
 

Journal Pre-proof

Computing resilience of process plants under Na-Tech events:
Methodology and application to sesmic loading scenarios

Antonio C. Caputo , Bledar Kalemi , Fabrizio Paolacci ,
Daniele Corritore

PII: S0951-8320(18)31573-4
DOI: https://doi.org/10.1016/j.ress.2019.106685
Reference: RESS 106685

To appear in: Reliability Engineering and System Safety

Please cite this article as: Antonio C. Caputo , Bledar Kalemi , Fabrizio Paolacci , Daniele Corritore ,
Computing resilience of process plants under Na-Tech events: Methodology and applica-
tion to sesmic loading scenarios, Reliability Engineering and System Safety (2019), doi:
https://doi.org/10.1016/j.ress.2019.106685

This is a PDF file of an article that has undergone enhancements after acceptance, such as the addition
of a cover page and metadata, and formatting for readability, but it is not yet the definitive version of
record. This version will undergo additional copyediting, typesetting and review before it is published
in its final form, but we are providing this version to give early visibility of the article. Please note that,
during the production process, errors may be discovered which could affect the content, and all legal
disclaimers that apply to the journal pertain.

© 2019 Published by Elsevier Ltd.

https://doi.org/10.1016/j.ress.2019.106685
https://doi.org/10.1016/j.ress.2019.106685


Highlights 

 A novel procedure for resilience calculation of process plants under Na-Tech events is proposed 

 The methodology is strongly based on PERT/CPM technique and provides a direct estimation of capacity loss and 

the recovery time.  

 The model can be applied both in deterministic and probabilistic manner and is generalizable to any kind of Na-

Tech hazard 

 The reliability of the methodology has been shown in computating the seismic resilience of an acid nitric plant 
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ABSTRACT 

 

Resilience is a performance measure representing both the capability of a system to survive a 

disruptive event and the ability of rapidly restoring the operational status recovering the initial 

capacity. However, literature is lacking about methods allowing to compute resilience of process 

plants from a technical point of view. In fact, in the process industry the scarce literature about 

resilience mainly focused on organizational issues. In order to contribute to fill this gap a 

methodology has been developed to estimate resilience in case of Na-Tech events for process 

plants. The methodology provides a direct estimation of capacity loss after the disruptive event, and 

the time trend of recovery as well as the related economic loss. The model can be applied both in 

deterministic and probabilistic manner and is generalizable to any kind of Na-Tech hazard. 

However, in this paper specific reference is made to seismic hazard. In order to show the 

capabilities of the methodology a case study is also described referring to a Nitric Acid plant.  

Results show the predictive capabilities of this approach and the usefulness as a decision making 

tool for facility planners and emergency managers in the process industry. 

 

KEYWORDS: Process plants; Resilience; Na-tech hazard; Seismic risk; Earthquakes.  

 

NOMENCLATURE 

 
Ain = Activity that corresponds to n-th reconstruction task related to i-th equipment; 

BI = Business interruption cost; 

 = Logarithmic standard deviation of the capacity distribution; 

CBD = Capacity Block Diagram; 

Cf = Normalized capacity of f-th process flow,  [0, 1]; 

Cf(t) = Capacity of f-th process flow at time t; 

Cnf = Nominal production output of the f-th process flow; 

Cs,f = Normalized capacity of s-th stage of f-th process flow; 

Cvuf = Variable unit production cost of the f-th process flow; 

C(t) = Plant operational capacity at time t; 

DLSi,l = Correspond to l-th damage limit state of i-th equipment; 

DSB = Diamond shape buckling;  

i = State variable of i-th equipment; 

tz = Duration of the z-th time interval between functional recovery of two successive units; 

EF = Earliest finish date of the generic activity; 

EFB = Elephant foot buckling;  

EL = Economic loss; 

ER = Equipment reconstruction cost; 

ES = Earliest start date of generic activity; 

f = Annual probability of occurrence of a given seismic damage scenario; 

fFA = Mean annual frequency of failure of equipment; 

fPGA = Mean Annual frequency of exceeding a given PGA; 

fS = Mean annual frequency of survival of equipment; 

F = Number of output process flows; 

                  



h(x) = Sampling distribution function of a variable; 

Ii(d) = Indicator function of event I for a damage d; 

IS = Importance sampling technique; 

LS = Latest start date of the generic activity; 

LF = Latest finish date of the generic activity; 

 = The mean value of the capacity distribution; 

M = Earthquake magnitude; 

MCS = Monte Carlo Simulation; 

N = Number of equipment in the plant; 

NTOT = Total number of combination of possible SV; 

NS = Number of simulations; 

NSV(K) = Number of possible SV derived from all combination of K damaged units out of N; 

Of = Fraction of total plant capacity allocated to the f-th PF,  [0, 1]; 

ORAN = Overall Reconstruction Activities Network; 

pf = Unit selling price of the f-th process flow; 

PF = Probability of failure of equipment; 

PS = Probability of survival of equipment; 

PTHS = Threshold value of scenario probability of occurrence or equipment probability of failure; 

PF = Physical output material flow; 

PFD = Process Flow Diagram; 

PGA = Peak Ground Acceleration; 

PS = Process stage; 

PSHA = Probabilistic Seismic Hazard Analysis; 

p(x) = Actual distribution function of a variable; 

R = Distance of the site from the epicenter; 
Rc = Overall residual plant capacity; 

RCij = Cost of j-th restoration task required to recover functional status of the i-th equipment; 

Sf = Number of sequential process stages of f-th process flow; 

S [f] = Set of equipment used by the f-th process flow; 

S [f,s] = Set of equipment used by the f-th process flow at the s-th stage; 

SK’ = Set of damaged units; 

SK’’ = Set of undamaged units; 

SLk = Is the slack in time for each k-th activity; 

SZ = Seismogenic zone; 

SV = 1, ..., N scenario vector; 

t0 = Time when disruptive event occurs;  

ta = Time when restoration activities start; 

tc = Time when recovery (increase) of plant capacity starts; 

td = Time when damage propagation ends; 

th = Control time usually defined by owners or decision makers;  

tr = Time when plant is fully restored;  

Tij = Duration of the j-th restoration task required to recover functional status of the i-th equipment; 

TCRi = Recovery date of the i-th unit; 

TR = Recovery interval; 

Ф = The standard Gaussian cumulative distribution; 

wM = Weight of magnitude used in IS; 

wR = Weight of distance used in IS; 

wSZ = Weight of seismogenic zone used in IS; 

x = Number of operational units with fractionated capacity, connected in parallel; 

z = Identifier of time interval between functional recovery of two successive units; 

Z = Random number uniformly distributed in the range [0-1]; 

 

 

 

 

 

                  



 

 

 

1. INTRODUCTION 

Resilience is a concept which has attracted a great deal of interest from both public managers, 

industrial actors and the research community for over a decade. Although resilience is a wide 

ranging concept, which has been applied in many diverse contexts ranging from psychology, to 

metallurgy to organizational research, from the technical and managerial perspective it can be 

generally considered as a performance measure combining both the robustness of a system, 

intended as the ability to survive unexpected events which are able to disrupt its operations, and the 

capability of rapidly restoring system capacity after the disruptive event has occurred.  

However, research aimed at assessing systems resilience in the last decade focused more on the 

civil infrastructures and building sector, as compared to the industrial one, and especially on 

networked systems, such as roads and transportation networks, supply chains, or service distribution 

infrastructures like gas and electricity distribution grids and telecommunication networks. Research 

on resilience of process plants and industrial facilities in general has been, instead, comparatively 

scarce, and mainly focused on organizational problems rather than aimed at providing a quantitative 

estimation model. Nevertheless, industrial facilities, and process plants in particular, that involve 

huge capital investments, may be a source of major accidents, thus representing a risk to nearby 

communities, contribute significantly to economic development of nations, and their failure can 

have a disruptive potential for global supply chains. Therefore, being able to assess plant resilience 

in case of disruptive events is inherently relevant, as local government, emergency responders, and 

business owners are interested in assessing the capability of the facility to withstand disruptive 

events and to rapidly return to normal operation. Moreover, knowledge of plant resilience allows to 

better plan protective and preventive measures, and is a building block to assess resilience of 

industrial supply chains. 

Among the disruptive events which industrial plant face, natural hazards, like floods, 

hurricanes, tsunamis, earthquakes etc.., represent significant threats owing to their destructive 

potential. In industrial plants such natural hazard can give rise to Natural-Technological (Na-Tech) 

accidents which can have devastating consequences including equipment damage, release of 

dangerous substances, disruption of services and infrastructures, fatalities and environmental 

pollution with huge economic losses [1-3]. Research on seismic hazards in the process industry is a 

relevant topic and has been reviewed recently [4, 5]. Several models for quantitative risk assessment 

have been also made available [6-12]. Nevertheless, the above models focus on estimating 

equipment damage and losses consequent to the occurrence of an earthquake, but neglect the 

analysis of the capacity recovery process and plant resilience in general. 

Resilience is a wide scope concept and performance measure, blending both the capability of a 

system to survive and the ability of rapidly recovering from high impact and low frequency 

disruptive events. This can be achieved by a mix of robust system design practices, damage 

prevention measures, organizational redesign as well as rapid recovery and survivability enhancing 

activities. Given its omnicomprehensive reach and applicability a single agreed definition of 

resilience has not yet been established. Therefore, several alternative definitions are discussed in the 

literature [13-15].  

Generic overviews of the resilience concept in business and engineering contexts are provided 

by Hollnagel et al. [16] and Sheffi [17], while a general qualitative modeling framework has been 

also suggested by Rigaud and Guarnieri [18] and by Lundberg and Johansson [19]. Given the 

multiplicity of possible resilience definitions a wide range of quantitative performance measures 

and specific resilience metrics have been also proposed in the literature [14, 20, 21, 22, 23, 24]. 

From the management point of view resilience has been extensively studied under the 

organizational perspective [25, 26], as well as in the framework of enterprise management [27-31], 

including the economic impact on the social community [32] and the single business [33]. Input-

                  



output models have been also used to investigate the economic impact of natural or man-made 

hazards in industrial complexes and business sectors. However, the fields which attracted the major 

attention of researchers are those of civil and infrastructures engineering, networked infrastructures 

and supply chains.  

In the field of civil engineering and built and transportation infrastructures, attention has been 

also focused on modeling resilience related to natural hazards. In particular, [34-37] review 

resilience modeling of built infrastructures under natural disasters conditions, and especially 

earthquakes [38-42]. Resilience of community structures in networks has been modeled by 

Ramirez-Marquez et al. [43]. Economic loss following natural disaster in urban communities and at 

regional level is also investigated by [44,45], while Barabadi and Ayele [46] attempt to use 

statistical analysis of historical data to estimate infrastructure recovery rates and time and Barker 

and Baroud [47] apply proportional hazard models to infrastructure recovery.  

Networked and critical infrastructures, such as electricity grids or other utilities distribution 

networks, as well as computer networks also attracted a great deal of academic research. In this 

realm, apart from vulnerability to natural hazards, a major concern are cascading effects and 

external attacks either in stand-alone or interdependent networks [48-54]. This research also is 

aimed at resilience based network design [55] and identifying components importance in networks 

[56].  

Networked systems include supply chains, which is another research field rising increasing 

interest, strictly related to networks and transportation systems resilience although with specific 

features [57-60].  

Resilience research applied to industrial plants, instead, has been comparatively scarce even if 

such facilities are quite complex in itself, represent high capital investments and relevant cash flow 

streams for either the owner and other stakeholder, and a failure can have long duration effect which 

can propagate along the supply chains. In this sector, research has been mainly oriented towards the 

organizational and operational issues including human factors [61-64] and more recently to 

applications in safety analysis and risk assessment of process plants [65-69]. Ryzdak and coworkers 

[70-71] also attempted to model resilience using the system dynamics paradigm. Nevertheless, 

resilience modeling approaches derived from the networked infrastructures sector and from the civil 

and seismic engineering domain, may not be directly transferable to the field of industrial facilities, 

where resilience depends on fragility of process equipment and process flow structure. Ganesan and 

Elamvazuthi [72] develop a method for preliminary design process plants in order to optimize 

reliability, resilience and cost but using simplified process modeling and neglecting natural hazards. 

Tan et al. [73] develop a simplified model for an industrial plant based on process flow, but mainly 

from an economic perspective, and neglect disruptions from natural hazards. Zio and Ferrario [74], 

Ferrario and Zio [75, 76] investigate with detailed modeling safety-critical facilities, such as nuclear 

power plants subject to natural hazards. Nevertheless, in such kind of application product flow is 

not relevant, so that the approach cannot be directly applied to process plants as the emphasis is 

placed on the logical interactions of cascading effects on safety components and the affected 

processes. Mebarki et al. [77] deal with process plants but focus specifically on resilience of single 

process equipment under natural hazards thus neglecting the overall process flows. Finally, research 

is scarce too in the domain of manufacturing plants, although some general purpose modeling 

approaches have been suggested [70, 71, 78]. 

From the above discussion it appears that additional modeling effort, specifically targeted to 

process and manufacturing plants is still needed in order to obtain realistic resilience estimation of 

such facilities taking account their internal structures, the process flows and, in case of natural 

hazards, the inherent fragility of equipment.  

In order to contribute to a solution of this research problem, in this paper an approach and 

associated software tool for the computation of process plant resilience, based on the actual process 

flows and installed equipment, is developed building on the preliminary work by Caputo and 

Paolacci [79]. The method has a general formulation and can be applied to any kind of disruption 

                  



causing physical damage to plant equipment. It will be described with specific reference to 

earthquakes, even if it can be extended to any kind of Na-Tech event. Moreover, it can be applied 

both in a deterministic and probabilistic manner as described in the following. The method has the 

following notable features: it directly computes initial capacity loss after the disruption occurs; it 

computes the time trend of capacity recover and total recovery time; it estimates the total economic 

loss imputable to business interruption and plant reconstruction. In doing so, this model, while 

filling the above cited gap in the literature, may prove valuable as a decision making support tool 

for facility planning and emergency management in process industries. 

This paper is organized in the following manner. A preliminary literature review discusses 

recent advances in resilience definition and quantification with special emphasis on the industrial 

sector. Subsequently the proposed algorithm for resilience computation is described assuming both 

deterministic and probabilistic scenarios and a generic disrupting event, with specific extensions to 

seismic risk. A case study application is successively described in order to show model capabilities 

with reference to a Nitric Acid Plant. Finally, model discussion and perspectives for future research 

conclude the paper. 

 

2. MODEL DESCRIPTION 

The model for resilience assessment is amenable to both a deterministic and probabilistic 

analysis. Deterministic resilience analysis implies that the user is interested in analyzing a specific 

damage scenario, meaning that the set of plant equipment damaged by the natural event, i.e. 

assigned to an out of service state, is predefined by the user. Any different damage scenario of 

interest can be separately analyzed. Probabilistic analysis implies that either the initial damage 

scenario is randomly generated, or that multiple possible damage scenarios are analyzed accounting 

for their probability of occurrence so that a probability distribution of the parameters of interest can 

be obtained. Finally, randomness can be included not only in the scenario generation but even in 

computing the duration of the recovery process. In this paper, although the deterministic approach 

will be mainly referred to for the sake of clarity, extension to probabilistic setting will be discussed 

when appropriate. 

The method is aimed at computing the time trend of system capacity starting from the initial 

disruption up to the final recovery, as shown in schematic manner in Figure 1. Capacity, is 

considered here as the capability of generating a physical production output, intended to be the 

desired function of the system. Generally speaking, while the system operates at nominal capacity 

C(t0) let us imagine that a disruption caused by a natural event takes place at time t0. The resulting 

equipment damage would impair the operational capacity which reaches a minimum residual value 

C(td) at time td. Please note that capacity loss can be total, i.e. C(td) = 0, and that time interval (td-t0) 

can be usually negligible for practical purposes. However, in case capacity loss is the consequence 

of damage propagation caused by cascading effects, it can happen that (td - t0) > 0. Afterward the 

initial capacity loss a latency period (ta - td) would follow to allow damage recognition and planning 

of required actions to recover capacity. Owing to restoration activities started at time ta, capacity is 

gradually recovered starting at a time tc and becomes fully restored at time tr, so that in Figure 1, th 

represents a control time usually defined by plant owners or decision makers [80]. In Figure 1 the 

time trend of capacity recovery during period (tr – tc) has been generically depicted as linear, but 

this restriction can be relaxed in order to gain generality. In fact, in the literature several alternative 

capacity recovery functions, expressed in analytical manner have been proposed, including 

lognormal, exponential and trigonometric [36, 40]. In this work, nevertheless, the time trend of 

capacity recovery is computed on the basis of plant configuration, actual equipment damage and the 

time-phased sequence of restoration activities, instead of assuming a predefined time history. 

However, once the C(t) function is known resilience can be precisely computed.  

In the literature several expressions have been, in fact, proposed to make a point estimate of 

resilience. For instance, Bruneau et al. [81] refer to a "resilience loss" 

 

                  



RL = ∫ [100%-C(t)]dt
 th
t0

 (1) 

 

while, according to Bocchini and Frangopol [82] and to Cimellaro et al. [80] resilience is computed 

in dimensionless form as 

 

R =
1

th- t0
 ∫ C(t)dt

  th
t0

 (2) 

 

Nevertheless, in this work we are not only interested in computing a single valued measure of 

resiliency, or to stick to a determined formula, but rather to determine the initial capacity loss, i.e. 

residual capacity C(td), the capacity recovery function C(t) for t  [td, tr] and the recovery interval   

TR=(tr – ta) as well as the involved Economic loss (EL=ER+BI) including the equipment 

reconstruction cost (ER), i.e. the sum of the cost to perform all recovery activities related to the 

damaged units, and the business interruption cost (BI). By knowing the C(t) function, in fact, any 

preferred equation in the literature can be used to compute a resilience performance measure. In any 

case, resilience will increase the higher is the residual capacity and the shorter is the recovery 

interval and the latency period. 

 

 

Figure 1 - Diagram of capacity vs time and characteristic times. 

 

The proposed method includes 8 sequential steps, which are described in details as follows. 

 

2.1. Process plant mapping 

 

As a preliminary step the plant Process Flow Diagram (PFD) is inspected in order to identify 

the main equipment, the major piping connections, the relevant process streams and the associated 

utilities. In particular, all physical output material flows (PF) determining revenues, and the 

associated specific equipment involved in the corresponding sequence of processing operations of 

PFs, whose damage can impact the capacity of the process flow, are recognized. It is important to 

properly identify all material flows and equipment involved by each PF given that a PF may involve 

multiple process streams with equipment and process steps shared with other PFs. This analysis 

shall include utilities as well as main structural components. In fact, the failure of a utility can 

interrupt a process (i.e. the simple interruption of a cooling stream may bring a reactor which has 

not been physically damaged by an earthquake to a stop). In the same manner any structural item 

required for operating a process equipment, such as a pipe rack or a support structure, must 

identified and treated as an equipment as its failure can interrupt the process flow and will require a 

restoration activity. As a result a unique set S[f] of all process equipment, pipe lines and related 

structures pertaining to the f-th PF is thus defined, so that any damage to a unit included in S[f] may 

have an impact on the capacity Cf  associated to that PF. In case the same equipment and utilities are 

shared by distinct PFs, they should be included in all the corresponding S[f].  

 

                  



  

Figure 2 – Fictitious Process Flow Diagram. 

 

In order to clarify this step let us consider the fictitious PFD of Figure 2 where process flows 

PF1 and PF2 can be identified. In this case S[1] = E-1, E-2, E-3, E-4, E-5, E-6, E-7, E-8, E-9, E-

10, E-18, E-19, while S[2] = E-2, E-3, E-5, E-11, E-12, E-13, E-14, E-15, E-16, E-17, E-20, E-21, 

E-22, so that PF1 and PF2 share three equipment, namely E-2, E-3, and E-5. 

 

2.2 Construction of process Capacity Block Diagram (CBD) 

 

For each PF a Capacity Block Diagram (CBD) is drawn. In the CBD all equipment belonging 

to the corresponding set S[f], are grouped in sequential process stages (PS) strictly connected in 

series. In this manner an equivalent representation of the PF is obtained as a series of PS, and the 

capacity of the PF becomes that of the PS having the lowest capacity, so that any capacity reduction 

occurring in the bottleneck PS would determine a corresponding capacity reduction in the whole PF. 

In case of total capacity loss within a PS then the overall PF is interrupted and total capacity loss of 

that process flow results. PSs do not necessarily correspond to physical process steps but rather to 

grouping of units which are arranged with the same logic from the process point of view. In this 

respect a PS can include a single or multiple units, and in the latter case it must include only units 

which are all arranged either in series or in parallel as far as the working logic of the process is 

concerned, as happens when building reliability block diagrams. Combination of series and parallel 

units in a single PS, is in general not allowed. When the PS includes units in series the entire stage 

capacity is lost when at least one unit is damaged. Conversely, in PS including units in parallel full 

capacity, partial capacity or zero capacity can result according to the number of failed units. In fact, 

in case of PS including parallel units it should be pointed out that a variety of parallel arrangements 

are possible according to the manner in which process is designed and equipment are sized and 

connected. Typical arrangements are: 

i)  pure parallel, where each redundant unit has enough capacity to handle the entire process flow 

so that PS capacity is lost when all units are failed, while at least one working equipment 

guarantees nominal capacity to that PS; 

ii)  fractionated capacity in parallel. In this case the PS capacity is equally subdivided in n parallel 

units and each unit can handle 1/n of the entire process flow. Residual capacity is proportional 

to the number of surviving units, so that percent PS capacity is x/n when x units are operational. 

iii)  k-out-of n redundancy. In this case n equal units are installed in parallel but partial redundancy 

is obtained as full capacity is preserved only in case provided at least k units are operational, 

otherwise the PS capacity is lost. 

iv)  fractional parallel of unit in series. In this case one has n identical parallel branches of units in 

series. Each branch handles 1/n of process flow but the branch capacity is preserved only in 

case all series units are operational. 

                  



v)  parallel of series units. This is a fully redundant system composed of a parallel of n branches 

each including units in series. Full capacity is preserved when at least one parallel branch is 

operations (i.e. all its unit in series are operational). 

 

For the sake of clarity, PFD of Figure 2 can be represented by two possible CBDs. Each CBD 

contains one PS with equipment in series and one PS with equipment in parallel with fractionated 

capacity. Respectively, (E-1, E-2, E-3, E-4, E-5, E-6, E-7, E-10, E-18, E-19) are equipment in series 

for PF1, while (E-2, E-3, E-4, E-11, E-12, E-13, E-14, E-15, E-16, E-17, E-22) are equipment in 

series for PF2.  While the units E-8 and E-9 of PF1 as well as units E-20 and E-21 of PF2 are the 

one with fractionated capacity and each of them can handle half of the process stream. 

 

2.3 Construction of Overall Reconstruction Activities Network (ORAN) 

 

In this last preparatory step the activities required to restore functionality of possible damaged 

equipment and recover plant capacity, as well as the logical relationships between all such activities 

are represented as an acyclic oriented activity network. This will allow to compute the recovery date 

of each equipment and update production capacity estimation during the recovery period. 

We must at first distinguish between common recovery activities and equipment-specific 

activities. For each i-th equipment or plant component included in S[f] vectors, the full list of 

activities to be carried out to restore its functionality is compiled at first. Equipment-specific 

activities may include foundations restoration, arranging contracts with suppliers, equipment repair 

or construction of a substitute one, transportation to plant site, on-site installation, fitting of 

insulation and auxiliary components such as sensors and instrumentation, painting, connection to 

utilities and to process stream piping, functional test, and so on.  

 

 

Figure 3 - Example of an Overall Reconstruction Activities Network (ORAN) for a plant including 9 

units. 

 

Common recovery activities instead may include preliminary recognition of damages, removal 

of failed equipment, site cleanup from spilled materials, clearance of access and internal roads, final 

plant commissioning and start-up etc. A duration Tij has to be estimated for each j-th recovery task 

associated to the i-th equipment, resorting to empirical correlations, vendor information or the 

record of plant construction data. For each activity the list of all preceding tasks, which act as 

precedence constraints, has to be also compiled.  

 

 

Figure 4 - Reference Overall Reconstruction Activities Network. 
Legend: 1 = Emergency response, 2 = Access clearing, 3 = Site cleaning and remediation, 4 = Damage survey and 

recovery planning, 5 = Commissioning, 6 = Production ramp up. 

                  



 

Figure 5 – Installation network of: a) Pump; b) Electrical distribution system network; c) Piping 

system; d) Vertical axis atmospheric storage tank. 

 

It is important to identify precedence constraints between activities as this allows to define 

mutual interactions between restoration activities associated to distinct equipment. As an example it 

is true that an equipment cannot be installed until its foundation has been rebuilt, but after 

installation it cannot return into operational state until all necessary utilities are operational and pipe 

lines have been rebuilt and connected to the equipment, which cannot take place until 

reconstruction the structural supports for pipes has been completed. 

After completing the global list of reconstruction activities for all plant equipment, including all 

precedence constraints among task, the plant reconstruction process shall be represented resorting to 

a network diagram, called ORAN (Overall Reconstruction Activities Network), similar to those 

widely used in project management practice known as PERT/CPM Technique [83]. An example of 

                  



such a diagram, adopting the activity-on-arcs drawing convention, is shown in Figure 3 referring to 

a simple plant including 9 different equipment. Arrows in the network represent the reconstruction 

tasks, while nodes in the network represent start or finish event of the activities departing from or 

arriving to a node. Activity Ain corresponds to n-th reconstruction task related to i-th equipment. 

Completion of all activities converging into a node is required in order to start the activities 

departing from that node. 

The generic architecture of an ORAN for a process plant is shown in Figure 4, where the graphs 

pertaining to each single equipment should be placed within the rectangle with dashed boundary 

line. Space limitations prevent from drawing a complete graph for a sample plant. However, single 

sample reference networks for relevant equipment types are shown in Figure 5, where dashed red 

arrows indicate interdependence with activities related to other equipment. 

 

2.4 Damage scenario definition 

 

2.4.1 Deterministic analysis 

For a plant including N process equipment or main components, a vector SV = 1, .... N can 

be defined, where a binary state variable i is assigned to any i-th unit  

 

δi= {
0    if i-th equipment is damaged    

1 if i-th equipment is not damaged
                   (3) 

 

At first SV is initialized setting i=1, i. 

In case of deterministic analysis the user selects a scenario to be investigated by deciding 

deterministically a list of equipment assumed to be damaged by the natural event. The initial 

damage scenario is then specified by setting to zero (i=0) the state variable for all damaged units 

thus determining the Scenario vector SV. By changing the initial SV setting any specific scenario of 

interest can be investigated. However, during the recovery period, switching from 0 to 1 the state 

variable of each damaged equipment as soon as it is taken back to operational status allows the SV 

to act as a State Vector used to represent the time-varying system status. 

 

2.4.2 Probabilistic analysis 

 

2.4.2.1 Scenario analysis 

 

Instead of assuming the initial damage scenario in a deterministic manner, a probabilistic 

analysis can be carried out with reference to the uncertain damage that the natural event causes to 

the plant. This implies two distinct steps, namely the generation of damage scenarios and the 

computation of their probability of occurrence. A different capacity recovery curve will then result 

from each scenario. 

The starting data to perform a probabilistic analysis is the hazard curve representing the mean 

annual frequency of exceeding a predefined level of the event intensity at the plant location for the 

considered natural hazard. Generation of hazard curves is a specific task beyond the scope of this 

work, so it is assumed as an input data. In the rest of this section reference will be made to seismic 

events but the approach can be easily generalized to other natural hazards.  

In case of seismic hazard, provided that a seismic intensity measure has been chosen, for 

instance the Peak Ground Acceleration (PGA), the hazard curve specifies the mean annual 

frequency of exceeding a predefined intensity level of PGA at the plant location, based on site-

specific geological conditions. The seismic hazard curve can be determined according for instance 

to the well-established Probabilistic Seismic Hazard Analysis (PSHA) approach introduced by 

Cornell [84].  

                  



It is assumed that in case of an earthquake, any i-th equipment can fail according to one or 

more failure modes associated to reaching a corresponding Damage Limit State (DLS). For 

instance, typical DLSs for unanchored vertical storage tanks include overturning, overtopping, 

sliding, buckling (i.e. Elephant Foot - EFB, Diamond Shaped - DSB); sloshing, floating roof 

damage, uplift, connecting pipes rupture, total equipment collapse [85]. Fragility curves can be used 

to estimate the probability of equipment failure PF(PGA) according to a predetermined DLS for a 

given value of the selected intensity measure. Equipment failure occurs when the seismic intensity 

is greater than equipment capacity which is assumed to behave as a random variable with log-

normal distribution, so that [86] 

 

𝑃𝐹(𝑃𝐺𝐴) = Ф(
1

𝛽
𝑙𝑛

𝑃𝐺𝐴

𝜇
)                                                                                                                  (4) 

 

where Ф is the standard Gaussian cumulative distribution,  and  are respectively the mean value 

and logarithmic standard deviation of the capacity distribution. Fragility curves are available in the 

literature for a wide range of natural hazards, limit states and equipment types [87,88], otherwise 

they must be computed resorting to statistical analysis of damage data in historical Na-Tech events 

or by numerical modeling [89-92]. 

An alternative manner of expressing vulnerability functions is through Probit equations [6, 7, 

86, 93, 94]. Probit value can be easy transformed into a failure probability PF value [95].  

Denoting fPGA as the frequency of exceeding a given PGA, typically referred to a time of one 

year and provided by the seismic hazard curve, the corresponding mean annual frequency of failure 

of the equipment is  

 

 

𝑓𝐹𝐴,𝑖,𝑙(𝑃𝐺𝐴, 𝐷𝐿𝑆𝑖,𝑙) = 𝑓𝑃𝐺𝐴𝑃𝐹,𝑖,𝑙(𝐷𝐿𝑆𝑖,𝑙, 𝑃𝐺𝐴) (5) 

 

 

being PF,i,l (DLSi,l, PGA) the conditional probability of failure of the i-th equipment according to the 

corresponding fragility curve for the l-th DLS and a given PGA. However, given that an equipment 

is damaged when at least one limit state is reached (we assume independency of the DLS), the 

equipment probability to survive to the natural event with a given PGA is  

 

𝑃𝑆,𝑖(𝑃𝐺𝐴) =∏(1 − 𝑃𝐹,𝑖,𝑙(𝑃𝐺𝐴))

𝐷𝐿𝑆𝑖

𝑙=1

  (6) 

 

and conversely 𝑃𝐹,𝑖(𝑃𝐺𝐴) = 1 − 𝑃𝑆,𝑖(𝑃𝐺𝐴) is the equipment probability of failure. Meanwhile, the 

mean annual frequency that equipment survives a natural event with a PGA is  𝑓𝑆,𝑖 =
𝑓𝑃𝐺𝐴𝑃𝑆,𝑖(𝑃𝐺𝐴).  

Once the failure probability of any equipment has been computed according to the specified 

intensity of the natural event, a damage scenario can be generated randomly, for instance resorting 

to Monte Carlo simulations, where a random number Z uniformly distributed in the range [0-1] is 

generated and compared with the equipment failure probability, so that when Z ≤ PF,i the equipment 

is considered to be failed [8]. This random sampling is repeated for each equipment to determine 

the random scenario vector. Over n replications the relative frequency of a given SV is an estimate 

of its probability of occurrence. 

Alternatively, the SV can be generated in an enumerative manner, as in the deterministic case, 

and for a given SV involving a specific set SK' of K damaged units, and the complementary set SK'' 

of (N-K) undamaged units, the probability of occurrence of that given SV is [10] 

 

                  



𝑃(𝑆𝑉, 𝑃𝐺𝐴) =  ∏(1 − 𝑃𝑆,𝑖)

𝑖𝜖𝑆𝐾′

∏ 𝑃𝑆,𝑗
𝑗𝜖𝑆𝐾′′

   (7) 

 

It should be noted that the number NSV(K) of possible SV deriving from all combination of K 

damaged units (Eq. 8 and 9), and the total number NTOT of SV to be enumeratively analyzed grows 

very rapidly when N increases, so that the analysis can be limited only to those scenarios where the 

SV has a probability of occurrence higher than a user-defined threshold. 

 

𝑁𝑆𝑉(𝐾) = (
𝐾

𝑁
) =

𝑁!

(𝑁 − 𝐾)!𝐾!
 (8) 

 

𝑁𝑇𝑂𝑇 = ∏(
𝐾

𝑁
) = 2𝑁

𝑁

𝐾=1

− 1 (9) 

 

2.4.2.2 Risk analysis 

 

A probabilistic seismic analysis of a process plant can be conducted according to the procedure 

proposed in [8], which is based on Monte Carlo Simulations. Consequently, the main starting 

damage scenarios (SV) and their rate of occurrence are determined, based on which resilience, 

economic losses and business interruption can be calculated. 

The probabilistic seismic analysis starts with the identification of the seismically units 

damaged. For the i-th simulation, the Magnitude (M) of the seismic event and the Distance (R) of 

the site from the epicenter are randomly sampled. To improve the efficiency of the MCS, the 

importance sampling (IS) technique [96] is adopted. The magnitude and the distance are sampled 

from a uniform distribution between minimum and maximum value of the magnitude and the 

distance of the seismogenic zone from the site. Then, according to the IS, each event is weighted 

with a ratio w=p(x)/h(x) between the actual distribution probability function p(x) and the sampling 

distribution h(x). So, different weights for the magnitude wMi, the distance wRi and the seismic 

activity of each region wSZi are adopted to improve the convergence of the results. 

The peak ground acceleration PGAi is then determined by using seismic attenuation 

relationship and the corresponding probability of exceeding the DLS is established for each unit on 

the base of seismic fragility curves. According to the MCS, a random number Z (0-1) from a 

uniform distribution is generated for each unit and the j-th unit is considered damaged if: 

 

𝑍 < 𝑃𝑗(𝐷𝐿𝑆|𝑃𝐺𝐴𝑖) (10) 

 

  

where Pj is the probability of exceeding the DLS in the j-th unit, for PGA=PGAi, deriving from the 

fragility curve. At the end of the simulations, the annual probability of occurrence of a given 

seismic damage scenario can be simply calculated as:  

 

f =∑
 𝐼𝑖(𝑑)𝑤𝑅𝑖𝑤𝑀𝑖𝑤𝑆𝑍𝑖

𝑁𝑆

𝑁𝑆

𝑖=1

  (11) 

 

where NS is the number of simulations and Ii(d) is the indicator function of the event i for a damage 

d. 

 

 

 

                  



 

 

2.5 Computation of initial capacity loss C(td) 

 

Definition of the PF capacity block diagrams allows to compute in a straightforward manner 

the plant capacity according to the instantaneous value of the plant state vector. In fact the CBD 

may be used in a roughly similar manner to that in which a reliability block diagram is used to 

compute the so called Structure Function of a system allowing to assess whether the system is 

operational or not according to the status of its components.  

In this step, SV and CBD are used at first to assess the initial capacity loss, i.e. residual 

capacity C(td) as a percentage of nominal capacity. However, the same procedure can be applied to 

determine the subsequent time history of plant capacity during the recovery period by updating the 

SV according to the unit recovery.  

 
Table 1 - Stage capacity computational models.  

PS with units in series 

(i is the generic i-th unit) 
Cs,f= ∏ δi

i∈S[f,s]
 

PS with multiple identical redundant units 

(i is the generic i-th unit) 
Cs,f= Max {δi}, i∈S[f,s] 

PS with identical multiple series subsystems in parallel (i is the 

generic i-th unit in the j-th parallel branch) 
Cs,f= Maxj {∏ 𝛿𝑖,𝑗

𝑖
} , i,j∈S[f,s] 

PS with capacity fractionated into n equal units in parallel (i is 

the generic i-th unit, n is the number of units located in PS) 
Cs,f= ∑

1

ni∈S[f,s]
δi 

PS with capacity fractionated into n identical subsystems of 

units in series (i is the generic i-th unit in the j-th branch, n is 

the number of subsystems branches allocated in PS) 
Cs,f= ∑

∏ δi,ji

nj∈S[f,s]
 

PS with redundant k out of n equal units (k is the number of 

units that are needed to be operational in order to maintain the 

full capacity of s-th PS of f-th PF, while n is the number of 

units allocated in PS) 

Cs,f= 

{
 

 1 if ∑ δi≥k
i∈S[f,s]

 

0 if ∑ δi<k
i∈S[f,s]

 

 

Having defined sets S[f] and the CBD with the corresponding PS, the definition of sets S[f,s] 

including all equipment used by the f-th process flow at the s-th stage follows. As the PS are in 

series, the normalized capacity of the f-th process flow corresponds to the instantaneous capacity of 

the PS having the lower capacity, which will act as a bottleneck,  

 

  𝐶𝑓 = 𝑀𝑖𝑛{𝐶𝑠,𝑓}                                                                     (12) 

 

 

In Equation (12) Cs,f is the normalized capacity of s-th stage of f-th process flow, and values of 

Cs,f are computed as shown in Table 1 according to the kind of arrangement of the equipment 

included in each stage and the initial value of state variables as indicated by the state vector SV. 

Using formulas of Table 1 the value of Cs,f is computed as a percentage of the nominal PS which, 

unless otherwise specified, is assumed equal to the absolute nominal capacity of the corresponding 

PF. This means that it is assumed that capacity is balanced among process stages, even if this 

                  



constraint can be easily relaxed. In case of total capacity loss within a PS then the overall PF is 

interrupted and total capacity loss of that process follows.  

For process stage configurations different from those listed in Table 1 specific expressions for 

computing stage capacity as a function of state variables should be developed on a case-specific 

basis. Finally, by summing over all PF the partial capacities one computes the overall residual plant 

capacity as: 

 

𝑅𝑐 = ∑ 𝐶𝑓𝑓 𝑂𝑓           (13) 

 

where, Of is the fraction of absolute total plant capacity allocated to the f-th PF.  

 

2.6 Determination of Capacity recovery function C(t) 

 

Equations (12), (13) and formulas of Table 1 allow to update PF and plant capacity as soon as 

each single units is taken back into service by switching its corresponding state variable i from 0 to 

1. Therefore, by keeping track of the status of each equipment during the recovery period, the time 

trend of the recovery function can be determined provided that the date of occurrence of state 

change for each process unit can be estimated. 

This is readily accomplished resorting to the ORAN, as this allows to compute the finish date 

of equipment recovery tasks accounting for all task interdependence. 
 

 

Figure 6 - a) ORAN showing activities with zero duration (dashed arrows) according to a sample 

scenario vector. b) Actual recovery activities network according to selected the scenario vector. 

 

Nevertheless, it should be pointed out that the ORAN is a generic network including all 

possible recovery tasks, and is drawn only once for a given process plant, while the actual recovery 

activities to be carried out depend on the specific equipment to be restored as a consequence on the 

damage as specified by the assumed scenario vector. Changing the SV, the set of equipment to be 

restored changes along with the list of recovery activities to be carried out, thus changing the 

recovery function of the plant. 

Therefore, in order to compute the actual recovery function, after defining SV and computing 

C(td), the specific activity network corresponding to that SV, called the Scenario Network (SN) 

should be generated. It is not necessary to build a specific SN for each SV, as this can be directly 

obtained automatically by the ORAN by setting Tij=0 for all units where i =1 in the chosen SV. As 

an example Figure 6 shows the generation of the SN from the sample ORAN depicted in Figure 3 

assuming for instance that the selected scenario included damage to units 2, 5, 8, while units 1, 3, 4, 

6, 7 and 9 are undamaged, so that the duration of their recovery activities, shown in Figure 6 (a) 

with dashed lines, is set to zero. 

                  



 

 

 

Figure 7 - Sample time trend of capacity recovery according to a given SV. 

 

A schedule for activities completion and equipment recovery can be then computed resorting to 

traditional algorithms for activities network solution as described below. 

In particular, starting from the first node (representing the start of the first activity) and 

proceeding towards the last node (representative of termination of the capacity recovery process) 

for each generic l-th activity the Earliest Start date (ESl) is determined as ESl = Max (EFk) with 

subscript k denoting all preceding activities whose arc terminates in the node from which the l-th 

activity departs. Once (ESk) is computed, the Earliest Finish date (EFk) of the generic k-th activity 

terminating in that node is EFk = ESk + Tk, being Tk the duration of the k-th task (corresponding to 

Tij once a value of i and j has been defined). The ES date for the first activity can be assumed equal 

to td. In this manner an earliest occurrence date for the events represented by all nodes may be 

determined. The EF date of the final activity corresponds to the completion date of the capacity 

recovery process (i.e. value tr), allowing to determine the duration of the recovery period (tr - td). By 

proceeding backwards from the final node to the initial one it is possible to compute the Latest 

Finish date (LFl) for the l-th activity LFl = Min (LSk) once the Latest Start date (LSk) has been 

computed for all k-th activities departing from the node where the l-th activity terminates, being LSk 

= LFk - Tk.  

For each k-th activity the slack SLk = LSk – ESk can be computed. In case SLk = 0 the activity is 

denoted as critical. The set of critical activities determine the critical path, whose duration 

corresponds to the duration of the recovery process. For non-critical activities the completion date is 

conventionally set as the average between the earliest and latest finish dates. A probability density 

function for the critical path duration can be also computed by assuming random activities duration, 

as happens in PERT method, but this is neglected here as for sake of simplicity. The above 

mentioned procedure is the same as the one in used in project management practice, known as 

PERT/CPM Technique [83].   

                  



The recovery date for each i-th damaged equipment, denoted TCRi, is set equal to the completion 

date of the final recovery task related to that equipment. This allows to create a list of recovery 

dates for all damaged equipment, ordered for increasing TCRi values. In order to compute the time 

trend of capacity recovery, at each time value t = TCRi, the corresponding equipment state variable is 

set back to i =1, the State Vector is updated, the PF capacity is updated through Eq. (12), and plant 

residual capacity is updated through Eq. (13). A graphical depiction of this procedure is shown in 

Figure 7. 

 

2.7 Determination of economic loss 

 

Economic loss (EL = ER + BI) caused by natural event includes the equipment reconstruction 

cost (ER), i.e. the sum of the cost to perform all recovery activities related to the damaged units, and 

the business interruption cost (BI) associated to lost production and quantified as the lost 

contribution margin of the affected process flows. The latter is to be computed separately for each 

PF and summed over all PF. No fatality cost is included in this model. ER and BI are computed as 

follows 

 

ER= ∑ ∑ δi RCijji  (14) 

 

BI= ∑ ∑ (pf - Cvuf)zf [Cnf - Cf(t)]∆tz (15) 

 

In Eq. (14) the term RCij is the cost of j-th restoration task required to recover functional status 

of the i-th equipment, and i corresponds to the initial value included in the scenario vector, while in 

Eq. (15) Cf(t) is the capacity of f-th process flow at time t, Cnf the nominal production output of the 

f-th process flow, Cvuf the variable unit production cost of the f-th process flow, pf the unit selling 

price of the f-th process flow, and tz the duration of the z-th time interval between functional 

recovery of two successive units.  

In Eq. (14), summation over z allows to compute the BI cost over the entire duration of the 

capacity recovery period while keeping track of partial capacity recovery and the corresponding 

reduction of lost contribution margin as the production output is gradually restored.  

The proposed model is implemented in Matlab and the entire algorithm is summarized in 

Figure 8. The algorithm is shown for the case of Na-Tech seismic event, but it can be used for any 

Na-Tech event, the only change will be in defining the damage scenario vector which is an input for 

resilience calculations. 

 

                  



 

Figure 8 - Resilience computation algorithm in case of seismic Na-Tech event. 

 

The above model can be used to determine the capacity recovery curve and economic losses for 

any predefined specific scenario. Otherwise the analysis can be repeated for multiple scenarios. 

Each damage scenario will be characterized by its distinct initial capacity loss and residual capacity 

C(td), duration of recovery period (tr-td), ER and BI values, and a corresponding probability of 

occurrence. A complete probabilistic analysis requires to analyze all possible damage scenarios, i.e. 

Scenario Vectors (SV) and seismic events. This requires generation of random scenarios or 

systematic enumeration of possible credible scenarios (i.e. possible values of SV vectors) as 

discussed in Section 4.2, the resilience assessment being carried out separately for each SV and 

each intensity level of the natural event according to the site hazard curve. A threshold value PTHS 

can be assigned to the scenario probability of occurrence or to the equipment failure probability, so 

that only equipment and scenarios having a probability greater than the cut-off threshold are 

evaluated. When multiple scenarios are analyzed, considering the probability of occurrence of each 

one, the corresponding capacity recovery histories can be generated and the probability distribution 

of all variables of interest describing plant resilience can be obtained, as shown schematically in 

Figure 9. 

 

 

Figure 9 - Conceptual scheme of probabilistic resilience analysis. 

 

                  



3. APPLICATION TO NA-TECH EVENTS: EARTHQUAKE LOADING SCENARIO 

In this section the proposed methodology is applied to a specific case study, the nitric acid plant 

described in Ray and Johnston [97], properly modified to include more complex conditions. After a 

brief description of the plant, the most frequent seismic damage scenarios are evaluated by using the 

methodology proposed by [8]. Finally, the resilience calculation and the business interruption 

evaluation for the analyzed example are described and commented, showing the full potentiality of 

method.  

 

 

 

Figure 10 - Plant Plan View. 

3.1 Description of case study 

 

A nitric acid plant, with a plant view as shown in Figure 10, is selected as a case study for 

resilience calculation. Plant contains 32 equipment and 7 groups of pipes which make a total of 39 

elements to be considered in calculation as per Table 2. The major equipment are ammonia storage 

tanks, ammonia vaporizer, ammonia filter, ammonia super-heater, two-stage air compressor, mixer, 

reactors, steam super-heater, waste-heat boiler, tail gas pre-heater, cooler/condenser, oxidation 

vessel, secondary cooler, liquid vapor separator, tail gas warmer, refrigeration unit, absorption 

column, pumps, bleaching columns, nitric steel storage tanks, electric unit and piping systems. 

 

 

Figure 11 - Process Flow Diagram of nitric acid plant. 
 

The plant has two Process Flows (PF), with 60% of total plant capacity allocated in PF1 and 

40% of total plant capacity allocated in PF2. PF1 delivers 195 t/d of nitric acid (60% concentration), 

while PF2 delivers 130 t/d of nitric acid (40% concentration), based on 8000 hours of operation per 

year. The simplified process flow diagram of the plant is shown in Figure 11. Two sets of equipment 

are identified, S[1]={E-1, E-2, E-3, E-4, E-5, E-6, E-7, E-8, E-9, E-10, E-11, E-12, E-13, E-14, E-

15, E-16, E-17, E-18, E-19, E-20, E-21, E-25, E-26, E-27, E-28, E-29, E-30, E-31, E-32, E-33, E-

                  



34, E-35, E-36, E-37, E-38} and S[2]={ E-1, E-2, E-3, E-4, E-5, E-6, E-7, E-8, E-9, E-10, E-11, E-

12, E-13, E-14, E-15, E-16, E-22, E-23, E-24, E-25, E-26, E-30, E-31, E-32, E-33, E-34, E-35, E-

36, E-37, E-39}. 

Purchase cost of equipment are indicated in Table 2 based on the work of Ray and Johnston 

[97], which refers to 1986. In order to calculate current cost of equipment the Chemical Engineering 

Plant Cost Index (CEPCI) [98] is used. The base index is 100 corresponding to 1957-59, while in 

1986 it was 318.4 [99]. Consequently, the current cost of equipment’s is calculated by using the 

index of 2018, which increased, from 1989, of around 88 % [98]. Accounting for the September 

2018 exchange ratio of A$ to Euro (0.62), the current replacement costs of each equipment are 

indicated in Table 2.  

Each PF is presented by 3 Capacity Block Diagrams (CBD), one with elements in series and 

two with capacity fractionated into 2 equal units in parallel, as shown in Figure 12. The piping 

systems are assembled in 7 groups and considered as elements in series, as the failure of one of 

them would interrupt the flow of the corresponding PS’s. 
 

 

Figure 12 - Capacity Block Diagrams of Nitric Plant PFs. 
 

Table 2 - Equipment replacement cost and seismic fragility parameters. 

Eq. Label Process Equipment 
Replacement cost 

(€) 

PGAm 

(g) 
β 

Damage 

state 
Reference 

E-1 Ammonia storage vessel               646,000    0.54 0.46 PL2  Horizontal Vessel [*] 

E-2 Ammonia storage vessel               646,000    0.54 0.46 PL2  Horizontal Vessel [*] 

E-3 Ammonia Vaporizer                 70,000    0.54 0.46 PL2  Horizontal Vessel [*] 

E-4 Filter                 30,000    1.00 0.60 DS3  Mechanical Equipment [**] 

E-5 Ammonia Superheater                 34,000    0.54 0.46 PL2  Horizontal Vessel [*] 

E-6 Mixer                 30,000    1.00 0.60 DS3  Mechanical Equipment [**] 

E-7 1-st Stage Air Compressor           1,458,000    0.77 0.65 DS4  Compressor Station [**] 

E-8 Compressor intercooler                 61,000    0.54 0.46 DS4  Horizontal Vessel [*] 

E-9 2-nd Stage Air Compressor           2,722,000    0.77 0.65 DS4  Compressor Station [**] 

E-10 Reactor               139,000    0.51 0.45 PL2  Vertical Vessel CL1 [*] 

E-11 Reactor               139,000    0.51 0.45 PL2  Vertical Vessel CL1 [*] 

E-12 Steam Super-Heater                 74,000    0.54 0.46 PL2  Horizontal Vessel [*] 

E-13 Waste Heat Boiler                 86,000    0.54 0.46 PL2  Horizontal Vessel [*] 

E-14 Tail Gas Pre-heater                 72,000    0.54 0.46 PL2  Horizontal Vessel [*] 

E-15 Cooler/Condenser               186,000    0.54 0.46 PL2  Vertical Vessel CL1 [*] 

E-16 Oxidation Vessel               101,000    0.59 0.41 PL2  Vertical Vessel CL2 [*] 

E-17 Secondary Cooler               250,000    0.54 0.46 PL2  Horizontal Vessel [*] 

E-18 Absorption Column           2,261,000    0.67 0.37 PL2  Extrapolation [*] 

E-19 Acid Pump                 10,000    1.60 0.60 DS4  Horizontal Pump [**] 

E-20 Bleaching Column                 74,000    0.59 0.41 PL2  Vertical Vessel CL2 [*] 

E-21 Nitric Acid (60%) Tank           1,160,000    0.68 0.75 DS4  Unanchored Tank [**] 

E-22 Acid Pump                 10,000    1.60 0.60 DS4  Horizontal Pump [**] 

                  



E-23 Bleaching Column                 74,000    0.59 0.41 PL2  Vertical Vessel CL2 [*] 

E-24 Nitric Acid (40%) Tank               696,000    0.68 0.75 DS4  Unanchored Tank [**] 

E-25 Liquid Vapor Separator                 70,000    0.54 0.46 PL2  Horizontal Vessel [*] 

E-26 Tail Gas Warmer               124,000    0.54 0.46 PL2  Horizontal Vessel [*] 

E-27 Refrigeration Unit               164,000    1.00 0.60 DS3  Mechanical Equipment [**] 

E-28 Water pump                    3,000    1.25 0.60 DS4  Vertical Pump [**] 

E-29 Water pump                    3,000    1.25 0.60 DS4  Vertical Pump [**] 

E-30 Water pump                    3,000    1.25 0.60 DS4  Vertical Pump [**] 

E-31 Water pump                    3,000    1.25 0.60 DS4  Vertical Pump [**] 

E-32 Electric Unit               811,000    1.00 0.80 DS3  Electric Power [**] 

E-33 Ammonia Pipeline               541,000    1.00 0.60 DS5 Elevated Pipes [**] 

E-34 Air Pipeline               541,000    1.00 0.60 DS5 Elevated Pipes [**] 

E-35 Reaction Gas Pipeline               541,000    1.00 0.60 DS5 Elevated Pipes [**] 

E-36 Steam Pipeline               541,000    1.00 0.60 DS5 Elevated Pipes [**] 

E-37 Cooling System Pipeline                 55,000    1.00 0.60 DS5 Elevated Pipes [**] 

E-38 PF1 Acid Pipeline               541,000    1.00 0.60 DS5 Elevated Pipes [**] 

E-39 PF2 Acid Pipeline               541,000    1.00 0.60 DS5 Elevated Pipes [**] 

(PEC, 2017 [87]) 
[*]

, (Hazus MH 2.1 [88]) 
[**]

 

 

The total variable unit production cost of 1 t of 100 % nitric acid in 1986 was 97.07 A$, which 

corresponds to 59.30 A$ (36.8 €) for 1 t of 60 % nitric acid and 38.8 A$ (24.0 €) for 1 t of 40 % 

nitric acid [97]. Taking into account inflation, a variable unit production cost of 60 €/t and 40 €/t 

will be adopted respectively. The selling price of 100 % nitric acid in the world market in 1986 

varied between 339 and 487 A$/t [97]. For our purpose, a value of 400 €/t, including inflation will 

be considered, which corresponds to a price of 240 €/t and 160 €/t for 60 % and 40 % nitric acid, 

respectively. The recovery times of equipment for any damage scenario are based on ORAN of 

plant as described in Section 3.3 and it has been implemented in Matlab environment. We assume 

that there is no limitation in working force, so repairing of all equipment’s will start after finishing 

the pre-work activities: emergency response; access clearing; site cleaning and remediation, damage 

survey and recovery planning as shown in Figure 4.  

 

3.2 Evaluation of the seismic damage scenarios 

 

The nitric acid plant is supposed to be fictitiously placed in one of the most seismically active 

zones in Sicily (Italy), just closed to Priolo Gargallo city, and characterized by a soil type B.  

In this case study the most probable damage scenarios will be defined using risk analysis as 

presented in section 3.4.2.2. The parameters for evaluation of the fragility curves are specified in 

Table 2, where the median value of ground motion PGAm and the lognormal standard deviation β 

for each group of process equipment are selected from literature [87, 88] considering the units 

affected by an extensive damage.   

The results of the probabilistic seismic analysis of the nitric acid plant are obtained with 

PRIAMUS software [100], a software developed in Matlab® environment that include the 

procedure previously depicted.  

  

                  



Table 3 - Initial seismic damage scenario probability. 

# Seismic damage scenario (damaged units) 
Annual 

Probability 

0 None 0.999 

1 E-21 E-24 1.39e-06 

2 E-32 9.05e-07 

3 E-24 3.22e-07 

4 E-21 2.63e-07 

5 E-7  E-9 1.90e-07 

6 E-10 E-11 9.93e-08 

7 E-1 E-2 E-3 E-5 E-8 E-12 E-13 E-14 E-15 E-17 E-25 E-26 7.29e-08 

8 E-9 7.05e-08 

9 E-10 6.37e-08 

10 E-11 4.77e-08 

11 E-7 4.08e-08 

12 E-1 E-2 E-5 E-12 E-25 2.71e-08 

13 E-4 E-6 E-27 E-33 E-34 E-35  E-36 E-37 E-38 E-39 2.68e-08 

14 E-16 E-20 E-23 2.02e-08 

15 E-21 E-24 E-32 1.64e-08 

16 E-2 E-3 E-5 E-8 E-13 E-14 E-15 E-17 E-25 E-26 1.55e-08 

17 E-16 1.52e-08 

18 E-24 E-32 1.35e-08 

19 E-10 E-11 E-32 1.34e-08 

 

 

Table 3 lists the most likely initial seismic damage scenarios along with the relevant annual 

probability of occurrence. It can be noticed that a seismic scenario with all undamaged equipment 

entails the higher probability of occurrence (0.999). A probability of 1.39 E-06, is associated to the 

contemporarily damaging of the tanks E-21 and E-24; these units represent the most vulnerable 

ones. In decreasing order, in fact, the damage of electric unit E-32 occurs with a probability of 

9.05e-07. Scenarios with more than two damaged equipment are also possible; for example, the 

contemporarily damaging of the units E-1, E-2, E-3, E-5, E-8, E-12, E-13, E-14, E-15, E-17, E-25 

and E-26 corresponds to a very low probability of occurrence of 7.29 E-0.8. 

For completeness, Figure 13 shows for each equipment the individual annual probability of 

being seismically damaged. It can be noticed that according to the previous results, the tanks E-21 

and E-24 are the equipment with the highest probability of damage ~1.80 e-06. This is not 

surprising, being storage tanks one of the most vulnerable elements of a plant [1, 94]. 

 

 

                  



 

Figure 13 - Mean annual frequency of the seismic damage for the single equipment. 

 

3.3 Resilience and business economic losses evaluation 

 

In this section the resilience calculation for the single component and the influence of the 

seismic damage scenarios on resilience is presented. At this purpose a control time th=180 d, equal 

to the maximum duration of reconstruction of plant when all elements are damaged, is used in order 

to calculate the resilience of all units, which is based on Eq.(2), and shown in Figure 14. Acid pump 

of PF2 (E-23) is the most resilient element (91.3 %) while 60 % nitric acid storage tank (E-21) is 

the least resilient element (40 %). In addition, E-7, E-9 and E-32 are rather low resilient elements 

(less than 50 %); this is related both to a high recovery time and because they are elements in series 

used by both PFs.   
 

 
Figure 14 - Resilience of the single equipment. 

Figure 15 shows the economic losses in case a single equipment is damaged. It can be noticed 

that the least resilient equipment (R=40 %), nitric acid 60 % storage tank (E-21) of PF1 (Figure 14), 

is the one which cause the biggest Business Interruption Loss as due to its longest time to be 

repaired, which is about 6.3 million euros, against a total economic loss of 7.4 million euros. The 

most resilient equipment, (R=91%), is the acid pump of PF2 (E-22), which has the smallest 

Business Interruption Losses (0.6 million euros) and a total loss of 0.62 million euros. The biggest 

economic loss is instead evidently caused by the failing of second stage compressor (E-9), which 

would cost the plant owner around 7.9 million euros. 

The above information is very useful for plant owners, decision makers, facility planners, 

emergency managers and insurance companies. In particular, plant owners and decision makers can 

be guided in identifying the most critical equipment (e.g. the E-21) and proper mitigation strategies. 

Information about low-resilient equipment can also be useful to improve emergency or recovery 

plans. In addition, information about economic losses and business interruption effects can also be 

of interest for insurance companies. 
 

                  



 

Figure 15 - Business economic losses in case of single element damaged. 

 

Figure 16, shows the mean annual frequency of the most probable seismic damaged scenarios, 

while Figure 17 shows the related economic losses. It is clear from the figure that the business 

interruption plays the most important role, with about 80 % of EL. By checking both Figure 16 and 

Figure 17, it can be noticed that scenario #15, even though generates the biggest EL, equal to 11.6 

million euros, the corresponding seismic damage mean annual frequency is rather small, while 

scenario #1 has economic losses of 10.8 million euros with the highest annual frequency. Therefore, 

it is important in this case to pay particular attention to damage scenario 1 and 2 in order to improve 

the seismic emergency plan of the nitric plant. 

  

 

Figure 16 - Mean annual frequency of the most probable seismic damage scenarios. 

 

 

Figure 17 - Economic losses for seismic damage scenarios. 
 

Figure 18 shows the recovery functions for the seismic damaged scenario #1 and #3 

respectively. In scenario #1, E-21 and E-24 are damaged so the operational capacity at td drops to 0. 

The first recovery in operational capacity occurs at a time tc=TCR24=170 d, time when E-24 is 

reconstructed and plant capacity increases to 40 % as the PF2 is back functional state. The total 

                  



recovery time for this scenario corresponds to a time tr=TCR21=180 d, time when E-21 is 

reconstructed and the plant operates with full capacity. This scenario has a resilience loss of 97.2 % 

which means it is very low resilient (R=2.8 %). This two equipment, E-21 and E-24 are very crucial 

for plant. In scenario 3, E-24 fails, so PF2 shuts down and plant capacity drops to 60 %. The full 

recovery time for this scenario is tr=TCR24=170 d leading to a resilience loss of 37.6 %. Seismic 

damage scenario #1 is the worst one as it has the biggest probability of occurrence and a very low 

resilience (R=2.8 %) so intervention need to be made to reduce the probability of failure or to 

increase it resilience.  

 

 

Figure 18 – Operational Capacity curve for most probable damage scenario: (a) scenario #1; (b) 

scenario #3. 

 

It is important to know that the biggest economic losses are related to BI in order to set 

priorities in seismic emergency planning and to search different possible solutions to reduce these 

losses, such as adding more redundant units or proposing faster recovery strategies. 

 

 

4. CONCLUSIONS 

In this paper a novel methodology to estimate process plants resilience is proposed. The method, 

which is based on actual plant architecture, provides, for given damage scenarios, an estimate of the 

economic losses and business interruption costs, along with the time length of the capacity recovery 

phase. The proposed approach can incorporate either deterministic or probabilistic damage 

scenarios, representing a useful making decision tool for plant owners, facility planners and 

emergency managers in the process industry, in case of pure technological or Na-Tech events. In 

this respect, it contributes to fill the gap in the resilience calculation of process plants that during the 

last years seems to have not received the due attention.  

Economic calculations, such as equipment reconstruction cost (direct losses) and business 

interruption (indirect losses) are integrated in methodology which can be useful even for insurance 

companies. 

Concepts like Capacity Block Diagrams and Overall Reconstruction Activities Network, have 

been profitably used to determine the capacity loss and the recovery function of a process plant, 

which in turn allow to quantify direct (reconstruction costs) and indirect (business interruption) 

economic losses. The application of the method to a Nitric Acid plant in case of a seismic event, 

showed its usefulness and full potentiality.  

Even though, domino scenarios have not considered and thus only units directly damaged by the 

earthquake have been considered, the method allowed to quantify for each scenario vector the 

indirect and direct costs loss, identifying the most critical components both under seismic and 

                  



resilience point of view. In particular, the storage tanks of Nitric Acid (E-21) represents the most 

vulnerable element with the lowest resilience (40 %) and the highest mean annual frequency of 

occurrence of damage (1.39E-06). Moreover, this is the unit which corresponds to a particularly 

high BI (> 6 million €). The electric station (E-32) is equally critical even though with a higher 

resilience (50 %) and lower BI (< 5 million €). The seismic scenarios in which they are involved are 

#1, #2 and #3, where scenario #1 corresponds to the highest BI losses along with scenario #15. 

However, the mean annual frequency of occurrence of this latter rather low (< 1E-08) and thus can 

be considered negligible. It is important that decision makers and emergency planners consider 

seismic damage scenarios #1, #2 and #3 and to decide whether any actions are needed to be 

performed in order to reduce the seismic risk or to increase resilience. 

The proposed method has been formulated under the hypothesis that a damaged component 

would be entirely reconstructed after being damaged. Moreover, the recovery capacity and time 

have been considered as deterministic. The extension to full probabilistic formulation and 

consideration of more damage limit states, will be the object of further studies.  

To the best of the authors’ knowledge, this is the first attempt to rationalize and quantify the 

concept of resilience for industry activities and in particular for process plants, which represents one 

of the most diffused and vulnerable type of plants, especially against Na-Tech events.  
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