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Abstract

Severe Accident Management (SAM) of a Nuclear Power Plant (NPP) relies on a set of actions to mitigate
the consequences of severe accidents, and recover its safe and stable state. Dynamic Bayesian Networks
(DBNs) can support decision-making during accident progression and, thus, serve as Accident Management
Support Tools (AMSTs).

In this work, we propose a methodological framework for quantifying, in real-time, the uncertainty of the
output of a DBN-based AMST to enable trustworthy decision-making with regards to the selection of the
best action to mitigate the developing accident scenario. The proposed methodology is exemplified on a
Loss of Coolant Accident (LOCA) in a WWER-1000 nuclear reactor. Results show that accounting for the
uncertainty of the output of the DBN enables a reliable and robust selection of the proper mitigative actions
to avoid severe consequences, ultimately strengthening the support for safe accident management

decisions.

Keywords: Nuclear power plants (NPPs), Severe accident management (SAM), Severe accident management
guidelines (SAMGs), Accident management support tools (AMSTs), Decision making, Dynamic Bayesian
network (DBN), WWER-1000, Loss of coolant accident (LOCA).
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Symbols Dimension Description
k 1x1 Current time step (i.e., the one at which the monitored
data are available)
i 1x1 Generic future time step (i.e., i > k)
T 1x1 Last time step
At 1x1 Time interval between two successive time steps
p 1x1 Number of static observable variables
q 1x1 Number of static hidden variables
r 1x1 Number of dynamic hidden variables
s 1x1 Number of dynamic observable variables
E 1x1 Number of risk indices
I 1x1 Number of mitigative safety barriers
)] px1 Vector of static observable variables
] px1 Realization of the vector of static observable variables
{4 qx1 Vector of static hidden variables
P qx1 Realization of the vector of static hidden variables
X (1) rx1 Vector of dynamic hidden variables at time step k
& 1x1 Index used to identify the £t risk index
Yo sx1 Vector of dynamic observable variables at time step k
Z 1 vXx1 Vector of system variable describing the PDS at time step
k
M Ix1 Set of the available mitigative safety barriers
N, 1x1 Number of candidate sequences of actions to be assessed
Ago I'x1 Vector describing the type of actions carried out by the
operator on each mitigative safety barrier at time step k
Ay 1x1 Variable describing the type of action carried out by the

operator on the mitigative safety barrier [ at time step k
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1x3

1x3

Index used to identify the I* mitigative safety barrier

Vector describing the sequence of actions performed on

the I[t" mitigative barrier between 0 and T

Generic nt" node of the DBN (i.e., Z, € {¢,Y, ¥, X, A})
&M risk index at time step i > k, computed for action
Probability content for the tolerance interval

Confidence level for the tolerance interval

Total number of nodes in the BN/DBN

Number of entries of the training data matrix for CPT

parameter learning
Training data matrix for CPT parameter learning

CPT parameter for node Z,, representing Pr(Z, =
ulPa(Z,) =m)

Number of times the event (Z, = u|Pa(Z,) =m) is

observed in D
Dirichlet prior hyperparameter for 6,4

Cardinality of Z, (i.e., number of states the node Z,, can

take on)

Number of combinations the parents of Z,, (i.e., Pa(Z,))

can take on (i.e., dp, = [vepa(z,) cv)

Threshold for the & risk index determined by the

decision-maker

Number of samples needed to ensure the tolerance
interval [Réj(z)_, Rg(z;']f satisfies the specified coverage y
and confidence f3 level

Index used to identify the A" decision-making criterion

Fuzzy importance weight of the A" decision criterion with

respect to the decision objective;

Fuzzy importance weight of the & risk index (sub-

criterion) with respect to the effectiveness;




Sia 1x3 Fuzzy score of alternative aE{?H:T) with respect to the

criterion Cy;
13}' 1x3 Overall fuzzy score of alternative ag;)H:T).
Tm 1x1 Mission time: time horizon over which the physical system

evolution is considered

mggr(t) 1x1 Time-dependent flowrate released in the CB from the

primary circuit during the accident

Tgs 1x1 Break size in the primary circuit
PRy, 1x1 Hydrogen production rate, net of that absorbed by PARs
tign 1x1 Ignition time of the CB
tsp 1x1 Spray system activation time
Peont (1) 1x1 Time-dependent pressure in the CB at time ¢t
Teont (1) 1x1 Time-dependent temperature in the CB at time t
X0 () 1x1 Time-dependent steam molar fraction in the CB at time ¢t
Xy (t) 1x1 Time-dependent hydrogen molar fraction in the CB at
timet
Deq,static 1x1 Equivalent static pressure load in the CB at t = t;4y,
Cregime (t) 1x1 Combustion regime that would result from an ignition at
timet

1 Introduction

Severe accidents in Nuclear Power Plants (NPPs) are managed through Severe Accident Management
Guidelines (SAMGs), which provide a prescriptive set of actions to take for mitigating the consequences and
recovering a safe and stable plant state [1]. SAMGs are typically based on a relatively small number of
prototypical accident scenarios defined by experts [2]. In addition, Accident Management Support Tools
(AMSTSs) can be used to assist the decision making during the accident development. AMSTs aim to perform
the following tasks: i) prediction of the accident progression, ii) identification of the Plant Damage State
(PDS), and iii) support to decisions regarding mitigative and recovery actions. Traditionally AMSTs employ
“if-then” rule-based expert systems (e.g., MARS [3], CAMS [4], ADAM [5] and SAMSON [6]), eventually
combined with probabilistic and fuzzy logic methods to deal with the uncertainty inherent in expert
judgment [7]; however, their development can be quite time-consuming [8]. Recently, Bayesian Networks

(BNs) [9] have been used. For example, Groth et al. [10] propose a dynamic risk-informed diagnosis



methodology for accident management, based on BNs whose Conditional Probability Tables (CPTs) are
inferred from accident scenarios generated by Dynamic Probabilistic Risk Assessment (DPRA). Roma et al.
[11] propose a framework to support NPP severe accident management in NPPs based on Dynamic Bayesian
Networks (DBNs) whose CPTs parameters are inferred from accident scenarios generated by Computational
Risk Assessment (CRA); Kim et al. [12,13] propose a decision-making framework based on DBNs, whose CPTs

parameters are estimated from accidental scenarios generated by the CRA tool RAVEN [14].

However, in BNs and DBNs, the set of accident scenarios considered to infer the CPTs may not fully cover
the developing accident scenario, and this uncertainty should be reflected in the CPTs parameters [15] and

ultimately in the uncertainty of the outcomes provided by the AMST to support decision making [16].

In this work, we propose a DBN-based AMST [11] for supporting the decisions on the best sequence of
mitigative actions to deploy during a severe accident. The proposed AMST: i) assesses the effectiveness of
each candidate mitigative action, with respect to limits set by the decision-maker and/or the regulatory
body, by predicting user-defined risk indices (e.g., quantitative measures of risk such as the Conditional
Containment Failure Probability (CCFP) or the Large Early Release Frequency (LERF)) for the specific scenario
developing; ii) estimates the uncertainty of each predicted risk index; iii) indicates the decision (under
uncertainty) of the best candidate mitigative action through a fuzzy set theory-based decision-making

method of literature [17].

Different works have addressed the issue of quantifying the impact of uncertainties in CPTs of BNs for risk
assessment (e.g., through the adoption of Credal Networks [18]) [15,16,19,20]; however, to the authors
knowledge, this work is the first to provide the estimate of the uncertainty of DBNs outcomes and consider
it pivotal information for the AMST support to decision making for severe accident management under

uncertainty.

The remainder of the paper is as follows. Section 2 describes the DBN-based AMST in mathematical terms
and formulates the decision-making problem. An application of the proposed framework to a real-world
WWER-1000 Nuclear Power Plant (NPP) is presented in Section 3, for which the effectiveness of three
alternative actions (i.e., an early, a delayed and a no activation of the spray system) aimed at mitigating the
damage to the Containment Building (CB) is evaluated, considering the uncertainty of the DBN-based AMST
outcomes for trustworthiness. Section 4 discusses the results. Finally, Section 5 summarizes the findings

and concludes the study.

2 The DBN-based AMST

A discrete-time model of the evolution of a severe accident in a NPP is considered, with a finite set of
uniformly spaced time steps [0,1, 2, ..., k, ..., T], with duration At = t;,.; — t. The model is governed

by a set of observable variables (measurable through sensors or inspections) and hidden variables. These



variables can be either static (constant over time) or dynamic (time-varying). Let us denote the static
observable variables by ¢p = [¢1, ...,d)p]T, the dynamic observable variables at time step k by ¥y =
[Yl(k), ...,YS(k)]T, the static hidden variables by ¥ = [‘1’1, ...,‘Ifq]T, and the dynamic hidden variables at

time step k by X() = [Xl(k),...,Xr(k)]T. The static observable variables in ¢ include, for instance,
geometrical and material properties, or the initial operational mode (e.g., power operation, startup,
hot/cold shutdown, refueling). Dynamic observable variables ¥ 4y vary with operational conditions and are
continuously monitored (e.g., coolant temperature and radiation levels). Static hidden variables W relate to
the IE, the Plant Operating Conditions (POCs), break characteristics (e.g., primary circuit cold leg break size
in a LOCA), or constant non-measurable geometrical or material properties. Dynamic hidden variables X
cover the Damage State (DS) of non-inspectable safety barriers (e.g., cladding), the magnitude of process
events (e.g., air-hydrogen mixture combustion regime: flame acceleration, deflagration, detonation), or
non-measurable parameters (e.g., reactor core temperature), which evolve over time and are indirectly

inferred from sensor data. At any time step k, the PDS is, thus, defined as a subset of the system variables
T
Zgy S .Y, ¥ X0l -

Let M = [My, ..., M,, ..., M,]T be the list of safety barriers (e.g., containment building spray system, High

Pressure Injection System (HPIS)) in place to mitigate the accident escalation, and A =

T
[Al(k), e Ay i), ...,AI(R)] the corresponding actions on My, ..., My, ..., M; at time step k, namely:

1) Ay =1, if Myis activated at time k (being inactive at k — 1);
2) Ay = 2,if My is kept inactive at time k (being inactive at k — 1);
3) Ay = 3, if My is deactivated at time k (being active at k — 1);
4) Ay =4, if My is kept active at time k (being active at k — 1).

Thus, the sequence of actions Ag.ry between the time 0 and k is represented by:

Aoy = A

Ao = :
(0:T) 1
AI(O) AI(T) @)

Given the occurrence of an IE, the State Estimation module of the DBN-based AMST (yellow in Figure 1)

estimates the probability that the NPP is running in the z-th PDS by processing condition-monitoring data
(e, Yo:x), @):

p(Z 4 = 2|y 0k @ Esk) (2)

where Egg is the vector of the state estimation module parameters affected by epistemic uncertainty
stemming either from the (weak) background modelling knowledge or the (non) comprehensiveness of
scenarios used to make the inference. This uncertainty impacts on i) the selection of the variables deemed
relevant for the analysis that form the Py =p+q+ (r+s+1)(T + 1) nodes of the DBN (i.e.,



), Y, W, X, A)[21,22]; ii) the identification of the causal interdependence between the nodes (i.e., the DBN
edges) [23-26]; iii) the definition of the CPTs parameters values [27—29]; and iv) the discretization of the
continuous (i.e., non-discrete) nodes [30-32].

The risk predictor module of the DBN-based AMST (red in Figure 1), for each of the N, alternative candidate
sequences of mitigative actions (i.e., Ag41:7) = a83+1:T)’ with j =1, ..., N,), predicts at each future time
step (i.e., Vi > k) the £t user-defined risk index, defined as the probability of leading the system into the
fth severe PDS z¢ (&=1,..,5) (i.e., a subset of the system state space), conditioned on the jth action
undertaken:

RO =1 (Z0) = ze|Y0a 000,17y, Erp ), With § = 1, ., 5, ¥ i > k, and j = 1,.., N, (3)
where Egp is the vector of risk predictor module parameters affected by epistemic uncertainty (likewise
Egg).

The uncertainty of Egg and Egp propagates to Ré& whose uncertainty is called residual uncertainty and

described by the probability distribution p (Rg()l))

In this work, we show that the proposed DBN-based AMST can quantify such residual uncertainty in terms

. B o ot R(j)i+ . .
of tolerance interval [ngj(z) ,Rg()i;]y, where Rg&) and R.?()i) are such that Pr< R;(g)_) D (Rg(g))ng()i) >

y) = f3, so to allow for a trustworthy decision on whether thejth action is effective or not. Intuitively, the

more comprehensive the scenarios used to learn the DBN CPTs parameters (with respect to the actual
developing scenario and action being assessed), the lower the residual uncertainty (i.e., the narrower

)]

N . [}
[R(J) R(])+] ) and, thus, the more trustworthy the outcome Rf(i).
4
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2.1 Trustworthiness assessment

Let us consider a dataset of simulated severe accident scenarios D and a DBN whose structure is fixed: for
each n'™ generic node Zy=1, _p,, €{$, Y, ¥, X,A}, the CPT is a Table of the form Oy =
Pr(Z, = u|Pa(Z,) = m), foru=1,...,¢c, andm = 1, ..., d,,, where ¢, is the number of values the node
Zy can take, dn = [lyepa(z,) Cv is the number of combinations of the parents of Z, (i.e., Pa(Zy,)), and
Y Onmu = 1. If we assume that the likelihood of the data in D is a multinominal distribution, the MLE of
Brima is [28]:

GMLE M (4)
nmu Nnm



where Nyni, ... Npme, are the number of times the events (Z,, = 1|Pa(Z,) = m), ..., (Z, = cy|Pa(Z,) =
m) are observed in D, respectively, and Ny = Y Npmu-

Intuitively, if Np,,, = 0 (i.e., data in D are not sufficient to cover some combinations of parent nodes states
m), the MLE method is not accurate and the uncertainty about MEE increases because of the epistemic
uncertainty stemming from the (non) comprehensiveness of D [33], ultimately affecting the entire set of

CPTs and the output of the risk predictor module.

To assess whether D is comprehensive enough for trustworthy claiming that a83+1:T) is effective (or not) in
mitigating the actual developing scenario, the trustworthiness assessment module (light green in Figure 1)
uses a systematic approach based on Bayesian inference and the Monte Carlo (MC) method (see Appendix
A) to duly account for the uncertainty of the CPTs parameters and propagate it to quantify the residual

. N . 1B .
uncertainty of Réj()i) [Rg(z) ,Rg()i;r]y ; then, for each jth sequence of candidate mitigative action agc)ﬂm, it

determines whether this is effective, non-effective or uncertain, with trustworthiness:

e Effective with trustworthiness < (m>aka§g)+) < €, foreachriskindex § = 1,2, ..., &;
L

e Non-effective with trustworthiness (:)(m>aka§](')i)_) > €g, for at least one risk index e
L
[1,2,..,5];

e Non-trustworthy, otherwise.

where €¢ is a threshold set by the decision-maker for the & risk index. Figure 2 shows an illustrative
example of effectiveness assessment carried out with respect to two risk indices (i.e., & = 2): effectiveness
with trustworthiness (Figure 2a), non-effectiveness with trustworthiness (Figure 2b and Figure 2c), non-

trustworthiness for all the other cases (Figure 2d, Figure 2e and Figure 2f).

For defining the tolerance intervals, we take y = 0.90 and § = 0.95in line with NUREG-1855 [34] indication
that the 5th and 95th percentiles (i.e., y = 0.90) of any estimated risk index are suitable for characterizing

uncertainty. Obviously, larger values for y and {3 could be chosen if computational resources allow it, i.e., if
Y

the interval [Rg(z) ,Rgg;] can be computed for each i > k quickly enough to support timely accident
14

management (See Appendix A for the impact of y and § on the computational burden).



Condition
monitoring data

State
Estimation

p(Zw = 2|y, 9. Esr)

T
Yo:k) = [}’1(0 Jyr s Vs (0 k)]

9o=lon 0]

Residusl uncertainty

Residual uncertainty

....... Best

sequence
of actions

(Details in

I State estimator & Risk Predictor : Figure 3)
: Epistemic Uncertainty 1
1 1 (Details in Figure 2)
1 P (s, Bse. )| PG Err.) )
1 1
1 | !
1 1
1 1
1 = o &, «
. ) ) |
! N & !
1 1
1 * Background knowledge 1
1 * Scenario comprehensiveness :
L e e e e e e e e —— -
Figure 1. The AMST flowchart.
a¥ is effective with a¥ is non- effective with a¥ is non- effective with
(k+1:T) (k+1:T) (k+1:T)
trustworthiness trustworthiness trustworthiness
Risk Index 1 Risk Index 1 Risk Index 1
Residual uncertainty Residual uncertainty Residual uncertainty
Elapsed time Elapsed time Elapsed time
- (_1 - (1 - ‘-1
= i=k = i=k = i=k
o o o
Time . . Time . . Time
Risk Index 2 Risk Index 2 Risk Index 2
Residual uncertainty’ Residual uncertainty’ Residual uncertainty
Elapsed time Elapsed time Elapsed time
- 52 - c2 - ‘-2
o = =

a%l?+1:T) is non-trustworthy

08;)+1:T) is non-trustworthy

aE£+1:T) is non-trustworthy



Risk Index 1 Risk Index 1 Risk Index 1
Residual uncertainty Residual uncertainty Residual uncertainty
Elapsed time Elapsed time Elapsed time
- - - - - -
—_ i=k —_ i=k . i=k
£ — £ — £ —
o o o
Time Time Time
Risk Index 2 Risk Index 2 Risk Index 2
Residual uncertainty Residual uncertainty Residual uncertainty
Elapsed time Elapsed time Elapsed time
--5 --t - -
—_ i=k —_ i=k . i=k
= — = ——— = —
~~ ~~ ~~
o o o
Time Time Time
(d) (e) (f)

Figure 2. Some examples of effective, non- effective and non-trustworthy sequences of actions aE’,?H:T).

2.2 Multi-criteria decision-making under uncertainty

The decision on the selection of the best SAM strategy must consider not only the trustworthy effectiveness

of the sequences of mitigative actions {aEQH:T) i=1,.., Na} resulting as outcomes of the AMST, but also

other criteria such as feasibility and compatibility with existing SAMGs. To address this, we employ a fuzzy
set theory-based decision-making method of literature [17], which has been selected because it can handle

vague, imprecise and uncertain information.

The multi criteria decision problem is here modelled by the hierarchical structure of Figure 3: the decision
goal (Level 0) is the selection of the best severe accident management strategy (i.e., sequence of mitigative

actions), and the evaluation criteria € = {C3]A =1, ...,A} (Level 1) are feasibility, effectiveness and
compatibility with existing SAMGs.
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Figure 3. Hierarchical structure of the decision problem.

At level 2 each alternative action aggﬂzn is evaluated with respect to each criterion C;, whereas at Level 1

the importance of C, is evaluated with respect to the decision objective, with uncertainty represented by
triangular fuzzy numbers (TFNs) 5']-,1 = (dg-ﬂ, egﬂ,fgﬂ) and W, = (dW,l'eW,va,l)r respectively (Figure 3).

Each TFN is represented by a membership function defined by triplets (d(.),e(.),f(.)), where d(y < e(y <

f(), as:
—d.
ey (x) = i(f) 3(c)) )
. o~
0 otherwise

The TFNs §j1 = (d§j1'65j1’f§j1)15~j2 = (ds'jz,egjz,fgjz) and §j3 = (d§j3,e§j3,f5j3) evaluate the feasibility,
effectiveness and compatibility of aE{;)H:T), respectively, by mapping the opinion of the experts of the

Technical Support Center (TSC) (i.e., the team that provides expert technical analysis, assessment, and

” o

makes decisions during severe accidents [1]) through a linguistic variable (i.e., “very low”, "low”, "medium”,
"high”, “very high”) into a TFN (Table 1 [17]) [35]. For example, if the experts believe that the feasibility of

)]
a(k+1:T

(0.25,0.5,0.75).

) is very low and the compatibility medium for the occurring scenario, §j1 = (0,0,0.25) and §j3 =

In the methodological framework here proposed, the effectiveness of ag;)H:T) (i.e., the capability of a

sequence of actions to prevent the system from entering a severe PDS) is evaluated by considering the



lower and upper bounds of the uncertainty associated with the risk index Réj(')i), namely Rg()l)_ and Rg(z; (see
Section 2.1), and Rgg;vlw’ that is the risk index computed using the MLE of the CPTs GMLE

Specifically, the lower, central and upper values of §]-2 (Eg. 6) are computed as r,r;in(l—R(({)H),
l

k
min (1 - R(.]')MLE) and min (1 - R(!)_), respectively; where min (1 - R(.j)') is the minimum (i.e., most
i>k ® i>k () >k ©
conservative) probability that the system will not enter a severe PDS, given the implementation of “83+1:T)'
foralli > k:
& —(min(1—rD min(1_ pOMLEY s (1 pli)- (6)
5 = (min (1 - RE") min (1 - &™) min (1 - "))

If more than one risk index is considered in the analysis (i.e., & > 1), the effectiveness is assessed for each

&t severe PDS (¢ = 1,2, ..., 5) through i, = (I};l]?(l—Rg(z)_)Igll? (1—R§2;"LE),1}1>1E (1 —Réf(z)_)) and, then,

averaged according to TFNs importance weights VT/'E = (dWE' eVT/ny;), which can be assigned by decision

non

makers to each fth severe PDS, again, through linguistic variables (i.e., “very low”, “low”, “medium”, “high”,

“very high”), then converted into TFNs (Table 1):

~ 1 . 1 1 -
S = 30,00 %003 ), o5 ) Fofse )
§=1 §=1 i=1

At Level 1, the importance weights W, = (dvT/yevT/yfvT/A) of the criteria are also determined by expert

judgement in terms of linguistic variables (i.e., “very low”, "low”, “medium”, “high”, “very high” level), with

the corresponding TFNs of Table 1.

Finally, for each alternative aggﬂzT) the overall fuzzy score F} = (dﬁj, eﬁj.fﬁj) with respect to the decision

objective is computed as the fuzzy weighed sum of all the criteria:

A A A
- 1 z 1 Z 1 Z
A=1 A=1 A=1

and {a%&_l:n i=1,.., Na} are ranked based on the computed triangular fuzzy numbers {17“]- j=1,.. N}

(8)

Various approaches for ranking fuzzy numbers have been proposed in the literature [36—38]. In this study,
the total integral value method is employed due to its ease of application. The total integral value for a
triangular fuzzy number F = (d, e, f) is defined as [38]:

I?:%[(1—6)d+e+6f] )

where 0 < § <1 is an index commonly referred to in the literature as index of optimism or degree of
optimism [37]. For example, if decision makers want to be conservative and, thus, rely more on a pessimistic

(i.e., close to the lower bound d) estimate of 17‘5, 6 is set equal to § = 0, resulting in d < I‘TS=0 <e.



Conversely, § = 1 means that the decision makers are more optimistic and, thus, values closer to the upper
bound f are considered. The value of § = 0.5 is customarily adopted for decision-making in the context of
severe accident management [35], because this allows decision-makers to be neither too pessimistic nor
too optimistic.

Given two fuzzy numbers F; and Fj, the ranking is determined as follows: if I?(Fi) < I?(Fj), then F; < Fj; if
I3(F) = I3(F;), then F; = F;; and if I3(F) > I3(F,), then F; > F;. For a detailed description about the

ranking of TEN through integral values and the informed selection of the degree of optimism, the reader

can refer to [38]. In the methodological framework of SAM here of interest, the alternative a( )

J .
(k1) WIth

the highest total integral value is considered to be the best decision.

Table 1. Triangular fuzzy number corresponding to each linguistic variable and corresponding triangular fuzzy number.

Linguistic variable Very low Low Medium High Very high

Fuzzy number (0,0,0.25) (0,0.25,0.5) (0.25,0.5,0.75) (0.5,0.75,1) (0.75,1,1)

3 Case Study

The proposed methodological framework for SAM informed by AMST outcomes is exemplified with respect
to the possible severe escalation of transients initiated by LOCAs (i.e., Wz = LOCA) in a WWER-1000/V446
NPP operating at full power (i.e., Ypoc = full power). Figure 4 sketches the considered NPP, whose
technical specifications are provided in Table 2 [39]. In the event of a LOCA, the CB, whose relevant
parameters are listed in Table 3, may suffer of inner pressure overload, either because of the steam released
by the primary circuit or the explosion caused by the hydrogen. In LOCA circumstances, SAMGs advise either
to initiate the Filtered Containment Venting (FCV) to prevent containment overpressure—accepting a
limited release of fission products—or to delay venting to utilize the spray system for controlling
containment pressure [2]. However, activating the spray system requires careful evaluation, as it induces
steam condensation that increases hydrogen concentration within the containment, thereby increasing the
probability of hydrogen combustion. The objective of the application is to show how to exploit the DBN-
based AMST outcomes with trustworthiness for effective SAM decision-making. For comparison, the MLE-

learned DBN AMST outcomes, that neglect the residual uncertainty in the risk indices, are also considered.
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Figure 4. Schematic representation of the WWER-1000/V446 CB structure (specifications are given in Table 3).

Table 2. Specifications of the WWER-1000/V446 NPP [40].

Parameter Value

Core nominal thermal power (Mw) 3000
Average coolant temperature at reactor outlet (K) 594
Maximum coolant temperature at reactor inlet (K) 564
Primary circuit pressure (MPa) 15.7

Pressure drop in the core (MPa) 0.381

Table 3. Relevant parameters of the WWER-1000/V446 containment [39,40].

Parameter Value
Spray system flowrate (kg/s) 166.67
Steel containment inner radius (mm) 28000
Steel thickness (mm) 30
Gap thickness (mm) 1650
Concrete thickness (mm) 1750
Containment free volume (m3) 71040

Maximum internal pressure at 150 °C (MPa) 0.46




Total area of all the concrete walls (m?) 18860

Total surface area of the steel containment (m?) 17712

To generate the accident scenarios, the TH model of the primary circuit and the CB model have been
coupled with a hydrogen combustion model to simulate the accident over a transient period of T, =
3600 s and provide the output data (i.e., Mpg(t), Peont(t), Teont(t), Xuz20(t), Xu2(t), Cregime(t),
described below) every At = 100 s (i.e., emulating a condition-monitoring frequency of 0.01 Hz) (Figure
5).

tign tSp,On PRHZ -
Contiinment TH I\flodel TR () Prin:ary
— 1 T T T ~° [CircuitModel

Peont () Teont () Xnz20(8)  Xy2(t) msp ®)

| 1]

Containment
Combustion Model

l l

Peq static Creg ime (£)
(possibly)

Figure 5. Structure of the physical model of the system.

A detailed description of the models governing equations, implemented in a MATLAB/Simulink® routine,
are provided in Appendix B. In summary, the water flowrate gy (t) released into the containment during
the LOCA is computed adopting a homogeneous equilibrium model [41], where the RCS primary circuit is
modeled as an ideal pressurized vessel with a bottom break radius rgs. The containment TH model takes as
inputs mpr(t), the hydrogen production rate PRy, (i.e., the mass of hydrogen released into the
containment per unit time, net of the amount absorbed by passive autocatalytic recombiners (PARs)), the
ignition time ¢;4, and the spray system activation time tg,n, and predicts the containment time-
dependent pressure Peont(t), the temperature Topn:(t), the steam molar fraction Xy,0(t) and the
hydrogen molar fraction Xy, (t) within the CB, along with the spray system flowrate m,(t). The spray
system activates only if peone(t) > 1.3 Bar and stops when pgone(t) < 0.98 Bar. The containment
combustion model, developed following [42,43], takes Dcont(t), Teont(t), Xp20(t) and Xy, (t), and
assesses at any time t the hydrogen combustion regime Cregime (t) that would result from an hypothetical

ignition at that time:



if the CB hydrogen — air mixture is nonflammable at ¢

if the CB hydrogen — air mixture is flammable at ¢

if ignition at ¢ leads to Flame Acceleration (10)
if ignition at t leads to Deflagration — to — Detonation Transition

if ignition at t leads to Detonation

C‘regime (t) =

BwWw N R o

If Cregime(tign) > 0: i) the Simulink simulation stops; ii) the static pressure load on the CB resulting from
hydrogen combustion peg static is computed [44]; i) the CB hydrogen-air mixture conditions right after the
combustion (i.e., Peont (Lign + At), Teont (tign + AL), Xpz0 (Lign + At) and Xy, (tign + At)) are calculated
and set as initial conditions for the Simulink TH model that completes the simulation between t;4,, + At
and T,,. For example, in Figure 6 we show peont(t) and Cregime (t) for a simulation with rgg = 0.05m,
PRy, = 0.25kg/s, tspon = 800s and t;5, = 3000 s: we can notice that the derivative of peone(t)
changes at the activation of the spray system and at the time in which mgg(t) = 0; moreover, the CB
hydrogen-air mixture is flammable from t = 2500s (i.e., Cregime(t) > 0), and after the combustion

returns to nonflammable (i.e., Cregime(t) = 0) because all the hydrogen is burnt.
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Figure 6. Comparison between p on(t) and C,¢gime(t) for a transient characterized by rgg = 0.05m, PRy, =
0.25 kg/s, tspon = 800 s and t;z, = 3000 s.

The DBN that models these phenomena is built with GeNle [45], and its application is carried out in SMILE
v.2.0.10, where the Estimated Posterior Importance Sampling (EPIS) algorithm [46] is adopted to infer Egs.
(2-3).

Figure 7 shows the DBN, consisting of T 4+ 1 unrolled time slices (only two consecutive time slices are shown
in Figure 7), whose nodes and interdependencies have already been described in [11] and here only briefly

summarized below:



e Wy static hidden node representing the initial plant operating conditions, reasonably
impacting the IE (i.e., Wjg), and the primary circuit initial pressure and temperature (i.e., ¢ppo
and ¢p10, respectively). For this case study, we assumed ¥Ypoc = full power.

o W, static hidden node indicating the IE, reasonably affecting the break size and the hydrogen

production rate (i.e., ¥, . and lPPRHZ)' In this case study, we set ¥,z = LOCA.

BS

® ¢ppo: static observable node representing the primary circuit initial pressure. It influences the

containment pressure ¥, and temperature Yr_ In this case study, ¢,pg = 15.7 Mpa.

ont(k) ont(k)’

® ¢pro: Static observable variable node representing the primary circuit initial temperature. It

influences Y,

Peont() and YTwm(k). In this case study, qprO =579 K.

o ¥, i statichidden node of the break size on the primary circuity, which affects the containment

pressure ¥, and temperature Yr., and the molar fractions of the steam YXHZO(k) and

cont(k) nt(k)’

hydrogen YXHZ(k)'

. ‘I’pRHZ: static hidden node of the hydrogen production rate, which affects Ypmm(k), YTcont(k)’

YXHZO(k) and YXHZ(k)’
. XCreg(k): dynamic hidden node influenced by Yxmo(k), YXHZ(k), prm(k) and YTwm(k) (in line with
the containment combustion model of Figure 5);
. Ysp(k): observable dynamic node describing the real operational state of the spray system,
defined as:
v {o if Thep(ti) = 0 (11)
P 1 if mg,(t,) >0
which depends on Y, and A (i.e., the action carried out by the operators on the spray

Pcont(k) SP (k)

system at time step k), which is defined as:

1 ifthe spray system is activated at k

2 if the spray system is kept inactive at k (12)
3 if the spray system is deactivated at k

4 if the spray system is kept active at k

Aspgey =

The CB is assumed damaged if pgone (t) exceeds the CB design pressure pges. Thus, the CB damage state
Xcpps(i) Is affected by ), and defined as:

cont(k)’

XCB k) = {1 lf Tpcont>Pdes = tk (13)
bs 0 otherwise

where prm>pdes is the time at which the p¢on: (t) exceeds the CB design pressure pges (i-e., Xcpp k) =
1, CB damaged, and X¢p, k) = 0, CB safe). Thus, the (only) risk index considered in this case study is

related to the probability that the CB is damaged by the internal load and is defined as:

RY)

_ _ (6)) . L 14
B = P (XCBDS(k) = 1|y(0:k),asp(k+1:n), Vi>k, andj=1,..,N, (14)



Regarding inter-slice dependencies, each dynamic node at time k is connected to its counterpart at time

k + 1, except for Y; whose state is determined by A and Y, Additionally, it is assumed that

D(k)’ SP (k) cont(k)’

the activation of the spray system at time k influences pcont (t) and Teone (t) at time step k + 1; thus, two

towards Y,

directed edges from Yy Peont(i+1)

PO and YTr:ont(k+1) are incorporated into the DBN structure. Table

16 (in Appendix C) summarizes the DBN nodes characterization and their parent—child dependencies across

static and dynamic variables.

! 1 ! 1
1 1

:lypoc 1 'I Wi |
- - - -

STATIC NODES
r

DYNAMIC NODES

Figure 7. The proposed DBN structure unrolled over two consecutive time steps. Black edges indicate intra-slice
dependencies, red-dotted edges denote inter-slice dependencies, and blue edges represent dependencies involving
static variables. Green nodes indicate operator actions, red nodes the damage states of the safety barriers, gray nodes
the generic dynamic variables, and white nodes the static variables.

The learning of the CPTs parameters values is based on Nopr = 6 X 103 stochastic scenarios generated by
sampling the models input parameters from uniform probability distributions whose upper and lower
bounds are listed in Table 4. The range of variation of the probability distribution of PRy, is taken equal to
+50% of its nominal value (i.e., 0.2 kg/s [47]) to reflect its significant epistemic uncertainty. The aleatory
uncertainty that affects rgs is described by the lower and upper bounds of its distribution, whose values are
set equal to 0.006 m (i.e., the lowest primary circuit boundary break radius assumed by the NRC for a Small

LOCA [48]) and 0.212 m (i.e., the lowest rgs that would make g (t) = 0 within At = 100 s: any larger



value would, therefore, not be “noticed” by the DBN), whereas tgp, o, and t;g, can take any value between
0 and Tyy,.

Table 4. Upper and Lower bounds of the uniform probability distributions of the model input parameters.

Input parameter Description Nominal Value  Lower Bound  Upper Bound
rgs (M) Break size on the primary circuit - 0.006 ([48]) 0.212
PR (kg) Hydrogen production rate, net of that absorbed by PARs 0.2 ([47]) 0.1 0.3
H2 \ 7
tspon (s) Spray system activation time - 0 3600
tign (s) Ignition time - 0 3600

The Ncpr X Pyor data matrix D populated with the generated scenarios is, then, used to infer the CPTs

parameters and evaluate their uncertainty, as described in Appendix A.

We test the decision taken with the support of the DBN-based AMST for two scenarios: scenario 1 is a large
LOCA with a nominal PRy (i.e., 1755 = 0.2 mand PRy, = 0.2 kg/s); scenario 2 is a small LOCA with a small

PRy, (i.e., 15 =0.025m and PRy, = 0.1kg/s). For each scenario, we analyze three alternative

mitigative actions (i.e., N, = 3): ag,)(oj) consists in the activation of the spray system at tsy o, = 1500 s;
agi))(o:T) consists in the activation of the spray system at tsy o, = 2500s; “gi)(o:n consists in not activating

the spray system (i.e., tsp on = +). In both scenarios, the ignition time is set equal to t;4, = 3500 s and
the evidence, represented by sensor data from the NPP (i.e., Yp_, . (0:k)s YTeone(0:6)7 VX112 (0:K)r YXp20 (0:k)s

Ysp(0:k)), is obtained using the physical model. None of the two considered scenarios is included in D.

For both scenarios, the effectiveness and trustworthiness of the three candidate mitigative actions are

evaluated at k = 10,20,30; this is done by computing the non-parametric tolerance interval

[RéjB)(_i)' RéjB)g'i)]f foreachi > k, and comparing them to the threshold e.p specified by the decision-maker.
The coverage y and the confidence level B are set to y = 0.95, B = 0.95 (resulting in Nf = 93 [49]),
allowing for a sufficiently fast computation (see Section 4), in compliance with the setting criteria discussed
in Section 2.1. The risk threshold €5 is set equal to €. = 0.05 to preserve the conservative safety margin
with respect to the CCFP pccr = 0.1 (that is recommended by the NRC [50]), needed to accommodate
errors introduced by the discretized DBNs [51].

Without loss of generality, the hierarchical structure of Figure 3 is adopted to perform the decision-making

(€Y} 2 3)
sp(0:T)’ asp(O:T)' asp(O:T)'

27

among the alternatives a with decision criteria “Feasibility”, “Effectiveness” and

“Compatibility”. The assumed linguistic variables and the corresponding TFNs (determined through Table 1)
assigned to the importance weights of the decision criteria are listed in Table 5. Analogously, Table 6 lists

the assumed linguistic variables and the corresponding TFNs assigned to the decision alternatives with



respect to Feasibility and Compatibility. The fuzzy effectiveness of the alternatives is computed following
Egs. (6-8).

Table 5. Linguistic variables (and corresponding TFNs) assigned to the criteria importance weights.

Criterion Importance weight (I¥;)
Feasibility High (0.5,0.75,1)
Effectiveness Very High (0.75,1,1)
Compatibility High (0.5,0.75,1)

Table 6. Linguistic variables (and corresponding TFNs) assigned to the decision alternative with respect to Feasibility
and Compatibility.

Alternatives Feasibility (Sj) Compatibility (S;3)

) - -

agyom Very High (0.75,1,1) Very High (0.75,1,1)
2 i i

o Very High (0.75,1,1) Very High (0.75,1,1)
3) i i

aom Very High (0.75,1,1) Very High (0.75,1,1)

4 Results

The computations have been performed using a dual-core processor with a clock speed of 2.7 GHz and 3.5
GHz in normal and TurboBoost modes. The Computational Times CT for k = 10, k = 20 and k = 30, are
CT =20s, CT =13s and CT = 7s, respectively, that allow, in all cases, for a timely accident
management, being the At between two successive sensors data acquisition and the resulting DBN

inferences equal to 100 s.

4.1 Scenario 1: large LOCA with a nominal hydrogen production rate

Figure 8, Figure 9 and Figure 10 show the risk index residual uncertainty computed at k = 10, 20, 30,

respectively and used for determining the trustworthy effectiveness of the candidate mitigative actions.
Specifically, each sub-plot shows: i) the lower bound R(Cj;zi) (green line) and upper bound RéjB)é) (red line)
g . i)

of the risk index residual uncertainty for each i > k, corresponding to thejth action analyzed, Cspory

the inference results obtained via a MLE-learned DBN RICWBL(E;)U) (i.e., without uncertainty propagation) for



GT(j)
cB(i)

0]

comparison (blue line); iii) the ground truth R CBG)

(i.e., the actual value of R simulated through the

physical model) (black line).

GT())
CB(i)’

(1

Examining R 0T)

agg:)T)) leads to the system failure at i = 35 and i = 27, respectively (i.e., RTM = 1 for i > 35 and

CB(i) —
GT(3) _ , . ) e . .
RCB(l.) =1 fori = 27); conversely, ac.r successfully mitigates the accident (i.e., R

we note that activating the spray system either too early (i.e., a ) or too late (i.e.,

GT(2)
cB(i)

= 0 Vi). Indeed,
an excessively early activation of the spray system limits the increase in pressure and temperature within
the CB, but it also induces steam condensation, potentially increasing hydrogen concentrations and thereby
increasing the probability of hydrogen combustion. On the other hand, excessively delayed activation or the
absence of spray system activation fails to prevent the CB pressure from reaching its design limit due to

steam release from the LOCA.

We also observe that: i) we should not trust agé:)T) since neither (rln>z}cx RSB)(B) < €cp hor (r{1>a}<x Rga)(_i)) >
€cp) hold, making its effectiveness uncertain; ii) ag(z),)T) is effective and trustworthy (i.e., (m>akaé?g)) <
' L

€cp); iii) agg,)T) is non-effective and trustworthy (i.e., (rr;al(xRé?(_i)) > €cp). From this perspective, the
' l

proposed methodology offers a criterion to determine whether aggﬂ:n is effective or not for the specific

€y

developing scenario. In this specific case, D is not enough comprehensive to assess whether ago.r) is

effective for scenario 1.

Table 7, Table 8 and Table 9 show the results of the decision-making process carried out at k = 10, 20, 30,

) and ¥ . i) their fuzzy

respectively. Specifically, each Table reports, for the alternatives Aspom Do)

Effectiveness §j2, ii) their overall fuzzy score I:"J and iii) their total integral value 17‘5(13}) computed at § =
0.0,0.5,1.0 to represent the choice of the decision maker to rely on the lower bound, modal and upper

bound values of ﬁ] for decision-making (pessimistic, moderate or optimistic, respectively) [17]. Results for

(3)

asp(O:T)

are not reported, as it is trustworthy non-effective. Since no distinction is made for the alternatives

in terms of Feasibility and Compatibility (see Table 6), the ranking of the best alternative in this case study

(2)

s is ranked as the best alternative, as it is the
(0:T)

3
SP(0:T)

is solely determined by the Effectiveness. Consequently, a

(1)

only effective and trustworthy sequence of actions, Aspoiry

is uncertain, and a is non-effective (i.e.,

(max R®= ) > €cg). The results, therefore, are found to align well with the ground truth.
ik CB()
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Figure 8. Lower bound Rg;;.) (green line) and upper bound Rgl);a.) (red line) of the risk index residual uncertainty
computed at k = 10 through the proposed procedure and compared with the risk index computed through the

MLE-learned DBN R(C’%)LE (blue line) and the ground truth RE’;‘EIT) (black line). The results are shown for the

application of aE;:)T) (a), ag:)n (b) and aEg:)T) (c) for scenario 1.

Table 7. Results of the decision-making process carried out at k = 10 for scenario 1.

175(17‘]) (rank)

Alternative Si2 ﬁ] Pessimistic ~ Modera Optimistic
te
(6 =0.0) 6 =10
@ =
0.5)
ag;)(o;r) (0.909,0.934,1.000) (0.477,0.811,1.000) 0.644 (2) 0.775 (2) 0.906 (2)
a? (0.965,0.991,1.000)  (0.491,0.830,1.000) 0.661 (1)  0.788 (1) 0.915 (1)

sp(0:T)
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Figure 9. Lower bound

R?;Ei) (green line) and upper bound R(C";J(’i)

(red line) of the risk index residual uncertainty

computed at k = 20 through the proposed procedure and compared with the risk index computed through the

MLE-learned DBN R

g;z)w (blue line) and the ground truth R
)

application of aE(l,:)T) (@), a1

6T
CB(i)

(b) and ag:)T) (c) for scenario 1.

(black line). The results are shown for the

Table 8. Results of the decision-making process carried out at k = 20 for scenario 1.

I‘Ts(ﬁj) (rank)

Alternative Si2 F Pessimistic  Moderat Optimistic
e
(6 =0.0) (6 =1.0)
6=
0.5)
ag))(o-T) (0.917,0.948,1.000) (0.479,0.816, 1.000) 0.648 (2) 0.778 (2) 0.908 (2)
a® (0.962,0.989,1.000)  (0.491,0.830,1.000) 0.660 (1)  0.787 (1) 0.915 (1)

sp(0:T)
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Figure 10. Lower bound R?;Ei) (green line) and upper bound R?;J(’i) (red line) of the risk index residual uncertainty
computed at k = 30 through the proposed procedure and compared with the risk index computed through the

MLE-learned DBN RE’;IZ)LE (blue line) and the ground truth R(C’;ZT) (black line). The results are shown for the

application of aE(l):)T) (a), aE(Z):)T) (b) and aEg:)T) (c) for scenario 1.

Table 9. Results of the decision-making process carried out at k = 30 for scenario 1.

12(F;) (rank)

Alternative Sj2 F Pessimistic ~ Moderate  Optimistic

(6 =0.0) (6=05 (6=10)

ai;))(o-T) (0.926,0.964,1.000)  (0.481,0.821,1.000) 0.651 (2) 0.781 (2) 0.911 (2)

a;za)mv_r) (0.966,0.994,1.000)  (0.492,0.831,1.000) 0.661 (1) 0.789 (1) 0.916 (1)
a® (0.00,0.00,0.001) - - - -

sp(0:T)




4.2 Scenario 2: small LOCA with a small hydrogen production rate

Figure 11, Figure 12 and Figure 13 show the same statistics of Figure 8, Figure 9 and Figure 10 for scenario

2. We can observe that none of the mitigative actions considered lead the system to failure (i.e., Vi,

RETU) 0)) €y

CB() (0:7) (o-)» Which can also be

). However, results are trustworthy only for a

considered effective (i.e., (rr;alchggg)) < €cp, with k = 10,20,30). Conversely, the significant residual
l

= 0 for any action a

()

0T) and a

_ _ B
uncertainty of the risk index computed for a (3) (i.e., [R(z) R@* ] [R(3) R ] )

(0:1) CB(i)’ CB(L) CB(i)’ CB(i)y

makes their effectiveness uncertain.

It is worth noticing that, while the risk index predicted through the MLE-learned DBN aligns with the ground

(1) @ (. RMED) 3)

(0:T) (0:T) CB(i) (o.y do not: for evidence

truth for action a and a = (0 forj = 1,2), the results for a

uptok =10,k = 20and k = 30, RICWBL(LE)B) exceeds €cp ati = 27,1 = 34 and i = 34, respectively (Figure
(2

1) and

11, Figure 12 and Figure 13). Thus, resorting exclusively to the MLE-learned DBN would exclude a

a%g,)T) from the decision making process, being (rin>a}(x Rg’;(b;)(Z)) > €cp and (m>a}(x RQ’IBL(’J;)B)) > €cp, and this

would represent an issue if a®  would not be feasible (e.g., because of unavailability of the spray system),

(0 T)
because the operator would be forced to look for another mitigative action to limit the consequences of

)

0T and a ()

0T) effective). Thus, adopting a standard approach

scenario 2, although unnecessarily (being a

for CPTs parameters learning (e.g., MLE-based), which provides only point estimates of CPTs parameters,

can lead decision makers to selecting incorrect conclusions.

Table 10, Table 11 and Table 12 present the results of the decision-making process carried out for scenario
2 atk = 10,20, 30, respectively. As in scenario 1, the ranking of the best decision alternative is determined

solely by its Effectiveness, which is assessed using the DBN, since all decision alternatives are considered

(1

P 19 ranked as the best sequence of

equally Feasible and Compatible (see Table 6). As expected, a

= (1)MLE (2Q)MLE : .
actions, except for k = 30, where the condition (ma}(xRCB(l) ) > (r{;a}(XRCB(i) ) holds, leading to bg , <
bs,, and, thus, I9(F,) > I3(F,).

(1

P is ranked as the best action among the alternatives, except for k = 20 and k = 30:in

) @®
SP(0:T) SP(o:T)’

As expected, a

these cases, for § = 1.0, a is to be preferred to a However, considering the severity of the

consequences of a CB failure, the ranking with § = 1.0 is to be discarded (with § = 1.0, the contribution of
(1MLE (2)MLE

dgjz, being multiplied by zero (i.e., (1 — §)), is neglected and (m;;(xRCB(i) ) > (r{;%{XRCB(i) ) leads to

bs,, < bs,, and, thus, I§=*(F,) > I2=*(F,)).
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Figure 11. Lower bound Rg;;.) (green line) and upper bound R(C";“(Li) (red line) of the risk index residual uncertainty

computed at k = 10 through the proposed procedure and compared with the risk index computed through the
MLE-learned DBN RE’;IZ)LE (blue line) and the ground truth R(C’;ZT) (black line). The results are shown for the

application of aE(l,:)T) (a), aEﬁ?T) (b) and ag:)T) (c) for scenario 2.

Table 10. Results of the decision-making process carried out at k=10 for scenario 2.

12(F;) (rank)

e

Alternative Sj2 Pessimistic ~ Moderate  Optimistic

(6 =0.0) (6 =05 (6=10)

ag))(o-r) (0.971,0.994,1.000)  (0.493,0.831,1.000) 0.662 (1) 0.789 (1)  0.916 (1)

a®,, ~ (0921,0994,1.000) (0.480,0832,1.000) 0.656(2)  0786(2) 0.916(2)
a® (0.039,0.535,1.000)  (0.260,0.678,1.000)  0.469(3)  0.654(3)  0.839 (3)

sp(0:T)
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Table 11. Results of the decision-making process carried out at k=20 for scenario 2.

12(F;) (rank)

Alternative Si2 F; Pessimistic ~ Moderate  Optimistic
(6 =0.0) (=05 (=10

ag;))(o-'r) (0.959,0.992,1.000) (0.490,0.831,1.000) 0.660 (1) 0.788 (1) 0.915 (2)
agy)(o:T) (0.881,0.994, 1.000) (0.470,0.831,1.000) 0.651(2) 0.783 (2) 0.916 (1)
o (0.525,0.899,1.000)  (0.381,0.800,1.000) 0590 (3)  0.745(3)  0.900 (3)

sp(0:T)
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Figure 13. Lower bound RCBED (green line) and upper bound Rep (red line) of the risk index residual uncertainty

computed at k = 30 through the proposed procedure and compared with the risk index computed through the
MLE-learned DBN R(C’;Ig.)w (blue line) and the ground truth RE’;‘EIT) (black line). The results are shown for the

application of aE;:)T) (a), ag:)n (b) and ag;)r) (c) for scenario 2.

Table 12. Results of the decision-making process carried out at k=30 for scenario 2.

I‘Ts(ﬁj) (rank)

Alternative Si2 F} Pessimistic ~ Moderate ~ Optimistic
=00 (5=05 (§=10)

a®,  (0952,0990,1000) (0.488,0.830,1.000) 0659 (1) 0787 (1) 0.915(2)
a®,, ~ (0859,0997,1000) (0.465,0832,1.000) 0649(2) 0782(2) 0916 (1)
a® (0.346,0.855,1.000)  (0.337,0.785,1.000)  0.561(3)  0.727(3)  0.893 (3)

sp(0:T)




Let us now assume that the decision maker assigns very high importance to feasibility and effectiveness,

and medium importance to compatibility (see Table 13). At k = 10, feasibility is low for agj)(w) (early

() 3
sp(0:T) sp(0:T)

reflecting, for instance, the case that the spray system may not be prompt for activation (e.g., under

activation), high for a (delayed activation), and very high for a (no activation)(see Table 14),

maintenance), but likely to become available as time progresses. Conversely, compatibility is high for

® @3]
sp(0:T)’ sp(0:T)’

advises delaying or limiting sprays only when the atmosphere approaches flammability. Effectiveness is the

same as in Tables 10-12. The results at k = 10 (Table 15) show that agf))(O:T),

and very low for a® (see Table 14), consistently with SAMG guidance, which

low for a p(0:T)

a

rather than agj)(o:T), is the

highest-ranked alternative and, thus, should be preferred.

Table 13. Linguistic variables (and corresponding TFNs) assigned to the criteria
importance weights for the alternative decision-making settings.

Criterion Importance weight ()
Feasibility Very High (0.75,1,1)
Effectiveness Very High (0.75,1,1)
Compatibility Medium (0.25,0.5,0.75)

Table 14. Linguistic variables (and corresponding TFNs) assigned at k = 10 to the decision alternatives with respect
to Feasibility and Compatibility for the alternative decision-making settings.

Alternatives Feasibility (Sj;) Compatibility (S3)
) ,
g0 Low (0,0.25,0.5) High (0.5,0.75,1)
@ .
a0 High (0.5,0.75,1) Low (0,0.25,0.5)
a® Very High (0.75,1, 1) Very Low (0, 0,0.25)

sp(0:T)




Table 15. Results of the decision-making process carried out at k=10 for the
alternative decision-making settings.

12(F;) (rank)

Alternative N F; Pessimistic Moderate Optimistic

(6 =0.0) (6=05 (6=10)

ag;l;)(o-’r) (0.971,0.994,1.000)  (0.284, 0.540,0.750) 0.412 (2) 0.528 (2)  0.645(2)
ag?(o:r) (0.921,0.994,1.000)  (0.355,0.624,0.792)  0.490 (1) 0.599 (1) 0.708 (1)
ag?(o-’r) (0.039,0.535,1.000)  (0.197,0.512,0.729)  0.354 (3) 0.487 (3)  0.620 (3)

5 Conclusions

This paper proposes a methodological framework of DBN-based AMST for assisting decisions regarding the
best sequence of mitigative actions to undertake during a NPP severe accident. The DBN-based AMST
consists of four main modules: a state estimation module, a risk predictor module, a trustworthiness
assessment module and a decision-making module. Both the state estimation and the risk predictor
modules employ a DBN. The state estimation module infers the PDS probability distribution from real-time
sensor data. The risk predictor module quantifies the consequences of deploying the candidate sequences
of mitigative actions by predicting user-defined time-dependent risk indices. The trustworthiness
assessment module evaluates the epistemic uncertainty affecting the outcomes provided by the risk
predictor module using non-parametric tolerance intervals. Trustworthiness is ensured if either the risk
index residual uncertainty is entirely below the acceptable risk limit set by the decision-maker and/or
regulatory body, or entirely above the risk limit for some time instances (i.e., the sequence of action is
assessed as non-effective for the specific scenario developing). The decision-making module integrates
expert judgment with the results of the trustworthiness assessment module, using (without loss of
generality and only for exemplification purpose) a fuzzy logic multi-criteria approach to select the best

sequence of mitigative actions.

An application is presented with regards to a LOCA in a realistic WWER-1000, for which three alternative
actions (i.e., early, delayed and no activation of the spray system) are considered to mitigate CB damage.
The results show that adopting a standard approach for CPTs parameters learning (e.g., MLE-based), which

provides only point estimates, can lead decision makers to selecting incorrect actions.

For applicability of the proposed framework in practice, the following aspects need to be considered:



e DBN training data: field/experimental data of severe accidents are limited and, thus, simulation
data must be generated for training the DBN, ensuring that all severe accident phenomena and

their uncertainties are duly considered in the models used for the simulation.

e DBN modelling assumptions: the residual uncertainty due to the DBN structure and continuous

variables discretization is neglected. Future work will explore the use of:

o causal discovery approaches [52,53] for the identification of causal relationships from

data, so that the structure uncertainty is properly handled, and
o Hybrid Bayesian Networks [54] to avoid the discretization of the continuous variables.

e DBN computational time: the computational demand increases with the complexity of the DBN
[55]. Future work will investigate methods of propagation of CPTs parameter uncertainty more

efficient than standard Monte Carlo.

e Scope of the analysis: a plant full-scope safety analysis should consider a large number of
initiating events, plant operating conditions and SAM actions (e.g., filtered containment venting

and combined strategies), and compute a comprehensive set of risk indices (e.g., LERF).

e Sensors reliability/availability: during severe accidents, harsh conditions (e.g., high temperature,
pressures and radiation levels) can impair the reliability/availability of the measurements. Future

work will deal with the uncertain evidence coming from unreliable measurements.

e Sequential SAM actions: in this work a single safety system (spray under LOCA) is considered
and, thus, few alternative actions evaluated. The DBN-based AMST proposed is, however,
applicable to sequential SAM actions (i.e., the activation of multiple mitigative safety barriers
during the accident evolution). Future work will address the dependence between multiple,

successive decisions and actions.

6 Appendix A

6.1 CPTs parameters uncertainty quantification and propagation

Methods for characterizing the uncertainty of CPTs parameters are either based on probability theory or on
interval-valued uncertainty [56]. The former assumes that the uncertainty on CPTs parameters follows a
Dirichlet probability distribution (or a Beta distribution for binary nodes) and then propagate this
uncertainty, typically through Monte Carlo sampling, to characterize the residual uncertainty (i.e., Egs. (3)

in this paper); the latter (also referred as methods based on Credal Networks) assumes that the uncertainty



in the CPTs is presented by intervals and then propagates this uncertainty to characterize the residual
uncertainty about the considered query by solving optimization problems over the sets of probabilities [56].
However, although Credal Networks constitutes a systematic methodology for representing and
propagating CPTs uncertainty, the computational complexity and, therefore, the computational time
required for the inference process can be intractable for complex networks (i.e., networks characterized by
a large number of nodes and high treewidth) [57,58]; for this reason, in this work, we opt for the former

category of methods.
Section 6.1.1 shows how to quantify the CPTs parameters uncertainty, whereas Section 6.1.2 shows how to

N ou1B
propagate it to find [Rg(z) ,Réﬁ;’] by probability theory.
14

6.1.1 CPTs parameters uncertainty quantification

A popular approach to quantify the uncertainty about CPTs parameters is to use Bayesian inference, in

which a Dirichlet (i.e., a conjugate) prior 6., ~D(Qnm1 ) Xnme,) is typically assigned to the CPTs

parameters:
Cn
1 Anmu—1
p(enml' oy Hnmcnlanmlr (L anmcn) = gnmu
B(anmlr Ly anmcn) =1 (A1)
where [)’(anml, s anmcn) is the ¢,,-dimensional Beta function:
Hzclnzlr(anmu) (A.Z)

,B(anml, ey an‘an) = m

where I'(+) is the gamma function, for positive integers, I'(n) = (n — 1)!

The prior hyperparameters, a,my, > 0, can be interpreted as pseudo-counts (i.e., the quantity amy
represents the number of times the expert believes he/she will observe the event (Z,, = u|Pa(Z,) = m)
in a virtual prior learning dataset). The prior distribution is then updated using D, so the posterior

distribution becomes 0y, |D ~D(nm1 + Num1, -» e, + Npme,)- Thus, the posterior mean is

Anmu T Nomau (A.3)

Ne
Zu:1 Anmu + Nnmu

E[gnmu |D] =

and the posterior mode (MAP estimate) is

Cpmu + Nnmu -1 (A~4)

ne
Zu:l Anmu + Nnmu —Cn

argmax p (gnmu |D) =

When the number of observed samples in D is very large, (i.e., X" Npymy > 1), the contribution of the
prior is negligible, and the posterior mean and MAP estimate align with the MLE. Similarly, for a,, =
ZZC:l Anmu — 0 the posterior mean converges to the MLE because it relies entirely on observed data, with

no additional prior information affecting the result. The prior with any a;,;my, = 0 is an improper prior (i.e.,



it does not integrate to a finite value), and it causes the posterior log-likelihood to explode if also Ny =

0. Following Heckerman et al. [59], in in this work we adopt the uninformative uniform prior aymy, = %
n“n

which, in the case of scarce prior knowledge, should be preferred instead of an informative (but incorrect)
prior. The equivalent sample size «a is typically set by the user and it represents the number of observations
that would be needed to achieve the same level of confidence in the CPTs prior hyperparameters as the
user currently possesses; thus, it is not a measure of actual data but reflects the strength of the user prior
beliefs. The selection of a is out of purpose of this paper and the interested reader may refer to [59] for

more insights.

6.1.2 CPTs parameters uncertainty propagation

After developing the DBN and characterizing the uncertainty of the CPTs parameters uncertainty through

the posterior distribution 8y, |D ~D(apm1 + Nam1, » @nme, T Nume,,), the residual uncertainty in the

N
risk indices is characterized through the non-parametric tolerance interval [ngj(z) ,ngj(z;] . To calculate Nﬁ,
4

which is the number of samples from the (unknown) probability distribution p (ngj(z)) needed to ensure

N
that [Rg(z) , Réj(z;] achieves at least the coverage y with a confidence S8, we apply Wilks formula [49]:
14

B=1-y% - (Nf = 1)@ -y (A3)

where Rg()l)_ and Rg()l;r are the minimum and the maximum of the Nf values sampled from p(Réj(z))

respectively. In particular, the values of Rg()l)_ and Rg()l)+ are determined through the following algorithm,

executed at each timestepk =1,..T — 1:

1. Setevidence on the observed nodes (i.e., ¢ = @; Y (o.x) = Y(o:x));

2. Set the action nodes according to the sequence of future actions to be analyzed (i.e., A1) =

0)) );
(k+1:T)/

3. Forv=1, ...,Nf

a

i.  Sample all the CPTs parameters from 8, |D ~D(apm1 + Numa, ) @nme,, + Nnme,,) and
update the CPTs accordingly;
)

ii. Perform DBN inference by computing Rf(i)(v) for each aEQH:T), i>kandé=12,..,%5;

4. Find gy, = min (RE (1), .., RGH(NY)) and REYY = max (RE (1), ..., Ry (N} ).

7 Appendix B



7.1 Primary circuit model

The primary circuit of the RCS is modeled by a zero-dimensional (0-D) approach, where the principles of
mass and energy conservation are applied to determine the variables representative for the entire primary
circuit: water pressure p,(t), temperature T, (t) and void fraction a,, (t):

R (B.1)
PV

where V¢ is the volume occupied by the saturated water and V is the volume occupied by the saturated
steam. Specifically, the RCS is modelled as an ideal pressurized vessel having volume ¥}, = V¢ + 1 and
characterized by a bottom break with area BS = mr2s from which the flowrate rigg(t) spills out and is
released into the CB with specific enthalpy hgg(t). Both mgg(t) and hggr(t) are determined through a
homogeneous equilibrium model [41] which takes as input p,,(t), T, (£), and @, (t) and provides as output:

m t),T,(t subcooled conditions (B.2)
st =[O 10) st

m ggr (pp ®), ap (t)) saturated conditions

hgr (pp(t), Tp(t)) subcooled conditions (B.3)
hgr (pp ®), ap (t)) saturated conditions

hgr(t) = {

If we assume the primary circuit water to be in subcooled conditions att = 0, a;,(0) = 0 and the mass and

energy balance for the control volume, coinciding with the primary circuit boundary, can be written as:
mBR + ml‘p =0 (84)
mBRhBR + Ul,p = 0 (BS)

where i, and Ul,p are the temporal derivatives of the liquid water mass and internal energy of the primary
circuit, respectively. The mass of water in the primary circuit my ,, can be written as a function of the primary

circuit volume ¥, and the liquid density p;,, = p;(Pp, Tp):

My = Vo (B.6)
and Uy can be written as:
Up = VoPrplip (B.7)
where the specific internal energy u;  is:
Wp =hip —DpVip (B.8)

and hy, = hy (pp, Tp) is the specific enthalpy of the liquid water.

Considering the primary circuit boundary non-deformable (i.e., V'p = 0) and substituting Egs. (B.6-B.8) into

Egs. (B.4-B.5), we rewrite these latter in matrix form:



a a
Vp pl,p V;, pl,p
app an —Tf'lBR ]

pp
ap, oh,p 6Pl ahz [ —Mprhpg
Y - (hl,p - pp”l,p) Y -1 % = (hlp pp”l.p) + Prar- -
opp Py

(B.9)

where v = vi(p,, T, ) is the specific volume of the liquid water.

After the break, the pressure in the primary circuit decreases, and the water reaches saturation conditions
causing ap(t) > 0. The thermodynamic properties of the primary circuit water in saturation conditions

depend on p,(t) and a,(t), thus, the mass and the energy balance are written as:

. d B.10
mpr + 1, at [(1—ap)prp + appgp] =0 (840

d . (8.11)
W at [(1 - “p)pf.puf.p + “ppg.pug.p] + mprhpr = 0

where the subscripts f and g refer to the saturated liquid and saturated steam conditions, respectively.

Similarly to the subcooled case, equations (B.10-B.11) are rearranged in matrix form:

dpy, dpg,
V[(l_ap) ap p"'apﬁgpp] Vo[=Psp + Py

0prp Ohyp 9pgp Ohg,
hep——= ap, +Prp 5 ap +ap hyp ap, + Pgp ap, =1t Yl=prphip + Pgphap]

J[] il (812

—

w{1-a)

By setting the initial conditions according to Table 2 and solving the system of differential equations (B.9)
(if the water in the primary circuit is in subcooled conditions) and (B.12) (if it is in saturated conditions)

jointly with Egs. (B.2-B.3), we can compute p,(t), T, (£), ap (t), mpg(t) and hgg(t).

7.2 Containment TH model(s)

Two different TH models are adopted: a per-ignition TH model that simulates the CB between t = 0 and
t = tign (described in Section 7.2.1), and a post-ignition TH models that simulates the CB between t = t;4p,
and t = T,, (described in Section 7.2.2). Both the TH models adopt a control volume approach, where the
(non-deformable) control volume boundary coincides with the inner steel containment (Figure 4) having a
volume Vpg. The thermodynamic system of interest consists of the mass of non-condensable gasses in the
CB, my,, the mass of water vapour in the CB, m,, and the mass of liquid water in the containment room for

leakage collection, m;.

7.2.1 Containment TH pre-ignition model

For the pre-ignition TH model we assume: 1) m; in saturation conditions, 2) m, and m,,. in thermal
equilibrium (T, = Ty = Teone), 3) the relative humidity in the containment equal to ¢ = 100% (i.e., the
vapor partial pressure p,, equal to the water saturation pressure at Teope, i.€., Py = Dy sat (Tcont)), 4) the

air partial pressure computed by the perfect gas law.



We assume the total volume of the system is given by the sum of the volumes occupied by m;, and m,,.:

mncRncTcont (B.13)

VCB = mlvl +
Pcont — Pv

where v; is the specific volume of m; that, in saturation conditions, depends only on the CB total pressure

H H RnCTCOn
Pcont (l-e-/ v = vf(pcont))/ the quantity —heCon

cont” Pv

is the specific volume of non-condensable gases, and R, is

the specific gas constant of non-condensable gasses, which is approximated as dry air (i.e., R, = 287.0 L.

kg K
The internal energy of the system is given by:
U=H —DpeontVca (B.14)
where the total enthalpy of the system H is given by the sum of the enthalpies of m;, m,, and m,,.:
H = m;h; + xm, h, + m, h,, (B.15)

where x is the specific humidity defined as x = m,,/m,,., h; is the specific enthalpy of m;, which depends
only on the pressure (i.e., by = hg(Pcont)), hy is the specific enthalpy of m,, which is assumed equal to
hy =15+ ¢ 0 (Teone — To) (with 7o = 2500 kJ /kg, ¢, = 1.877 k] /(kg - K), and Ty = 276.16 K) and hy,
is assumed equal to hype = ¢pnc(Teone — To), Where the specific heat at constant pressure of non-

condensable gases ¢, » is assumed equal to that of dry air (i.e., ¢, n. = 1004.5J/(Kg - K)).
Considering that p, = ¢y sar (Teont), X is a function of Peone and Teope:

x = my _ vaCB/(RvTcont) = 0622 ¢pv,sat (B-16)

B Mpyc B pnCVCB/(RnCTcont) Pcont — ¢pv,sat

where p, — p, is the air partial pressure, and R, = 461.5}(;—1{ and R, = 287.0}(;—1{ are the specific

= pCOTlt

gas constants of water vapour and air, respectively.

We can model the system by imposing the non-deformable condition for the control volume Vg, the

conservation of mass and the conservation of the energy:

d [m v + mnCRnCTcont] (B-17)
ok Pcont — Pv =0
dt
1y + XMy = Mgy + Mg, (B.18)
U= mgrhyp + Mgphgy + Qpr — Qaw (B.19)

where mhg, and hg, are the spray system water flow rate and enthalpy, respectively; QDH is the fraction of

decay heat power released into the CB (assumed equal to 1% of the core nominal thermal power); Q 4 is

the heat power released from the CB atmosphere to the CB steel wall.



By deriving Eq. (B.16) with respect to time and coupling it with Egs. (B.17-B.19), we get a system of four
differential equations in four unknowns (i.e., m;(t), x(t), Pcont(t) and T.pne(t)) which, after some

manipulations, can be arranged in matrix form:

[V 0 (m v mncRme) ( MucRnc — MucRucTeone
4 "0Peont Peone — P} \Peont =Py Weone — D) HTCW
| o . (7 0.622 p, ) ( 0.622 Poorc 0Py 0.622 ap‘,
(Peont = P0)?) \Deone = Pv)? 0Teone (p ont — Dy )6Tcm p ont Thpg + Mg,
0 0
1 My T:ont Thgghpr + Mgy hy JrQDH QAW
hy Mo (o + Cpy (Teone = T_0)) (ml(jzi, Vcs) (mhc(cpnc + xCp, v) j p'lsp (B 20)
The heat power released from the CB atmosphere to the CB steel wall Q4 is computed as:
QAW = AAWaAW (Tcont - Tw) (B'Zl)

where A,y is assumed equal to the total surface area of the steel containment (Table 3), a4y, = 300 21(
is the heat transfer coefficient between the CB atmosphere and the wall [60], and T, is the steel

containment wall temperature modeled through the following energy balance:

dTy, : (B.22)

Cow— dt AAW“AW(Tcont w) - Qext

where C,, is the heat capacity of the steel containment and Q. is the heat power released to the

environment, computed as:

Qext = (Ryz + Rag + Rey) (T, — Texr) (B.23)

where Ty is the external temperature and R,3, R34, Rext are thermal resistances, whose subscripts refer

to the CB structures indicated in Figure 14:

R.—_13"T2 (B.24)
23 47T7"3T2keff
R, =213 (B.25)
* 7 anryrsk,
1 (B.26)
Rext a2
47Trextaext

ke is the effective thermal conductivity in the gap between the steel and concrete containment computed

following [61], k. is the concrete thermal conductivity and a,,; is the heat transfer coefficient on the

w

external surface of the concrete CB, assumed equal to @, = 10 e



1
Concrete 1

Figure 14. Heat transfer process in the containment.

The water vapour molar fraction Xy, and hydrogen molar fraction Xy, are computed as:

Xi20 = 120 (8.27)
Npe + Np2o + Ny

Ny2 B.28

Xyp = ( )

e + Ny + Ny
Npnc is the number of kmol of non-condensable gases (assumed to be composed for the 21%,,,, by 0, and

for the remaining 79%,,/,, by N;), computed through the ideal gas law:

_ [pcont,o - pv,sat(Tcont,O)]VCB (B~29)
Ruc+ (27315 + Teoneo)

nnc -

where Peont,0 3Nd Teonto are the initial pressure and temperature in the CBand R = 8314 km{)l K is the ideal
gas constant.
Nyoo is the number of water vapour kmol in the CB, computed as:

Mino = XMpc (B.30)

MHZO
where Myo0 = 18% is the water molecular mass.
nyy is the number of hydrogen kmol in the CB, computed as:
PRy, -t (B.31)

Nyz =
MHZ
k .
where My, = ZWQM is the hydrogen molecular mass.

At the beginning of the accident, we assume peoneo = 1 Bar, Teoneo = 50 °C and m; o = 0 kg, whereas

X is computed applying (B.16) by assuming ¢y = 60%.



7.2.2 Containment TH post-ignition model

If Cregime(tign) > 0:1) the Simulink simulation with the TH pre-ignition model stops in t = t;4y; ii) the static
pressure load on the CB resulting from hydrogen combustion peq static IS computed [44]; iii) the CB
hydrogen-air mixture conditions right after the combustion (i.e., pcont(tign + AL), Teont(tign + At),
X0 (tign + At) and Xy, (tign + At)) are calculated and set as initial conditions for the Simulink TH post-
ignition model that completes the simulation between t; 4, + At and T, . In this Appendix, we do not show
the procedure adopted for the computation of the CB hydrogen-air mixture conditions right after the

combustion, which are then set as initial conditions for the Simulink TH post-ignition model.

In the containment TH post-ignition model, it is assumed that m, can exist either under saturation
conditions (i.e., Py = Py sat(Tcont)), and in that case the containment TH pre-ignition and post-ignition
models coincides, or under unsaturated conditions (i.e., p, < Py sar(Teont)), and in that case the two
models differ. This assumption stems from the significant heat released during hydrogen combustion, which
can lead to the complete evaporation of m; and a substantial increase in T, Within the CB. As a result,
the air mixture may still be capable of holding additional water vapor before condensation begins (i.e., p, <
Pv,sat (Tcont))- Thus, in the containment TH post-ignition model p,, is estimated at every t using the perfect
gas law:

x(t)mnchTcont (t) (B.32)
Ves

pu(t) =

then, ifp, = P, o0 (Tcont), Py is set equal to py, sq¢ (Teone) and the same TH model used for the pre-ignition

(see Section 7.2.1) is adopted.
Conversely, if p, <P, c0e(Tcont):

e jtisassumed that all liquid water is evaporated (i.e., m; = 0); thus, the conservation of the mass
is written as:

XMy = Mg + Mgy (B.33)
and no water vapour condensation occurs:

The total pressure in the CB is given by the sum of the non-condensable gases partial pressure

p,,. and the water vapour partial pressure p_:

Pcont = Pnc T Dy (B.35)
_ MncRncTeont _ xmMpcRyTeont
wherep, = e andp, = e

e The conservation of the energy is given by



d[H - pcontVCB]
dt

. . . . (B.36)
= mBRhf,p + msphsp + QDH - QAW

where the total enthalpy of the system is H = xm,.h,, + m,,.h,., and h,, and h,,. are computed

as in Section 7.2.1.

By deriving Eq. (B.35) with respect to time and considering the conservation of the volume (i.e., Vg = 0)

in Eq. (B.36), Egs. (B.33-B.36) can be written, after some manipulations, in matrix form:

lo Ry M Toone L . .

| Ves Ves Veg /|| ™ . )

|o Mne 00 e g T Thep
Peont | — 0

| 0 0 o S50 B PR (8.37)
T, Mprhpg + Mgphs, + - .

16 e+ ey —7.0)) 1 (Mac(Gpne + xCp)) | Toomed Hoelton ¥ nfisp ¥ Qo = Qe

If, for any reason p,, = p,, ..,(Tcont) holds again, the CB switches back to the Containment TH pre-ignition

model.

The computation of Qay, Xy20 and Xy, is carried out as for Section 7.2.1.

8 Appendix C

Table 16. DBN structure summary: node symbols, descriptions, types, and their parent—child dependencies across
static and dynamic variables.

Symbol Description Type Parents Children
Initial plant operating o
¥Ypoc . Static hidden - Y1g, dpro, Poro
conditions
Vg Initiating event Static hidden Yooc Vrps: Prry,
Primary circuit initial Y, Y for
bppo Static observable Yooc Peont(l)”” cont(k)
pressure k=0,..,T
Primary circuit initial Y, Y for
bpro Static observable Yooc Peont(l)”” T cont(k)
temperature k=0,..T
. . chont(k) ’ YTcont(k) ’
w Break size on the primary o v v ;
TBS circuit Static hidden IIUIE XHZO(k)' XHZ(k) or

k=0,..T




Symbol Description Type Parents Children

) chont(k) ’ YTcont(k) ’
@ Hydrogen production o
PRy Static hidden Vg Yxizo0o Y¥uzgyr 0T
k=0,..,T
¢pP0:¢pTO:lPrBSr XCBDS(R)’XCreg(k)’
prm(k) CB pressure Dynamic observable 'PPRHZ;Ysp(k_l): Ysp(k)/ Ytzo(k), YXHZ(k)'
chont(k—l) chont(k+1)
¢pP0:¢pTO:lPrBSr
YX IYX ’
: W Y. H20 (k)" X H2 (1)
YTcont(k) CB temperature Dynamic observable PRy, Ysp(k—1y’ ¥ v
Y, Creg(k)’ Tcont(k+1)
Tcont(k—l)
Steam molar fraction in . lpTBS’lPPRHZ’YTcont(k)’
YXHZO(k) Dynamic observable XCreg(k)r YXHZO(k+1)
the CB Yp s YX
cont(k) H20 (k-1)
Hydrogen molar fraction _ lPrBS'lPPRHZ’YTcont(k)’
Yy Dynamic observable Xroo () Yxyo
209 in the CB Y, Y, eg (e+1)
Dcont(k)’ XHZ(k_l)
¥ Combustion regime in o YXHZO(k)’YXHZ(k)’
Creg() he CB Dynamic hidden
the chont(k)’YTcont(k)
Operator action on spray
Aspa Dynamic action node  — Yoo
system
Spray system operational . Y Y
Ysp(k) state Dynamic observable ASP(k)' chont(k) Peont(k+1)’ ' Tcont(k+1)
XcBps(k) CB damage state Dynamic hidden Yo contciy XCBps(i-1) XcBps(k+1)
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