of a strong electrolyte) as a function of the molar
conductivity at infinite dilution 4,y and /C, through the Kohlrausch
constant K.

Am = Am() - K\/C_e ®)

To incorporate temperature effects into the model, both the limiting
molar conductivity A, and the Kohlrausch constant K are treated as
temperature-dependent quantities. The temperature dependence of A,
is modelled using an Arrhenius-type expression (Eq. (9)) [31], which
captures the influence of thermal motion on ionic mobility. As the
temperature increases, the enhanced kinetic energy of the molecules
facilitates ion transport, thereby increasing the electrical conductivity
of the solution [32,33]. The Kohlrausch constant K also exhibits tem-
perature dependence, which arises through its relationship with 4,
and two additional parameters, A and B, as described by the Debye-
Hiickel-Onsager theory (Eq. (10)) [34,35]. While this theory provides
a more comprehensive description of electrolyte behaviour in solution,
for the purposes of this study, A and B are assumed to be constant as
a first-order approximation.

Ay = A XPI 2] ©)
K = A+ BA,, (10)
2.3. Case study

To assess the feasibility of integrating electrical conductivity mea-
surements into an EWDS framework for runaway prevention, a rep-
resentative case study is presented. The system under investigation
is the acid-catalyzed esterification of acetic anhydride with methanol.
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This reaction occurs in a homogeneous organic phase, where methanol
reacts with acetic anhydride to produce methyl acetate and acetic acid.
Sulfuric acid is employed as a catalyst to accelerate the reaction rate.
The corresponding chemical equation is provided in Eq. (11).

H, SO.
(CH,C0),0 + CH;O0H —— CH,COOCH; + CH;COOH (11)

The reaction kinetics were derived by fitting literature-reported
experimental data, with methanol consumption explicitly included in
the analysis [36]. Using the resulting kinetic model, temperature and
concentration profiles were simulated, from which the electrical con-
ductivity of the reaction mixture was subsequently estimated. This
estimation was based on a secondary regression using additional ex-
perimental conductivity data available in the literature. To simplify the
modelling approach, sulfuric acid was treated as a strong electrolyte
fully dissolved in methanol. This assumption is considered valid under
conditions where methanol is present in excess relative to acetic anhy-
dride. Literature sources support this approximation, noting that under
such conditions the reaction kinetics are predominantly governed by
the availability of acetic anhydride, and methanol depletion has a negli-
gible effect on the overall rate. Accordingly, methanol consumption can
be reasonably neglected in the kinetic expression for these operating
regimes. The rate law employed in the simulation is presented in
Eq. (12), while the temperature dependence of the rate constant is
described by Eq. (13). Simulations were carried out under conditions
matching those reported in the reference study, involving a bench-scale,
stirred batch reactor operating under isoperibolic conditions [36].

cn 12)

— ny
R= kaHzSO4 C(CH3C0)20 CH30H

E
Ky = koo T exp[——2 1
= ki expl=255) 13)
With all governing simulation parameters established, only two de-

grees of freedom remained to be defined: the concentration of sulfuric
acid and the initial reaction temperature, which was assumed to be
equal to the temperature of the cooling fluid. Increases in either pa-
rameter, catalyst concentration or initial temperature, amplify the risk
of triggering a runaway event. To systematically assess their influence,
a dimensional sensitivity analysis was performed. The sulfuric acid
concentration was varied from 5 mol m— to 30 mol m~3, while the
initial reaction (and jacket) temperature was adjusted to determine
combinations of conditions that result in runaway behaviour.

To compare different detection methodologies, the variation in
phase space volume was evaluated using both temperature-based data
(4v7) and conductivity-based data (4V,), alongside the analytical com-
putation of system divergence. It is important to note that div can
only be rigorously calculated when a detailed constitutive model of the
system is available, whereas AV} and 4V, can be obtained from either
experimental or simulated time-series data. Consistent with previous
studies [28], the analysis was conducted using a single trajectory of
temporal data.

3. Results and discussions

This Section presents and analyses the results of the proposed
methodology. First, the reaction kinetics and conductivity parame-
ters obtained through regression of literature data are detailed in
Section 3.1. These serve as the foundation for simulating system be-
haviour and estimating electrical conductivity. In Section 3.2, dif-
ferent runaway detection methodologies are compared, including the
model-based divergence criterion (div) and the data-driven phase space
volume variations derived from temperature AV} and electrical conduc-
tivity AV, time-series data. The analysis also considers the influence
of selected embedding parameters on detection accuracy. Finally, Sec-
tion 3.3 presents a sensitivity analysis investigating how variations in
catalyst concentration and initial reaction temperature (assumed equal
to the cooling fluid temperature) affect the likelihood of runaway onset.
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3.1. Experimental data regression

The reaction rate expression and corresponding kinetic constants
were obtained by fitting experimental data from the literature [36],
following the formulations provided in Egs. (12) and (13). In parallel,
a separate regression analysis was conducted to estimate the electrical
conductivity of the reactive mixture, which was assumed to be com-
posed solely of methanol and sulfuric acid. This idealized assumption
is consistent with the operating conditions considered in this study,
particularly the use of methanol in excess. For the conductivity model,
experimental data from the literature [37,38] were fitted using the
temperature-dependent expressions described in Egs. (9) and (10).
The resulting kinetic parameters and conductivity-related coefficients
obtained from the regression analyses are summarized in Tables 1 and
2. These parameters serve as the basis for simulating reaction behaviour
and for implementing the conductivity-based monitoring strategy.

3.2. Embedding parameters assessment

As highlighted in Section 3.1, catalyst concentration and initial
reaction temperature (assumed equal to the jacket temperature) are
critical factors influencing runaway risk. In parallel, as noted in Sec-
tion 2.1, selecting appropriate phase space reconstruction parameters,
the embedding dimension d; and time delay 4¢, is crucial for effective
detection. The initial step, therefore, involves defining these parame-
ters, followed by a sensitivity analysis to identify the conditions leading
to runaway onset.

In this study, the reconstruction parameters were defined using
the available kinetic model to determine dj, and simulation data as
surrogate experimental input for selecting As. The divergence div was
computed numerically, and dp was selected to minimize detection
delays based on phase space volume variations. The optimal Ar was
chosen to reduce fluctuations in AV, whether computed from tem-
perature or conductivity data. In the absence of a kinetic model, a
default of d = 2 is recommended to avoid delays from overestimating
system complexity, while As should be tuned to ensure smooth 4V
profiles [29].

For this work, dp = 2 and A&+ = 10 s were selected. Higher
values of d; were found to introduce significant delays in runaway
detection, both temporally and parametrically. Increasing d raises the
number of data points required for AV calculation, thus delaying the
response. Additionally, excessive dimensionality can obscure sensitivity
to parameter changes, leading to underestimation of runaway onset.
Therefore, the lowest effective d should be used to balance accu-
racy and responsiveness. The chosen A7 ensures a smooth AV profile,
minimizing fluctuations that could trigger false alarms or obscure true
runaway signals.

It is essential to distinguish between the response time of the sensors
used to acquire temperature and electrical conductivity data and the
intrinsic response time of the Early Warning Detection System (EWDS).
The latter, governed by the Strozzi and Zaldivar criterion, is defined
by internal parameters, specifically the time step (47) and embedding
dimension (dy), which determine the temporal resolution and the
amount of data required for detection. In contrast, sensor response time
reflects the physical dynamics of measurement and is decoupled from
the algorithmic structure. Electrical conductivity, influenced by both
temperature and species concentration, can offer earlier indication of
dynamic changes, especially considering the typically faster response
of conductivity sensors compared to thermocouples [21-24]. This dual
sensitivity may result in enhanced detection performance. The selected
time step (4¢r = 10 s) balances signal stability with responsiveness,
mitigating fluctuations in the phase-space volume variation without
excessively delaying detection. Previous studies have employed even
larger time steps (e.g., 50 s) using the same criterion [29], supporting
the suitability of this configuration.
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Table 1
Summary of reaction kinetic parameters obtained through regression of experimental data, used for the implementation of the proposed detection
methodology.

Arrhenius Temperature Activation Acetic anhydride Methanol

pre-exponential factor exponent energy reaction order reaction order

kyoo [m3 s+l /mol"*™] m [-] E, [J/mol] ny [-] ny [-1

69.62 1.033 51580 1 1

Table 2

Summary of electrical conductivity parameters obtained through regression of experimental data, used for the implementation

of the proposed detection methodology.

Molar conductivity Activation First Kohlrausch Second Kohlrausch
at infinite dilution energy constant coefficient constant coefficient
Apoes [MS m? /mol] E,, [J/mol] A[mSm?dm'? /mol'*] B[dm'? /mol'*]
6280 8700 -502 5.55
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Fig. 1. (a) Temperature temporal profiles for varying initial reaction temperatures (7,) at a fixed catalyst concentration of 10 mol m~3; (b) Phase space volume variations computed
from temperature data (4V;) under the same conditions; (c) Phase space volume variations computed from electrical conductivity data (4V,) under the same conditions; (d)
Divergence profiles analytically calculated using the kinetic model, illustrating system stability across different 7 at a catalyst concentration of 10 mol m~3.

A quantitative comparison of detection delays using AV} and 4V,
and div is presented in Fig. 1 for clarity, alongside the corresponding
temperature profiles.

Fig. 1a illustrates the temporal evolution of the temperature profile
for various initial reaction temperatures (7;), assumed equal to the
cooling fluid temperature, with a fixed catalyst concentration C,,, of
10 mol m=3. For T, values between 5 °C and 15 °C, the temperature
profiles show no sharp peaks and exhibit limited sensitivity to changes
in initial conditions. In contrast, for 7, values between 21 °C and 24 °C,
small variations in the initial temperature cause significant shifts in

both the peak temperature and its timing, an indication of entry into a
parametric sensitivity regime. This regime is marked by pronounced
changes in system behaviour in response to minor perturbations. At
higher initial temperatures (30 °C to 40 °C), a typical runaway profile
emerges, characterized by a pronounced acceleration in temperature
increase (d°T /dt*> > 0) leading up to the maximum.

To further investigate the critical temperature range between 21 °C
and 24 °C, Figures 1b to 1d present the temporal evolution of the phase
space volume derived from temperature AV and conductivity AV,
data, alongside the analytically calculated divergence. Fig. 1b shows
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Table 3

Journal of Electrostatics 138 (2025) 104154

Sensitivity analysis results showing the effect of varying catalyst concentration (C.,) on the initial reaction temperature at which runaway conditions are triggered (T} ,.ce(), the
detection time f4eiecion fOr €ach method (div, 4V, and 4V;), the maximum temperature reached during the reaction (7},,,) and the corresponding time at which the maximum

occurs (t @ T,,.).

C,.p =5molm™ C.,, = 10molm™ C,, =20molm™ C..; = 30molm™3

div av, AV div AV, AV, div av, AV div AV, AV,
Ty onser [°Cl 32 34 35 21 23 24 10 12 13 5 7 8
taerection [S] 120 60 60 100 60 60 160 70 70 110 60 60
Tax [°Cl 50.2 54.6 56.9 38.3 43.5 45.9 25.8 30.8 33.2 21.4 26.7 29.5
t@T,,, [s] 350 330 310 370 340 320 410 370 350 410 370 350

max

that the AV, method detects runaway at an initial reaction/jacket tem-
perature of 24 °C after approximately 60 s. The 4V, method (Fig. 1c)
detects runaway at 23 °C after the same time interval. In contrast, the
divergence-based method (Fig. 1d) identifies runaway onset at 21 °C
after 100 s, with detection delays decreasing as the initial temperature
increases. To improve the reliability of AV -based indicators and reduce
false positives, a correction was applied: if the temperature profile
is decreasing, both AV; and AV, are set to zero. This adjustment is
justified because runaway events are only observed under conditions
of increasing temperature, and since AV is computed from absolute
values (Eq. (7)), false positives could otherwise arise when d>T /dt* < 0,
despite the absence of true runaway behaviour.

The divergence profiles shown in Fig. 1d serve as a reference based
on a more stringent detection criterion, enabled by the availability of
a constitutive model. A positive divergence value is observed at an
initial reaction/jacket temperature of 21 °C after approximately 100
s, indicating the system’s entry into a parametric sensitivity regime.
In comparison, the 4V, and A4V, methods detect runaway only at
higher initial temperatures, 23 °C and 24 °C, respectively, reflecting
the limitations of data-driven methods that do not rely on model-based
insight.

Several conclusions can be drawn from these results. First, the
selected parameters dg 2 and At 10 s appear well-suited for
runaway detection, yielding acceptable delays relative to the model-
based criterion. Increasing the number of data points required for the
analysis leads to a longer delay in the detection of thermal runaway
conditions. This occurs because each data point is acquired after a
fixed reaction time interval, and a higher number of points extends the
overall time needed for early warning system activation. In particular,
using a higher data elaboration parameter (dj) increases the detection
delay, as more measurements are needed before a reliable prediction
can be made. On the other hand, reducing the time interval between
data acquisitions (4r) helps to minimize the detection delay, enabling
faster responses. However, shorter acquisition intervals also introduce
greater fluctuations in the signal analysis, increasing the sensitivity to
false alarms. Although these trends were observed in the specific case
study discussed, they are expected to apply broadly to other systems
employing the same detection methodology.

Although the divergence method allows for earlier detection at
lower temperatures, the system’s temperature peak consistently occurs
around 340 s, providing operators with a window of approximately 280
s to intervene before a full runaway scenario develops. Additionally,
the conductivity-based method (4V,) demonstrates slightly greater
sensitivity than the temperature-based approach (4V7), offering earlier
warnings and thus potentially enhancing the robustness of EWDS when
model information is unavailable.

3.3. Sensitivity analysis results

A sensitivity analysis was performed by systematically varying the
catalyst concentration and the initial reaction/jacket temperature [39].
For each condition, the temporal profiles of the divergence (div) and
the phase space volume variations, computed using synthetic conduc-
tivity (4V,) and temperature (4V;) data, were evaluated to assess
differences between detection methods. This analysis enables the iden-
tification of parameter combinations that lead to runaway events, as

well as a comparison of detection times and the time required to
reach the maximum temperature. Phase space reconstruction param-
eters were fixed at dp = 2 and 4r = 10 s, consistent with the findings
of the previous section. A summary of the results, including detection
timings and critical conditions, is provided in Table 3.

Analysis of the numerical values in Table 3 reveals clear trends
with increasing catalyst concentration (C,,). Specifically, the initial
temperature at which runaway conditions are triggered (7j,,,,) and
the time to reach the maximum temperature (r @ T,,,..) both decreases,
while the peak temperature attained (7),,,) increases. These trends
underscore the need for careful coordination of both C,, and T, to
avoid unsafe operating conditions.

Despite these variations, the three detection methods, div, 4V, and
AV, show consistent behaviour. The divergence-based approach iden-
tifies thermally unstable conditions at lower T ,,,, values, but requires
a constitutive model of the system, which limits its applicability in
model-free control environments. The 4V, method consistently detects
runaway conditions at initial temperatures approximately 2 °C higher
than those identified by the divergence-based approach, while the AV,
method exhibits slightly reduced sensitivity, with detection thresholds
around 2 °C higher than 4V.

These findings support the viability of conductivity-based detection
as an effective alternative to temperature-based approaches. The 4V,
method offers robust performance without the need for a detailed
model, making it suitable for implementation in data-driven EWDS
frameworks. Across all tested conditions, the observed temperature rise
from initial to peak values ranges between 16 °C and 22 °C. Notably,
all three methods enable detection 200-300 s before the system reaches
T,.ax> Droviding a valuable window for operators to take corrective
action and prevent full-scale thermal runaway.

4. Conclusions

This study investigated the feasibility of employing electrical con-
ductivity as an observable within Early Warning Detection Systems
(EWDS) for the early identification of runaway conditions. The pro-
posed methodology builds on the data-driven Strozzi and Zaldivar (SZ)
criterion, which reconstructs the system’s phase-space dynamics using
embedding theory and time-series data, independent of any constitutive
model. A surrogate indicator of dynamic instability, the phase space
volume variation AV, was evaluated using conductivity data (4V,) and
compared against conventional temperature-based estimates (4V;) and
the model-based divergence criterion.

The approach was demonstrated through a case study on the acid-
catalyzed esterification of acetic anhydride with methanol. Results con-
firm the practical viability of AV, as a detection metric within EWDS.
Compared to the benchmark divergence method, the conductivity-
based approach consistently detected runaway onset within a margin of
2 °C in initial reaction temperature (7 ,,.,), whereas the temperature-
based method exhibited a larger deviation of 3 °C. This indicates that
the conductivity-based detection is more sensitive when applied via the
SZ framework, likely due to its dual dependence on both temperature
and species concentration. This trend was observed across a wide range
of catalyst concentrations (5-30 mol m~3), with all detection methods
identifying runaway onset 200-300 s before the peak temperature
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was reached, providing sufficient time for intervention in industrial
scenarios.

Future work will focus on two primary directions. First, an exper-
imental validation campaign will be conducted to confirm the simu-
lated results under real operating conditions. Second, the theoretical
framework will be further developed by integrating a more rigorous
thermodynamic model for electrical conductivity, enabling broader
applicability to multicomponent mixtures and reducing dependence
on empirical data and regression analysis. Despite the need for fur-
ther refinement, the present findings demonstrate the potential of
conductivity-based monitoring as a robust, model-free alternative for
enhancing EWDS capabilities in preventing runaway reactions.
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