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Abstract

The most common model for engineers to explain, measure and quantify resilience is a system performance curve that
tracks system function over time in response to a failure event (also frequently called a resilience triangle, resilience curve,
or rebound curve among others). While it is well recognized that resilience is more than just recovery from stress or func-
tioning under pressure, the curve remains highly used. By discussing five cases using a generic flow-shop infrastructure
example, this work highlights what may be overlooked when focusing solely on performance. The findings demonstrate
that while there are benefits and some comparative strengths, a more nuanced understanding of the system performance
curve is necessary, as many design and operational factors might be easily misinterpreted or missed.

1 Introduction

Resilience is broadly understood as the ability of a system to
respond to change and plays a key role in the management of
critical infrastructure systems. Still, its clear definition and
application for infrastructure management remains elusive.
This is partly because the term resilience is very popular
across research streams (Woods 2015) and often acts as an
“umbrella term” (McCubbin 2001) comprising many differ-
ent infrastructure system capacities or dimensions (Mentges
et al. 2023). Some authors emphasize the ability to recover
(e.g. Teodorescu 2015), some the ability to absorb (e.g.
Vugrin et al. 2011), some the ability to learn (e.g. Norris et
al. 2008). It has been also interpreted as the envelope of four
abilities, i.e. monitoring, learning, responding, anticipating
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(Hollnagel 2018). Yet, resilience is often defined via dif-
ferent phases in infrastructure failure and disaster manage-
ment, including the preparation, absorption, recovery, and
adaptation to unforeseen events (Cutter et al. 2013; Klimek
et al. 2019).

More formally, Woods (2015) outlines at least four dif-
fering perspectives on resilience, including concepts of
graceful extensibility for systems to stretch capacities and
sustained adaptability to adapt over long time scales, both of
which are rarely considered in infrastructure settings (Shar-
key et al. 2021).

Despite all these nuanced definitions, one very common
approach to describe and assess resilience is a curve which
tracks infrastructure system performance over time. We
refer to this as a system performance curve, but it goes by
many names in the literature, including the resilience trian-
gle (Bruneau et al. 2003), resilience curve (Poulin and Kane
2021), and rebound curve (Eisenberg et al. 2025) among
others. The primary use of the system performance curve
is to describe, measure, and compare system response and
recovery to stress (see for a review: Poulin and Kane 2021).
The curve aligns well with resilience definitions based on
the four phases of disaster response, including prepara-
tion, absorption, recovery, and adaptation (see Mentges et
al. 2023; Fig. 1). Accordingly, the curve is often used to
communicate and define what resilience is via these phases,
further simplifying the explanation of related concepts such
as robustness, vulnerability, and rapidity of recovery.
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Researchers also use the system performance curve to
quantify resilience (see Yodo and Wang (2016) for an over-
view). Indeed the original work introducing the curve (Bru-
neau et al. 2003) did so in order to quantify resilience of
infrastructure. Today it is used across application domains
by measuring the difference between system function with
and without disruptions, most often as also proposed by
Bruneau et al. as the area under the curve (Hosseini et al.
2016). In this view, more resilient systems will suffer less
performance loss and/or recover more quickly, producing
a smaller difference in the area under the curve, while less
resilient systems will suffer greater performance loss and/or
take longer to recover. This measure then facilitates com-
parisons between systems responding to adverse events or
between potential system designs or alternative investment
decisions. Some researchers even use the curve to disaggre-
gate the concepts of risk and resilience (Aven 2022; Linkov
et al. 2014), as risk analysis measures the probability of fail-
ure and resilience is related to its change in function.

However, the efficacy of the performance curve as model
and measure of resilience has been recently challenged.
Eisenberg et al. (2025) outline shortcomings of the curve
which stem from fundamental issues with its theoretical and
practical application for infrastructure and community sys-
tems. Critiques span each element of the curve, including
its representation of system function (vertical axis), time
(horizontal axis), dynamics (the curve itself), and associated
decisions (based on metrics like the area under the curve).
Ultimately, the authors argue that results derived from the
performance curve lack explanatory power for why some
infrastructure systems are resilient and others are not, which
makes it a flawed model.

Still, Eisenberg et al. (2025) only provide a conceptual,
qualitative argument for the curve’s shortcomings based
on past studies and review, and do not provide quantita-
tive models or case studies that demonstrate the reported
limitations.

This work addresses this gap by showing issues with the
performance curve and associated resilience measures via a
quantitative model. We develop a model that produces per-
formance curves similar to those found across the literature.
We then study a series of relevant case studies for infrastruc-
ture systems. Our results are mixed, showing some positive
and negative elements of the model. Results demonstrate:

o A measure of resilience as the difference in loss pro-
duced by a system performance curve does provide
some comparative power when recovery dynamics are
stable and reach intended performance goals. However,
recommendations may be idiosyncratic to the mathe-
matical model. For example, our work demonstrates that
common resilience metrics preference early recovery
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(even if slow) over faster recovery that may take longer
to initiate.

e The curve does provide a way to compare recovery dy-
namics given differences in system structure and infor-
mation flows, where poor choice of sensing produces
worse outcomes.

We also find the following issues with performance curve
models:

e The preference for early recovery may be idiosyncratic
to our choice of failure and recovery dynamics, such
that different performance curve models may recom-
mend the opposite.

e Measuring resilience using a performance curve does
not make sense when recovery dynamics are not well-
behaved. For example, many systems surge or over-
shoot performance goals that confuse calculation and
interpretation of most resilience measures based on per-
formance curves.

e Measuring resilience for the final use of a critical ser-
vice also hides relevant dynamics and decisions made
up-stream by interdependent subsystems (e.g., service
production and distribution.

Overall, we conclude that the benefits of performance curve
are highly sensitive to its use. When used as an aggregate
measure (as discussed, for example, in Ayyub 2015; Linkov
and Trump 2019), sub-system performance dynamics and
causal events that may inform resilience are hidden and limit
its efficacy. Moreover, dynamic slack resources that provide
complementary forms of resilience confound performance
curves as metric. Hence, our quantitative results corrobo-
rate the qualitative argument by Eisenberg et al. (2025):
the system performance curve may appear as an effective
quantitative representation of system resilience but tends
to fall short of offering a comprehensive tool for improving
systems. At minimum, the performance curve must be aug-
mented with additional information to be useful, either at a
multi-scale level that includes system and sub-system per-
formance or via the tracking of entirely different resources
and capabilities.

In the worst case, the performance curve hides and does
not help address the root causes of system vulnerability or
provide pathways for adaptation. Resilience, in its real-
world application, requires a dynamic and iterative process,
involving learning, foresight, and adaptation to changing
conditions. The curve, by focusing primarily on the idea of
a system returning to its previous state, neglects the need for
systems to evolve and transform in response to ongoing chal-
lenges or to build long-term adaptive capacity. As a result,
the curve inadvertently limits the scope of interventions.
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2 Background and methods

Infrastructure system performance curves which were origi-
nally described in a phenomenological manner without a
mathematical description. Thierney and Bruneau (2007)
suggested the simplifying assumption that the performance
drop can be approximated by a triangular-shaped curve (the
“resilience triangle™) that is defined by the performance
minimum, the beginning of the disruption and the end of
the performance loss. Numerous rebound-based measures
of performance change and resilience were derived from
this original description. Many of these measures remain
phenomenological, focusing on observed or estimated sys-
tem performance rather than on mathematical, equation-
based models capable of estimating and predicting rebound
dynamics (Poulin and Kane 2021).

More recent efforts produce system performance curves
using mathematical expressions that split the curve into a
disruption and a recovery phase for resilience quantification
and analysis. For example, Sharma et al. (2018) discussed
which function fits best for the description of the recovery
phase. Cimellaro et al. (2010) analyzed different mathemati-
cal approaches such as linear, trigonometric and exponen-
tial expressions and conclude that the type of the function
depends on the system and society preparedness response.
Recent works that try to describe the resilience performance
curve using mathematical descriptions are Demmer et al.
(2022) and Stolz et al. (2024). However, most performance
curve models remain generic, rather than fit to data (e.g.,
historical events), suggesting there is no consensus on which
mathematical model best captures infrastructure dynamics,
and any model is equally good.

2.1 A system performance curve model

In this work, we use a chain of PT,-elements (n-th order
plus dead time) to model an infrastructure during a distur-
bance. These linear time-invariant (LTI) systems consist of
a gain factor that scales the input signal (P), and a series
of n first-order time delay elements (T), each introducing
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Fig. 1 Input step function and system reaction with various PT
reactions

a certain inertia or lag in the system response. The con-
cept of PT reactions is rooted in the fundamental principles
of control theory and system dynamics. When describing
a system as LTI, this means that the output depends only
on its current input and internal state variables without any
memory of past inputs or outputs. For example, a first-order
lag system like PT, responds to a step change in input with
an exponential rise time, reaches 63.2% (or 1/e) of its final
value within one time constant ( 7) and decays exponen-
tially back to zero after the step is reverted.

The transfer function of a PT, system (also known as first
order system) is represented mathematically via Eq. (1) and
PT, via Eq. (2) where G (s) is the transfer function, K is the
gain or proportionality constant, T represents the time delay
or time constant, s is the complex frequency and D is the
damping factor.

G(s) = Tsli- 1 M
K
GO = Ty apTs 71 @

As already mentioned, the PT, system’s response to a step
input is characterized by an exponential rise or decay. The
PT,, response, that is a series connection of multiple PT,
elements, approaches a logistic behavior. The delay is influ-
enced by the damping factor D (see Fig. 1).

PT elements are often used in control theory to model any
kind of delayed processes. The step function describes the
presence of a disturbance and following that a PT element
could be used to describe the delayed system response. If
resilience is understood as a dampening factor to some dis-
turbance, it is suitable to model it using a PT element, view-
ing the disturbance as a step function that initiates a decline
in system performance. Indeed, the resulting performance
curve from a PT-model has the shape of a S described in
resilience theory. The PT-model can produce diverse fail-
ure and recovery dynamics that may be idiosyncratic to the
system under analysis. For our example PT reactions give
enough flexibility to model a resilience scenario.

Additionally, this approach respects the linkage between
the intensity of a disturbance and the intensity of its effects.
The maximum performance loss, sometimes called vulner-
ability (Héring et al. 2016), is defined by the gain K. Hence,
the loss of resilience, cf. Equation (3), depends on the inten-
sity of the disturbance.

The decay and recovery in performance occur in Fig. 2
with the same function. However, in most real cases, the
decay happens much faster than the repair process. While the
breakdown occurs quickly and may be best modelled with
using a PT; reaction, repairing such complex equipment
takes considerably longer. This may be better expressed
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Fig. 2 Arbitrary resilience process modelled using various PT reac-
tions to a sudden disturbance. The gain parameter K is 1 for every
reaction depicted here

with a higher order like PT¢ or a higher damping factor D
. Therefore, the system reaction should be modelled with
respect to the direction.

Another use of PT behavior is the activation of a backup
system, as redundancy and slacks can help increasing resil-
ience (Jackson and Ferris 2013). When the main system col-
lapses, the overall system performance depends on how fast
the backup can be activated. In that case the down-time is
only depended on the time the backup is activated and the
time it takes to activate the system.

The objective here is not to construct a model that
achieves realism by replicating the full complexity of real-
world infrastructure networks. Rather, by using a well-
understood, relatively tractable model class, which offer
reasonable flexibility to cover various systemic operating
scenarios, we demonstrate that the rebound curve and its
associated resilience metrics may fall short even under
favorable circumstances.

The significance of this exercise lies in demonstrat-
ing that even within this controlled setting, the theoretical
framework produces dynamics that fundamentally con-
found its intended application. If such shortcomings emerge
under these simplified conditions, it necessarily follows that
more complex, nonlinear, and human-influenced real-world
systems would expose them with even greater intensity,
with yet more opaque and dangerous effects.

2.2 Resilience quantification

In addition to the mathematical model required for the
generation of a performance curve, it is necessary to have
a resilience measure for quantitative comparison of fail-
ure dynamics and system design. One of the first and most
popular ways to quantify resilience was proposed by Bru-
neau et al. (2003). It uses the performance (or quality) Q (¢)
to describe the loss of performance between t, and ¢; and
calls it resilience loss:
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ience allow us to determine whether the performance curve
is an effective way to assess the resilience of a system. We
can define situations when the curve “works as intended”
and provides informative comparisons among system oper-
ations and designs, or when it “fails” by obfuscating infor-
mation that is relevant for operational and design decisions.
Specifically, the curve works as intended when three key
conditions are met:

i. Recovery dynamics are monotonic and return to a well-
defined target state.

ii. The system exhibits a simple, single-path structure
without dynamic slack or conditional switching.

iii. Performance is measured at the relevant level of
resolution.

In contrast, the model does not work and fails if:

i. It does not model recovery dynamics effectively.

ii. There is complex behavior that confuses results when
dynamic slack or switching activities are introduced.

iii. Performance measured via Eq. (3) does not inform
resilience or hides relevant operational and design
information.

We demonstrate resilience loss and quantification with
Eq. (3) “works as intended” given our model of generic
infrastructure system and an outage of one subsystem.
The infrastructure is modelled using various PT behav-
iors, which is commonly used to describe delayed systems
(Lunze 1992). The resilience performance curve needs a
target level (Ayyub 2014), mostly (e.g. Bruneau et al. 2003;
Cimellaro et al. 2010) considered as 100% performance
level (see Fig. 3). At some point the infrastructur fails which
results in a performance drop, and later it is repaired so that
the performance resumes at the target level.

At such a simple level, the resilience performance curve
fulfils its needs. We see that the performance decreases and
raises after a disruption. If we consider a single system, this
chart shows when the output decreases and it is possible to
repair or replace it. This is very straightforward and is, inde-
pendently of resilience, common practice for decades. Addi-
tionally, this presents only the overall output. Therefore, it
is still to check which one of the subsystems failed. As long
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Fig. 3 Performance chart of an infrastructure. Whenever a failure
occurs, the output drops slowly to zero. After repairs are completed,
production gradually resumes until it reaches its previous performance
level. The area between the curve and the target level marks the loss
of resilience (RL)
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Fig.4 The considered Cases. (A): Two-stage flow-shop. The failure of
the first element simply cascades to the second and third. (B): Again,
a two-stage flow-shop. Now Subsystem la works in parallel to Sub-
system 1b, the output is summed up and equally distributed to the fol-
lowing Subsystem 2. (C): Subsystem 1b is activated and used only if
Subsystem 2’s output (Q,) is below 90%. (D): Similar configuration
as in (C), but the output is measured at Subsystem 1. (E): Same con-
figuration as in D, but Subsystem 2 is now further decomposed into
Sub-Subsystems

as the system is not too large, investigable and not a “black
box” this might be manageable, but it would be favorable
to have this chart for every subsystem instead of the whole
infrastructure, so that it is easier to locate the failure.

3 Case studies

We consider five cases of infrastructure failure and recovery
with a generic two-stage flow-shop layout (see Fig. 4) via
our PT system performance curve model. The selected flow-
shop layout, purposefully simple, involves series or parallel
subsystems with dependent inputs and outputs.

Many critical infrastructure systems can be modelled this
way, including delivery of energy products, critical chemi-
cals production, healthcare treatments, Oil and Gas plants,
and government services. A flow-shop model can also rep-
resent large-scale, time delayed assets working to provide
a single integrated service, such as dam and waterway
management. Although the case studies are intended to be
broadly applicable, we illustrate them as a water-treatment
plant to improve readability.

The benefit of adopting a flow-shop layout is to show
the interplay between overall system resilience with subsys-
tem performance, dynamics, and resilience metrics. In our
setup, the output of every subsystem ( n) is measured using
its performance quality Q,,, which can be considered a dif-
ferent critical service necessary for meeting a final demand.
Hence, the output of Subsystem 2 ( Q,) is equivalent to the
overall system output representing final supply-demand
matching. In many studies, only Subsystem 2 would be pre-
sented for assessing system resilience. We develop five case
studies that highlight different aspects that this narrow view
on Q, fails to capture. The four cases are as follows (Fig. 4).

In Case A) the failure of the first subsystem cascades
directly to the subsequent stages, disrupting the entire flow.
This is comparable to failure at a single water treatment
plant, where the downstream distribution network loses
supply with a delay as storage tanks drain. After repairs,
pressure restores gradually.

In Case B), two subsystems (Subsystem la and Subsys-
tem 1b) work in parallel at the beginning, with their com-
bined output being distributed evenly to the next stage. This
parallel structure enhances flexibility and throughput. This
is similar to two treatment plants which supply the network
in parallel. One fails, but the other keeps running, so end
users see a reduced but not collapsed supply.

In Case C), Subsystem 1b only comes into play if Sub-
system 2’s output falls below a certain threshold. This
changes Subsystem 1b to act as a backup system providing
dynamic slack to critical services and ensures that resources
are used efficiently while maintaining a continuous flow of
production. In practice, this might be standby groundwater
wells that remain idle until network pressure sensors regis-
ter a drop below 90%. By the time the alarm is triggered and
the wellfield comes online, storage reserves may already be
substantially depleted.

@ Springer
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In Case D), Subsystem 1b remains a backup but the trig-
ger for its activation is based on Subsystem la, rather than
the overall system performance metric Q, from Subsystem
2. This case shows how changes in sensing among inter-
acting subsystems improves output resilience. This is like
the backup wellfield is triggered by a flow sensor directly
on the failing plant rather than waiting for pressure loss to
reach the network. The wells activate almost immediately,
and end-user supply barely dips.

In Case E), the general system is equal to Case D). Sub-
system 2 is viewed in more detail, meaning Sub-Subsystems
2a and 2b, lead to the performance in Subsystem 2. This
case shows that the more interconnected a system is, the
more difficult it is to track down the failure and that it is
important to zoom in and out into components. Here, the
distribution network is split into its real components: a
treatment and storage stage, and a pressurized pipe network.
Both experience internal stress during the failure event, but
the final supply curve barely moves.

All cases produce several performance curves, one for
each subsystem, that can inform loss or gain of resilience
according to Eq. 3. We also consider the effect of early or
fast repair in all cases to show whether these common resil-
ience decisions produce improved recovery. The parameter
choices are to some extent arbitrary, serving primarily to
highlight certain effects among the curves. The cases serve
as conceptual illustrations of different behaviors in response
to a disturbance.

Subsystem 1

=< 100 =
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& 50 1 earlier repair (e)

% - - faster repair (f)

5 = base scenario (b)

- 0 T 1 T T T
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Fig. 5 Performance charts for Case A). At timestep t=15, Subsystem
1 experiences a failure. Subsystem 2 depends on the output of Subsys-
tem 1, therefore the disruption propagates to Subsystem 2 with a delay.
After Subsystem 1 is repaired, Subsystem 2 restarts production and
resumes to its initial performance level
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3.1 CaseA)

In Case A), all subsystems are described as PT, and T =1
within the LTI system. We modelled Subsystem 1 with K
=1, D = 2.5 and Subsystem 2 with K =1, D = 1.7. The
input of Subsystem 1 is blocked at t = 15, hence only the
remaining service flows, and this propagates to Subsystem
2 (Fig. 5). In the base scenario, as well as in scenario “faster
repair”, the issue is fixed at t = 40 and the system restarts.
Within scenario “earlier repair” the issue is already fixed at
t=30. For the scenario “faster repair”, Subsystem 1 is mod-
elled direction-dependent. The performance decline follows
the behavior described before and the gain is modelled with
K=1,D=009.

This initial case best relates to common uses of perfor-
mance curves for measuring resilience. Based on these
results, the system would recover performance faster given
earlier repair vs. faster repair. This is captured in the resil-
ience metric (Eq. 3), as the area under the curve is smaller
for earlier repair. A key element of this case is that each
subsystem experiences nearly the same dynamics in terms
of performance loss and gain with and without repair strat-
egies. Calculating the resilience metric for any subsystem
would produce the same comparison between early and fast
repair. Thus, focusing decisions only on output variable Q,
appears sufficient for decision-making, i.e., is equivalent to
using any subsystem for decision-making without loss of
generality.

3.2 CaseB)

Unlike Case A), most critical infrastructure systems are
more complex with multiple service providers within sub-
system layers prior to final demand.

Here, all subsystems are again described as PT, with T
= 1. Subsystem la is equivalent to Subsystem 1 from Case
A). The only difference for this case is that Subsystem 1b
works in parallel and is independent of disturbance in Sub-
system la. The sum of the output is distributed equally to
Subsystem 2, which is again modelled with K =1, D=1.7.
Like Case A), the input of Subsystem 1 is blocked at t =15
and fixed by t = 40. Repair in Subsystem 1a is modelled the
same as Case A) (Fig. 6).

The functional redundancy in Subsystem 1 in this case
appears to make the system more resilient, as commonly the-
orized within the socioecological systems literature (Biggs
et al. 2020; Yu et al. 2020) which highlight the importance
of functional diversity. Indeed, the bathtub formed under the
performance curve for Subsystem 2 is smaller than in Case
A. However, it takes considerably longer to return to full
functionality.
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Fig. 6 Performance charts B) of a three-step infrastructure system,
where Subsystem 1 and 1b provide parallel inputs to Subsystem 2.
At timestep t=15, Subsystem 1 fails and the disruption propagates to
Subsystem 2, wich is the overall factory output

3.3 Case ()

Case C) retains much the same structure and parametri-
zation of Case B), but now Subsystem 1b is a backup for
Subsystem la. This backup is designed to activate only
when the output of Subsystem 2 drops below 90% perfor-
mance. All other subsystems are the same. Hence, this case
changes the view of resilience from functional redundancy
to dynamic slack via backups, which is more aligned with
resilience design from the resilience engineering literature
(Saurin 2015; Saurin and Werle 2017).

The disturbance happens at t=15, the alarm triggers at
t=25 and the backup system starts to work. Subsystems 2
and 3 continue to experience performances drop declines
even after t=25 due to the time it takes for because to reach
its full performance level. Once the backup is fully func-
tional, all systems begin to recover. Subsystem la repairs
at t=30 or t=40 depending on strategy. However, there is

negligible effect on overall system performance because
the backup is in place anyways. Faster repair may even be
slightly favored for this specific case, but from a perfor-
mance view resilience is worse than in Case B.

This case introduces additional confounding elements
that make performance curves lose salience for resilience.
First, Subsystem 1b cannot have a normal resilience mea-
sure, as its performance only increases in response to failure.
This captures the notion of dynamic slack from resilience
engineering literature but suggests resilience metrics, cf.
Equation (3), do not help with its analysis. For example,
if the backup failed, it would not be captured in the perfor-
mance curve for Subsystem 1b.

An important dimension for comparing Case B) and Case
C) is linked to the overall system operations and cost, which
are not given within the curves. While resilience may be
improved with functional redundancy, it also implies that
backup systems are on and working when failure occurs. In
practice, critical infrastructure systems are not incentivized
to operate when not needed, as this incurs significant cost
and resource use that is not necessary during normal opera-
tions. Moreover, failure diagnosis is easier in Case C) over
Case B), as Subsystem 1b is a backup meaning failure must
have happened in Subsystem la, which is not obvious in
Case B). This suggests that remedial actions and potential
system upgrades would be easier to implement in the design
for Case C), even if the resilience of the system is reduced.
Hence, any effort after the event, either to operate, diagnose,
or upgrade systems, might be easier and better in the less
resilient system.

3.4 CaseD)

Case D) uses the same system structure as Case C), but the
trigger for backup activation is informed by Subsystem
la, rather than overall system performance Q,. Hence, the
backup activates several timesteps earlier, almost immedi-
ately (t=16), resulting in a better system performance and
less loss of resilience (Fig. 7).

In this case, the same issues as Case C) arise, but they
are even more pronounced. From a performance curve and
resilience metric perspective, Case D) appears more resil-
ient than previous cases — the bathtub formed for Subsystem
2 is much than Case C) and B). Moreover, the backup sys-
tem is used for a shorter time (until t=60) compared to Case
C) (Fig. 7), which might result in lower operating and main-
tenance costs. Yet, the instability produced in Subsystem 2b
is more pronounced and the difference between repair strat-
egies is further confused. All repair strategies experience
longer instability and multiple performance drops.

This case further emphasizes that a focus on final sys-
tem performance is inadequate for resilience. As this case is
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Fig.7 Case C): Activation of a backup system when the overall system
performance (Subsystem 2) drops below 90%. Subsystems 2 takes the
input of 1a if it is above 90%, otherwise 1b

most resilient compared to previous, it shows that appropri-
ate sensing influences the effectiveness of dynamic slack.
Sensing performance from the overall system perspective
(Case Q)) introduces too large of a delay in response, despite
this being the most likely scenario from a critical infrastruc-
ture system perspective. In contrast, linking backups to their
direct performance creates more resilient systems, but hides
how difficult upstream Subsystems may be operating to
ensure final demand is met.

3.5 CasekE,)

Case E) uses the same system structure as Case D), but
Subsystem 2 is now split up into the Sub-Subsystems 2a
and 2b. However, this small change shows how difficult it
is to diagnose the error by looking only at the overall sys-
tem output Q,. For example, the performance of Subsystem
2a and 2b both experience service disruption, which hides
where system failure occurred from the overall perspective

@ Springer

Subsystem 1a

O\—m. 100 + S —

&

3

S 50 A earlier repair

g =« faster repair

5 —— base scenario

& o0 . . .

0 20 40 60 80 100

Subsystem 1b

=< 100

S

o

]

e

S 50 -

£

2

(O]

o 0 I I I I I

o
N
o

40 60 80 100

Subsystem 2

v _v,_

Performance Q> [%]
o
o
1

RL.= 1165
RLf=1105 —
RLp= 1161 resilience loss
O 1 1 1 I 1
0 20 40 60 80 100

Timestep t [min]

Fig.8 Case D): Activation of a backup system when the Subsystem 1’s
performance drops below 80%

of Subsystem 2. It also hides which repair strategy may have
been better — the difference in resilience between repair
strategies is negligible for Q,. Hence, efforts to make the
system more resilient are successful from a metric perspec-
tive, but introduce significant confounding elements that
make future response to failure much more difficult.

An important consequence of hiding the failure and its
effects, is that individual subsystems appear less important.
This is, of course, not correct, as the total service provision
for the full flow-shop requires all subsystems to function.
Yet, as “improved” resilience ensures milder consequences
for Subsystem 2, then Subsystem 1 may change its status
from “critical” (in Case A) to less important. In practice,
this change in perspective on asset importance is often
influenced by faster, better, and cheaper pressures (Woods
2018a) that eventually lead to underfunding and poor main-
tenance for previously well-maintained systems. These
pressures are common among many critical infrastructure
systems that are optimized to remove unnecessary backups



Environment Systems and Decisions (2026) 46:78

Page9of 17 78

Subsystem 1a

-

o

(=]
1

earlier repair
=« faster repair
- base scenario

Performance Q15 [%]
[8)]
[en]
1

0 1 I 1
0 20 40 60 80 100
Subsystem 1b

= 100

S

o

[0

g

€ 50

£

£

[0}

o 0 T 1 1 I 1
0 20 40 60 80 100

Subsystem 2a

100 -v-ﬂlé’—_

0 20 40 60 80 100

Performance Q; [%]
[4)]
[en]
1

(=]

Subsystem 2b

N

o

(=]
1

Performance Q», [%]
[$)]
o
1

[==]

1
60 80 100

(=}
N
o
IS
o

Subsystem 2

100 -W’—-

Performance Q; [%]
(&)}
o
1

RLe=967
RL;=908 —
RLp=962 resilience loss
0 I 1 1 I I
0 20 40 60 80 100

Timestep t [min]

Fig. 9 Extended performance charts compared to Fig. 8. Subsystem 2
consist of Sub-Subsystems 2a and 2b

and to decrease any delays within a system. This leads to

more severe and immediate reactions to the whole system
when subsystems fail.

3.6 CaseE,)

In case E,) we consider the effect of multiple disturbances
with the backup system structure from Case E,). The pur-
pose of this case is to provide even more realistic estimate
of resilience given that most system failures occur due to
delayed and compounding threats, rather a single event with
a single repair process.

In this Case, the subsystems at the first stage are now
prone to additional external disturbances and the backup
is now targeted to provide 120% system performance. The
backup is triggered already at t=5, even though this results
only from a small system fluctuation. However, coincidental
it becomes useful at t=25 when the real disturbance hap-
pens. As a result of the overuse of system performance the
backup system reduces to a 60% performance level at t=35
and switches of once the disturbance is past (t=58) (Fig.
10).

All this results in a less constant system performance
within the second stage systems. However, Subsystem 2
shows an almost constant system output:

This more realistic case introduces many confounding
elements that question the usefulness of performance curves
and the resilience metric (Eq. (3)). First, the resilience mea-
sure for this case is the smallest for all, suggesting this design
is most resilient. This is in lieu of the significant instability
in the system due to dynamic slack and its design as its acti-
vation point from Q;,. Because the backup activates for a
minor disturbance, rather than the major failure event, all
downstream subsystems become unstable and performance
fluctuates significantly. Moreover, we see performance for
Subsystem 2 exceed 100%, which further confounds mea-
suring resilience via Eq. 3. In other words, without detailed
analysis of the performance curves themselves, the common
resilience measure for critical infrastructure systems would
prioritize designs that increase subsystem instability. Practi-
cally, this may be the worst scenario from a critical infra-
structure systems operations and management perspective,
even if the demand appears resilient.

3.7 Sensitivity analysis

The resilience loss RL is often the result of the overall sys-
tem assessment, which means this value depends on model
parameters across subsystems that may be uncertain or dif-
ferent from those considered here. Hence, we perform sensi-
tivity analysis to view the impact of model parametrization
on system dynamics.
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Fig. 10 More realistic performance charts (Case E,)). The structure
remains the same as in Fig. 9, but the Subsystems la and 1b deviate
slightly due to other external factors. This results in an almost constant
performance in Subsystem 2

In general, across all cases, we find conclusions robust to
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diverse parameter combinations. For example, conclusions
regarding RL, earlier repair, or faster repair or for Case A
remain similar across tested scenarios.

We present sensitivity analysis for our most complex
case, E, to demonstrate this fact. Here, we adjust the trans-
fer functions between systems and measure the overall sys-
tem output (see Fig. 11). Specifically, we vary the transfer
function parameters T; and D; of Subsystems la and 1b
and T, and D, of Subsystems 2a and 2b by +/- 0.2 (which
is 20% for Subsystem 1 and 10% for Subsystem 2). This
analysis results in 81 (3*) simulation runs, of which the gen-
eral dynamics, and resulting conclusions, remain the same.

However, choice of transfer function parameters does
impact system performance measured. Figure 12 shows
the quantified loss of resilience ( RL) varies considerably
between the simulation runs. The mean RL for all simula-
tion runs is 357. The variance of G; is 5,233 (standard devi-
ation of 72, relative standard deviation of 20%), whereas
the variance of G, is 38 (standard deviation of 6, relative
standard deviation of 1%). Although these standard devia-
tions are usually classified as high, they can certainly occur
in the context of resilience analyses due to the large number
of uncertainties and influencing factors that are included in
the assessment.

We further demonstrate that for specific choice of sys-
tem parameters, the calculated RL can be different than
that quantified in our given cases. For example, for Case D,
we analyze the relationship between RL and choice of the
backup trigger level (Fig. 11). As expected, the RL for the
system decreases as the backup trigger level % increases.
This reduces the effects of system delays in terms of utiliz-
ing dynamic slack to replace primary system function (Fig.
13).

Overall, we do not find that these variations output
(e.g., total performance loss measured) to change result-
ing dynamics or interpretation of the system performance
function. any interpretation Accordingly, our results should
produce robust conclusions as to when the model “works”
as intended,” or, “does not work” as intended.

4 Discussion

Overall, our PT, approach is representative of many found
in the literature (see e.g. Ayyub 2014; Fig. 3; Mentges et al.
2023; Fig. 1; Poulin and Kane 2021), but shows when the
curve and resilience measure hide the background processes
that inform system resilience alongside situations where the
method seems to work as intended. Only when the system
structure is simple (i.e., no dynamic slack, sensing, or other-
wise) did the resulting curves have some explanatory power
for resilience. When the system had added complexity that
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Fig. 11 Sensitivity analysis for Case E, (81 simulation runs)
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Fig. 13 Sensitivity analysis for the trigger threshold in Case D)

matches real-world infrastructure, both the resilience mea-
sure and dynamics confused interpretation of the event and/
or any benefits of design.

Naturally, the PT,, approach is another, admittedly imper-
fect, form of abstraction. Its sole purpose is to provide a
generic representation of behavior that aligns with the
observed performance curves in the resilience literature.

4.1 Ambiguities and assumptions in the system
performance curve

Table 1 summarizes key results from our case study and
system performance curves. In general, we find some ben-
efits of using performance curves in all cases. These benefits
range from providing comparative power between different
system designs (e.g., earlier/faster recovery, system sens-
ing) and revealing the effects of decision delays.

We also find issues with the system performance curve
in most cases. These issues range from an inability to diag-
nose when and how failures occur to an inability to handle
irregular recovery dynamics. In general, we find that these
issues arise from:

1. Limitations of using aggregate system metrics for
complex dynamic systems: Simple performance curves
use aggregate system outputs without subsystem-level
diagnostics that mask variability among subsystems.
Failures, bottlenecks, vulnerabilities, or compensatory
mechanisms may remain hidden, reducing the ability to
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Table 1 Positive and negative aspects of the performance curve for

resilience analysis

Case  The curve allows... The curve lacks...

A) ...defining when and ...nothing
where failure occur
...measurement of certain
“regular” resilience pat-
terns like earlier/ faster
recovery or drop/ recovery
intensity

B) ...comparing the resil- ...ability to diagnose where
ience of a system with upstream failures occurred
functional redundancy and how that may impact final
(multiple sources), to one  services
with a single source ...meaningful comparison of
...deciding where resil- reduced impacts vs. longer or
ience investments might  delayed recovery
have the highest leverage

0] ...comparing the resil- ...relevant measures for sub-
ience of dynamic slack systems that surge or extend
versus other methods performance in response to
(recovery, redundancy) failure (what if the backup

fails? ).

...consideration of increased
costs for system operation
given changes in upstream
function (i.e., backups are
expensive compared to normal
operations).

D) ...comparison of system  ...ability to identify where
sensing — backups that the failure occurs and where
trigger more quickly pro-  performance is measured. Final
vide more resilience system performance is entirely
...interplay between an outcome from upstream
dynamic slack and repair ~ decisions.
strategies.

E) ...visualizing delays ...ability to disaggregate the
within the system or the  effects of upstream subsystems
activation of a backup and dynamics.
source ...processes that underlie

resilience

...ability to make sense of non-
regular dynamics that classical
resilience measures cannot
handle

E,) ...tracking the per- ...mechanism to handle com-

formance difference
between similar functional
structures

pounding events and/or subsys-
tem failures that do not match
regular recovery dynamics

diagnose why resilience was gained or lost and limiting

the usefulness.

2. Area-under-the-curve metrics: Metrics based on inte-
grating the area-under-the-curve assume regular dynam-
ics. However, many infrastructure systems experience
irregular dynamics, especially when utilizing dynamic
backup systems or with multiple subsystems and perfor-
mance measures.

3. The performance curve itself: Furthermore, using a
single indicator like resilience loss (RL) potentially
obscures temporal characteristics such as the timing,
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duration, cost, severity, and shape of disruption and
recovery. Very different performance progressions may
lead to a very similar RL, making it difficult to distin-
guish between them.

Case A) covers two important dimensions of resilience:
when and where (which subsystem) the failure occurs.
These dimensions help answer a common question regard-
ing infrastructure and community systems: “resilience
of what, to what?” (Cutter 2016). Hence, our model has
enough detail to examine how a flow-shop infrastructure
system may deal with a real outage.

Case A) also shows that the resilience measure (Eq. 3)
provides explanatory power when failure dynamics are
“regular”, i.e., recovery only to previous performance lev-
els. Results align with literature that recommend having
early warning systems that enable quicker response for
infrastructure resilience. Faster repair also increases the
resilience compared to its original repair speed even with
delayed onset. This recommendation may not hold for other
similar mathematical models, nor when the resilience deci-
sion is not recovery-focused, e.g., efforts to avoid the failure
altogether.

However, the resilience measure shows issues when
recovery dynamics are not “regular.” The measure is based
on the assumption that there is a “steady” or “target” state
Q* to which a system returns after a disturbance (Ayyub
2014). Many systems, especially social or ecological sys-
tems, have not a single, fixed state. Systems might be in a
state of constant flux, which is recognized by the resilience
landscape with multiple equilibria (Walker et al. 2004). To
acknowledge this, it may be necessary to compare the cur-
rent performance to a former performance that was consid-
ered to be “normal” (for different target performances see
Poulin and Kane 2021). In our infrastructure example, the
production could vary over time, not because a subsystem
fails, but because of seasonality or other external effects.
Therefore, it is difficult to define exactly what 100% per-
formance is.

Comparing Cases C) and D), we see that the location and
frequency of measurement is very important for the resil-
ience of a system. When a measurement is only possible
at the final subsystem, it might take considerably longer to
implement countermeasures resulting in a higher loss of
resilience.

It follows, that the idea of a resilience cycle is very
ambiguous. In Case E,) it shows that it can become very
unclear where to set the boundaries that define one resil-
ience cycle for the curve, not only in terms of the loss of
resilience, but also the rapidity of recovery.
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Fig. 14 The stress-strain analogy to resilience is an example where the
disturbance intensity (the stress) is in relation to the effects (the strain)
of it. Interestingly, at a certain stress level these curves become always
non-linear. Therefore, any knowledge of the elastic behavior does not
help to predict the plastic behavior

4.2 Why disturbance intensity and system
functional structure matter

The performance curve is always depicting a reaction to
a disturbance, but very often it does not relate the effects
of a disruptive event to any of the events characteristics
(Gama Dessavre et al. 2016). Therefore, a very light and
a very strong attack to a system may have the same effect
and become indistinguishable. For example, unplugging a
machine cuts its power and shuts it down, but this can be
easily reversed. Cutting the cable also shuts it down, but
may be irreversible. This is not observable from the pre-
sented figures, and therefore out of scope of the resilience
assessment. However, it should be important to look at the
root-cause of incidents in order to learn and prevent them
the next time.

Systems may in general respond differently to minor ver-
sus catastrophic disturbances, and the intensity can shape
both the response and recovery trajectory. Small, frequent
disturbances may be easily absorbed, but a sudden disrup-
tion may lead to a completely new alignment of the infra-
structure. Intensity is also not only about the magnitude of
one event but how disturbances accumulate over time. A
series of small shocks (like machine part failures, or natural
degradation) can erode resilience even if each shock is not
intense on its own. Conversely, a single catastrophic event
(like an electrical blackout) may expose underlying weak-
nesses but also offer an opportunity for systemic change and
improvement. Understanding the disturbance intensity may
help to identify thresholds beyond which a system may no
longer recover in its original form (Connelly et al. 2017).
Interventions need to account for varying intensities of dis-
turbances and recognize that the system might need to trans-
form rather than just recover after a high-intensity event
(Walker et al. 2004). Additionally, the loss of performance
in complex systems may very likely not be linear (Hollnagel
et al. 2006). Just because a certain level of stress intensity

leads to a specific loss of resilience, it does not necessar-
ily help drawing conclusions about the effects of higher or
lower intensities. Actually, this is exactly what the stress-
strain diagrams (Fig. 14), sometimes related to resilience
(Woods and Wreathall 2008) state.

In that sense, it seems to be almost useless to monitor the
performance curves of very different scenarios or between
different systems because this would be only measuring one
point at a certain stress level on the stress-strain diagram.
Even if it is possible to measure the “strain” at multiple
“stress” levels, this analogy assumes that systems always
behave the same (time-invariant), which is certainly not the
case for complex systems with humans involved. More-
over, the diagrams represent the material’s properties under
the assumption that no fatigue processes have occurred.
Repeated loading, material fatigue, or other factors can
change the original mechanical properties, exactly what
happens to organizational systems. The stress-strain dia-
grams do not provide information about the behavior under
cyclic loading, which is why evaluating fatigue strength is
crucial when selecting materials for long-term applications.
Therefore, similar is necessary for a resilience assessment,
even though we have to admit that it seems impossible to
collect such data.

Besides looking at only a resulting performance, it is
more important to understand the functional properties of a
system, including its components, the relationships between
them, and the processes that drive its behavior. By examin-
ing these elements, we gain insight into how different parts
of the system interact, where inefficiencies or vulnerabilities
might lie, and how changes in one area can impact the whole.
We did this in the example by plotting the flows (Fig. 4).
Furthermore, it is also important to understand the feedback
loops and emergent behaviors that may not be immediately
obvious. A deep knowledge of a system’s structure enables
us to anticipate unintended consequences, improve resil-
ience, and make informed decisions that lead to sustainable
improvements. For that issue the System Thoretic Accident
Model and Processes (Leveson 2004) or Functional Reso-
nance Analysis Method (Hollnagel 2012), when exercised
properly, give a good insight into the structure.

The example also examined that systems should be
designed with buffering capacity (or delays) to absorb more
intense shocks or adapt through redundancy, diversity, and
flexibility. The delay may also act as a stabilizer that helps the
system distinguish real signals from noise, thereby enabling
graceful degradation (Woods 2018b), meaning slowing the
pace of stress so that the system has time to adjust, repair,
or activate backups. In these ways, well-placed delays help
complex systems remain stable, adaptable, and robust under
changing conditions.
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It is important to remind the level of detail or the scale
at which a system is observed or analyzed. The resolution
of a model determines how fine-tuned the analysis is. The
performance curve is too often depicted at a macroscopic
level, which leads to fail to account for variations at a more
granular level. This disconnect is critical because, as we
showed with the example, resilience can manifest differ-
ently depending on the granularity of the analysis. A system
might appear resilient when viewed at a high level, but its
individual components may be fragile (Carlson and Doyle
2002). Understanding resilience requires a systemic view,
considering both the aggregated behavior of the system and
the resilience of its individual components. The second one
is often harder to assess, but equally important. At a lower
level, it should be easier to identify vulnerabilities and areas
for improvement. Looking at finer scales can reveal where
vulnerabilities exist that prevent adaptive capacity. This is
especially the case in complex, non-linear systems, that are
so often addressed within the field of resilience engineering.

When modelling systems, boundaries define the scope of
the system and determine what is considered inside the sys-
tem and what is external to it. Defining system boundaries
is not always easy (Lowe et al. 2024) but crucial when dis-
cussing resilience because the interactions between a sys-
tem and its environment are integral to its ability to absorb
shocks and adapt (Hochrainer-Stigler et al. 2025). Resil-
ience models that do not clearly define system boundaries
often ignore how external factors affect the system. For
example, an organization’s resilience might not only depend
on its internal processes (like the subsystems presented in
the example) but also on external economic conditions,
regulatory changes, and social movements that might be
beyond the organization’s control. Especially in social and
ecological systems, boundaries are porous or flexible with
interactions crossing over between different systems (e.g.,
between human and natural systems). A rigid boundary may
limit a system’s ability to adapt to changes that affect both
the system and its external environment. The guidance is to
define narrow boundaries first (for example the area of the
infrastructure) to find interventions to the most impactful
areas. By expanding the boundaries of analysis afterwards,
external influences and the system’s adaptability to changes
that might not be internal, but are just as crucial to resilience.

Therefore, to become resilient backup solutions must be
available at the level that you can measure (or repair): for
example, if you can only measure the performance of the
whole flow chain, you better have at least a second flow
chain ready. If you can measure the performance of one
subsystem, you should have one backup subsystem ready.
If you can measure every screw within the subsystem, you
might only need backup screws.
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4.3 Why humans and decisions matter even more

We did not consider any humans in the example. However,
they play a critical role in determining the resilience of any
system, from organizational structures to ecological sys-
tems. In most systems, human actions are not just the cause
of disruptions (e.g., handling error on a subsystem) but also
a source of recovery (fixing simple errors or finding creative
solutions). This makes the human element essential for both
responding to and preventing future shocks. Moreover, the
resilience of a company after a crisis might depend more on
the leadership and decision-making processes than on any
inherent qualities of the product or system itself. Therefore,
engaging people in systems thinking and resilience-building
is essential as it directly influences the system’s ability to
adapt. Training, policy interventions, and decision-making
frameworks can help improve the resilience of human-influ-
enced systems. However, it is hardly possible to describe the
system dynamics as soon as humans are involved. The best
we can do is to develop indicator-based assessments (Lee et
al. 2013). Only if the system dynamics are clearly modelled,
it is possible to use quantification metrics like (Bruneau et
al. 2003; Ingrisch and Bahn 2018; Nan and Sansavini 2017)
etc. The discussion on the use of such quantification metrics
on top of the curve would deserve a dedicated analysis and
a corresponding writing exercise. In this paper, we showed
only roughly that a sensitivity analysis is necessary to pro-
vide a better insight into the system (Fig. 11).

Ultimately, resilience is also a trade-off between costs
and benefits (Ale et al. 2021; Hanley 1998). For a private
company, in terms of business continuity, it may be eco-
nomically reasonable to accept the risk of failures. However,
resilience is frequently of large interest within the context
of critical infrastructures or safety-critical processes, where
the potential costs of a failure exceed the costs of any pre-
ventive measures.

As modern technology evolves, it is becoming increas-
ingly important to infer the performance and condition of
individual subsystems from the behavior of the overarching
system. A growing number of technologies are effectively
turning into black boxes (Hill and Slater 2024). Devices are
shrinking, components are tightly integrated, and embedded
or certified electrical systems are often impossible to repair.
Instead of being serviced, they are simply replaced. This
trend is most visible in complex fields such as Al systems,
where internal processes may be opaque by design, making
direct inspection difficult (Sadeghi et al. 2024). As a result,
understanding how a subsystem performs requires careful
analysis of the system’s overall outputs, interactions, and
observable characteristics.

All of these factors (and maybe more) lead to a system
reaction in the shape of the famous curves. We showed this
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in various examples and cases. However, it does not work
the other way around. The performance curve can hardly be
used to compare the effects of different disruptive events and
to compare different systems or different decisions within a
system. The solution to this problem is about accepting an
additional layer of complexity, with a rebuttal of simplifi-
cation at all costs. Analysts need multiple perspectives that
may or may not be aggregated into one metric. They need
the flexibility to zoom in and out of a system and to view it
from all of its sides. It is necessary to look at the infrastruc-
ture as a whole, but also at the subsystems.

Saying that does not mean that it is not important to mea-
sure and observe, it is more that it does not help directly just
to measure. It is clearly an iterative process of measuring,
changing and measuring again (for example as proposed
by Simone et al. (2024), Fig. 1). A nice example for that
is again the stress-strain plot analogy (Woods and Wreath-
all 2008). While it is definitely helpful and necessary to
measure the material properties, the curves do not help to
develop better (meaning more resilient) materials. Instead,
the internal structure of a material must be considered and
it requires creativity and exploration combined with knowl-
edge in order to achieve a more suitable result. Projecting it
back to organizational resilience, it is only possible after an
event (or disturbance) has taken place to evaluate whether
the preparations were helpful.

4.4 What should be done?

We recommend that resilience studies using performance
curves should analyze results from both a system and sub-
system level. Our case studies show repeatedly that only
considering one of these perspectives conceals dynamics
that are directly relevant to operational decisions.

Where backup systems or conditional switching are pres-
ent, we recommend complementing the performance curve
with a state diagram or simple event log that documents
when and why each subsystem changed state. This makes
the causal structure of recovery visible in a way the curve
cannot.

For systems subject to compounding or repeated dis-
turbances (as in Case E,), we recommend that resilience
assessment explicitly tracks remaining slack capacity (e.g.,
reserve storage, backup runtime) as a parallel indicator
alongside the performance values. A system can appear
highly resilient on the curve while exhausting the very
resources that made it so.

5 Conclusion

The system performance curve is widely used model of
infrastructure resilience despite its flaws. We developed
our own using PT reactions and compared five cases that
represent infrastructure systems and resilient designs as a
flow-shop model. Our results are mixed, as there are ben-
efits and some comparative power across the cases showing
improvements and changes in system resilience that align
with theory. However, if system dynamics were not regu-
lar for simple recovery and/ or system structure was more
realistic with multiple upstream processes, switching, and
backups, then the performance curve model and resilience
measure hid salient information for decision-making.

These mixed results suggest a more nuanced under-
standing of the system performance curve as many design
and operational factors are easy to overlook. Granularity,
boundaries, human involvement, and disturbance intensity
all bring their implications for improving system resil-
ience. Additionally, in order to improve system dynamics,
it is important to understand black-box systems, effectively
turning them into grey, if not white, boxes. Incorporating
these considerations into system models can lead to more
robust, adaptive systems that are better equipped to handle
both expected and unexpected challenges.

Resilience measurement therefore requires multiple
method assessment approaches that capture perceptions,
opinions, judgments and the nature of social interactions
as well as the observable or easily measurable characteris-
tics of sociotechnical systems. Measuring resilience means
understanding the perspective of affected organizations and
individuals, so analysis must include context-specific, quali-
tative and subjective information. As Lundberg et al. (2009)
reminds us with the What-You-Look-For-Is-What-You-
Find principle, an exclusive focus on performance curves
inevitably constrains what can be observed and understood.
Resilience cannot be reduced to a single metric or visual
trajectory. It requires multi-scale, multi-method assessment
that integrates structure, context, and human judgement.
This is not confined to performance curves. Any modeling
approach that attempts to quantify resilience will face simi-
lar challenges. The point is not to dismiss performance-curve
analysis, it is more to emphasize that additional metrics and
methods are required. Otherwise, we risk confusing observ-
able recovery with genuine adaptive capacity.
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