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Highlights

Please indicate how your work links to systems science via your contributions to sys-
tems practice, theory, and/or methodology.

e A geometric vector-based framework is proposed to transform scalar availability
time series into a resilience indicator that captures both the magnitude of system per-
formance loss and the directional quality of recovery, extending systems theory with
a trajectory-sensitive metric applicable to any production system topology.

e  The methodology operationalizes the multi-dimensional concept of engineering re-
silience—integrating robustness and rapidity into a single normalized index—
providing a reproducible, self-calibrating tool for the quantitative assessment of sys-
tem configurations within the asset management decision-making process.

What are the main findings and/or the implications of the main findings?

e  Systems with similar mean availability can exhibit substantially different resilience
profiles: parallel configurations minimize the depth of availability loss (robustness),
while standby configurations accelerate recovery speed (rapidity), a distinction that
aggregate availability metrics cannot capture but that the proposed indicator resolves
through its area-angle decomposition.

e  The decomposition of the resilience index g into its robustness and rapidity compo-
nents provides directly actionable guidance for maintenance prioritization: a deteri-
orating area ratio signals the need for redundancy or reliability investment, while a
deteriorating Angle Factor identifies gaps in maintenance response capability, spare
parts logistics, or switchover mechanisms.

Abstract

Resilience assessment in production systems requires metrics that capture not only the
magnitude of performance loss but also the dynamic characteristics of recovery. This pa-
per proposes a quantitative resilience indicator, p, based on the vector representation of
availability time series. This paper tests the hypothesis that geometric vector encoding of
availability data provides a more discriminating resilience assessment than scalar aggre-
gate metrics by capturing recovery trajectory characteristics not reflected in mean availa-
bility alone. The methodology transforms discrete availability data into geometric vectors,
from which disturbance events are encoded as triangles whose properties quantify resili-
ence loss. The indicator combines a normalized area ratio—capturing the depth and du-
ration of the availability drop—with an Angle Factor that penalizes incomplete or slow
recoveries through the inclination of a closure vector. The resilience indicator, g, is a dam-
age-based metric in which lower values denote better resilience and higher values indicate
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greater resilience loss. The global resilience of an asset is derived as the arithmetic mean
of individual event coefficients, enabling longitudinal benchmarking. The proposal is val-
idated through a case study applied to the ball milling circuit of a sulfide copper concen-
trator, comparing alternative topological configurations. Results demonstrate that config-
urations with similar mean availability exhibit distinct resilience profiles. The proposed
indicator supports data-driven decision-making in asset management and maintenance
strategy design.

Keywords: resilience; time series; vector representation; availability-based resilience;
Monte Carlo simulation; pump redundancy; asset management; mining industry

1. Introduction

Over the last few decades, the concept of resilience has transcended its origins in
ecological science to become a theoretical and practical pillar across multiple disciplines,
including systems engineering and critical infrastructure management. In ecology, Hol-
ling (1973) defined it as the capacity of an ecosystem to restore equilibrium and function-
ality following a perturbation [1]. This ecological perspective emphasizes the adaptability
and self-organization of natural systems in response to disturbances.

In the realm of engineering, the American Society of Mechanical Engineers (ASME)
defines resilience as the ability of a system to recover rapidly and return to full function-
ality after an interruption [2]. Other authors, such as Tierney and Bruneau, propose a sys-
temic framework where resilience integrates not only structural robustness but also the
capacity for resource mobilization to absorb and recover from events [3].

This theoretical body converges on the idea that resilience implies three essential di-
mensions, often referred to as the “3Rs”:

1. Robustness: The ability to withstand an impact without significantly degrading per-
formance.

2. Rapidity: The speed or efficiency with which critical functions are restored.

3. Redundancy/Adaptability: The existence of alternative configurations and the ability
to reorganize resources when a part of the system fails.

Despite the growing importance of resilience in asset management, a universal quan-
titative indicator for measuring the resilience of complex technical systems remains elu-
sive. Most current approaches rely on qualitative assessments or partial metrics. This gap
motivates the following research question: can a vector-based geometric representation of
availability time series discriminate between system configurations that exhibit similar
mean availability but distinct recovery dynamics, providing actionable guidance for
maintenance strategy and topological configuration selection?

This paper proposes a new indicator based on the vector representation of time series.
Unlike aggregated metrics, this method directly incorporates the magnitude and varia-
tions in system performance, allowing for a detailed modeling of transitions between
phases of deterioration, recovery, and stability. Furthermore, the proposed approach fa-
cilitates a comparative analysis of resilience levels across diverse systems or assets, while
simultaneously enabling longitudinal evaluations over time.

Recent contributions have extended resilience thinking into maintenance optimiza-
tion and production system assessment. Karar et al. [4] proposed a resilience-based
maintenance optimization framework integrating operating context variability —includ-
ing pandemic-driven disruptions—into risk-weighted budget allocation. Complemen-
tarily, Duran and Vergara [5] developed a fuzzy decision-making model to score and rank

https://doi.org/10.3390/systems14070828



Systems 2026, 14, 828

3 of 26

the resilience of production system components, validated in a mining context. Both
works reinforce the view that resilience in engineering systems is a dynamic response to
operational conditions, motivating the need for quantitative indicators capable of tracking
that response from performance data.

The remainder of this paper is organized as follows: Section 2 presents a brief litera-
ture review on resilience frameworks and quantitative metrics in engineering systems.
Section 3 formulates the problem statement, describing the dynamics of availability and
their relationship with resilience. Section 4 introduces the proposed methodology, includ-
ing the vector transformation of time series, the definition of cycle and closure vectors, the
impact triangle concept, and the formulation of the resilience indicator (), followed by a
base case sensitivity study. Section 5 presents a case study applied to a comminution plant
in a sulfide copper mine, comparing four alternative configurations —Baseline, Fractional,
Parallel, and Standby —using the proposed indicator. Finally, Section 6 summarizes the
main conclusions, and Section 7 outlines the limitations of the current approach and di-
rections for future research.

2. Brief Literature Review

The concept of resilience has been widely adopted in engineering to address the in-
creasing complexity of modern systems. However, despite its relevance, a universally ac-
cepted quantitative measure remains elusive, with definitions often combining quantita-
tive and qualitative aspects [6].

The literature presents various frameworks to operationalize this concept. Hash-
imoto et al. [7] proposed a triad of inter-related terms: Reliability (susceptibility to failure),
Resilience (speed of recovery), and Vulnerability (severity of consequences). Ji et al. [8]
further defined vulnerability as the specific characteristic of “non-resilience.” A promi-
nent framework is the “4Rs” proposed by Bruneau et al. [9], which characterizes resilience
through Robustness, Redundancy, Rapidity, and Resourcefulness. Robustness denotes
the ability to absorb shocks; Redundancy implies the existence of alternative resources;
Rapidity refers to the speed of the recovery process; and Resourcefulness represents the
system’s capacity to mobilize resources to restore functionality.

While often equated simply with the speed of recovery, this definition is insufficient
as it may neglect the magnitude of the damage. Albasrawi et al. [10] argue that resilience
should capture the recovery process as the ratio between recovered and lost functionality.
Cholda et al. [11] introduced the concept of “quality of resilience,” summarizing the fre-
quency and extent of interruptions. Furthermore, the target state of recovery is a subject
of debate; while some authors emphasize restoring the pre-shock condition, others, such
as Wang [12], suggest that resilience should include transformability —the capacity to
move to a new, potentially superior equilibrium state. This aligns with the view of Bishop
et al. [13], who stress the importance of system structure and cascading effects, comparing
system reserves to potential energy that converts to kinetic energy during a disruption to
maintain operations.

To quantify these dynamics, Haimes [14] suggested representing resilience as a time-
dependent vector of system states. Building on this, Cai et al. [15] proposed a metric based
on system availability time series. In this model, resilience depends on the system’s ability
to anticipate, absorb, adapt, and recover, which is intrinsically linked to the system’s tax-
onomy (structure) and available maintenance resources.

Consequently, resilience in engineering is not an isolated attribute but a global meas-
ure stemming from local interrelationships, component reliability, and maintenance effec-
tiveness [6,16,17]. By defining a system’s taxonomy —whether components are arranged
in series, parallel, or standby —and monitoring its availability over time, it becomes pos-
sible to map resilience as a quantitative variable for decision-making [18]. This paper
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builds upon these foundations, utilizing availability-based metrics to analyze the resili-
ence of a physical asset system.

Among the quantitative resilience metrics proposed in the engineering literature, two
are most directly comparable to the indicator developed in this work. The first is derived
from the framework of Bruneau et al. [7], which quantifies resilience degradation as the
integral of the performance deficit over the recovery period. This formulation is intuitive;
however, it treats the area of the deficit as the sole descriptor of the event, without distin-
guishing whether the system fully recovered to its pre-shock level, partially recovered, or
exceeded it. Two events with identical deficit areas but entirely different recovery trajec-
tories yield the same R, value.

The second relevant metric is the availability-based resilience indicator of Cai et al.
[15], which operationalizes resilience through availability time series evaluated via dy-
namic Bayesian networks. While this approach shares with the present work the use of
availability as the primary performance measure, it relies on aggregate availability ratios
rather than the geometric properties of the recovery trajectory, making it insensitive to the
shape and direction of the recovery path.

The indicator proposed in this paper, p, addresses these limitations through two
mechanisms. First, the normalized area captures the relative magnitude of the availability
loss at the event level. Second, and Angle Factor introduces a directional penalty that no
metric incorporates. it explicitly distinguishes between a recovery that restores the system
to its pre-shock baseline, one that exceeds it, and one that falls short. The sensitivity anal-
ysis in Section 4 provides empirical evidence of this discriminating capacity. A series of
Settings illustrates cases where the proposed metric differentiates events that area-based
metrics would treat equivalently.

3. Problem Statement: The Dynamics of Availability and Resilience

Industrial systems are inherently susceptible to stochastic perturbations, often man-
ifested as unexpected equipment failures or machine breakdowns, directly compromising
availability, operational continuity and production levels. A central premise of this re-
search is that the operational performance of physical assets—and the complex systems
they comprise—is intrinsically dynamic.

In analyzing these fluctuations, the concept of resilience emerges as a critical system
attribute. It is defined here as the capacity of the system and its components to withstand
shocks (robustness/reliability) and the ability to recover functionality rapidly following a
disturbance (maintainability). Consequently, maintenance can be conceptualized as a pri-
mary resilience agent; its effectiveness directly determines the system’s ability to avoid
availability drops and to accelerate the restoration of full functionality [19].

4. Methodology

This section deploys the methodology to obtain and apply the proposed resilience
indicator based on vector representation of the availability time series to measure the im-
pact of maintenance strategies or alternative configurations of systems or isolated physical
assets’ resilience.

By conceptualizing a system as an interconnected network of components organized
in diverse configurations (e.g., series, parallel, and redundancies), it becomes evident that
a failure in a specific component (i.e., a machine) propagates through the system-level
availability in distinct patterns, resulting in either partial degradation or total functional
collapse. In this context, the maintenance function plays a dual role: it acts preventively
to avert the inception of failures (reliability) and correctively to minimize downtime when
disruptions occur (maintainability).
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To quantify system-level availability and characterize its stochastic behavior over
time, this study employs a Reliability Block Diagram (RBD) to map the logical interde-
pendencies between components [20]. This structural modeling, integrated with the foun-
dational configurations and the mathematical formulations, is detailed in Table 1.

Table 1. Availability estimations.

Configuration Type Equation
n
Series Agys = HAi =A Ay Ay
i=1
n
Parallel Agys =1— 1_[(1 —A4;)
. i=1
ny . ,
Redundancy Agys = Z (i)Al(l — A"
=k

Figure 1 illustrates this temporal dynamic of the system’s availability. Under normal
conditions, the system operates at a nominal level; however, when a failure occurs, the
system’s functionality and availability experience a deviation, typically observed as a sud-
den drop. This decline may drive the availability to a lower state, followed by a recovery
phase.

80 o o s ° o

60

Availability [%)

20

2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
Time [Months)

Figure 1. Time series representing the temporal dynamic of the system’s availability.

The methodological process involves a structural segmentation of the availability
time series. To quantify resilience, we must first identify “Disturbance Events” by detect-
ing local minima (valleys) in the performance curve. The process follows these stages:

(1) Point Identification: The time series is treated as a set of discrete coordinates, where
represents time and availability.

(2) Peaks and Valleys Detection: Utilizing a peak-detection logic (referred to here as “de-
tecting peaks”), the algorithm identifies significant drops in availability and their
consecutive recuperation.

(3) Vector Construction:

e  Period Vectors: These connect successive points of high performance or the on-
set of a disturbance.

e  Cycle Vectors: These group consecutive period vectors sharing a common direc-
tion, encapsulating the overall system response to a perturbation from the onset
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of deterioration through full recovery (formally defined in Section 4.2 and de-
picted in Figure 2).

e  Closure Vectors: These represent the recovery phase, connecting the point of
maximum disturbance (the valley) back to the subsequent recovery point (for-
mally defined in Section 4.3 and depicted in Figure 2).

(4) Triangulation: The aforementioned vectors constitute the three sides of the triangles.
Then, using Heron's formula, the areas that represent the resilience loss during each
specific event are obtained.

Serie Temporal de Disponibilidad Vectores Consecutivos de Disponibilidad

Sene Tempor
100 100 /
B -

N

——
: s ) ) 3 T :
‘‘‘‘‘‘‘‘ Meses) Tiempo [Meses]
Vectores de Cierre de Estado y Consecutivos de Disponibilidad Vectores de Ciclo y Cierre de Estado de Disponibilidad
{ M
Tiempo [Meses Tiempo [Meses)

Figure 2. Vectorization process, step by step. (a) Original time series. (b) Vectorized time series. (c)

Cycle vectorized. (d) Closure vectors.

The following subsections provide a detailed description of the phases mentioned
above.

4.1. Vector Transformation

In the analysis of critical assets or critical systems’ resilience, availability is a deter-
minant factor. The starting point is a time series of raw data (t;, A;)ix;. Each pair (t;, A;)
provides a point-in-time snapshot of the system’s state of availability. Where the involved
variables are identified as:

e i identifier suffix for point in time.
e  m:number of raw data.

The objective of the vector transformation is to convert the sequence of points into a
geometric representation that simultaneously captures the magnitude and direction of the
changes between adjacent values, thereby facilitating the interpretation of the dynamics
of the availability behavior.

The application of vector transformation to availability time series offers advantages
over traditional aggregate metrics. By treating each availability increment or decrement
as a geometric vector with specific magnitude and orientation, the proposed methodology
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preserves the informational richness of each sampling instant. The vector-based approach
is characterized by four fundamental qualities:

e  Preservation of Temporal Dynamics: The transformation generates vector variations
directly from the original data without requiring modification. This allows for a de-
tailed analysis of all transitions experienced by the asset, maintaining the sequence
and intensity of events.

¢  Geometric Interpretability: The intrinsic properties of a vector—magnitude (repre-
senting the intensity of change) and angle (representing the direction of the pro-
cess)—provide intuitive metrics for engineering decision-making. Geometrically, an
upward inclination (0° < 0 < 90°) communicates recovery, while a steep downward
slope (270° < 0 < 360°) indicates degradation. This interpretability facilitates the com-
munication of diagnostics without requiring advanced statistical training.

e  Cycle Modeling: Real-world industrial systems rarely experience a single shock fol-
lowed by a single recovery; they frequently undergo multiple events. The vector ap-
proach, proposed here, allows for the delimitation and quantification of each deteri-
oration-recovery cycle independently. This capability enables direct comparisons be-
tween different cycles and a detailed analysis of the evolution of resilience over time.

e  Scale Flexibility: Changing the temporal resolution (e.g., from daily to monthly gran-
ularity, for instance) does not require the recalibration of the metrics. It is sufficient
to redefine the sampling step to generate new vectors, ensuring comparability be-
tween systems with different data cadences.

4.2. Cycle Vectors

As it was mentioned, two consecutive points (Figure 2a) are transformed into vectors
(V;) providing three essential descriptors that characterize the local dynamics of the series
(Figure 2b):

Magnitude: Consider the following two relations:

AA = Ay — Ay, (1)

At =t — (2)

The Euclidean norm quantifies the intensity or ‘size’ of the availability change be-
tween two consecutive instants. Calculated via the Euclidean norm (Equation (3)) a high
value of v, reveals a slow process of drop and recovery, whereas low magnitudes indicate
short disruptions effects.

I7:ll = V(4t)* + (44)? ®)

Sense: In this approach, the ‘sense’ of all vectors is strictly from left to right, given
that the temporal coordinate t advances irreversibly towards the future. That is, each vec-
tor v, connects a preceding instant (t;, Ai) with a subsequent one (tis1, Ai+1); consequently,
its horizontal component At is always positive, and the vector points to the right. This
value remains constant for a given vector, reflecting the interval between consecutive data
points, where the context is defined by the unit of time measurement employed. This elim-
inates ambiguities: time does not regress, and there is no need to classify vectors by a
vertical ‘sense’ of progression.

Direction: The direction of ¥, describes the inclination of the displacement within
the time-availability plane and is expressed via the angle 6 of the vector v, that connects
a preceding instant (t;, Ai) with a subsequent one (t+1, Ai1), concentrated within quadrants
I and IV. Values between 1° and 90° indicate increases in availability compared to the
availability value prior to the perturbation instant, while those between 0° and -90° signal
decreases. Angles of 0° and 360° indicate availability stability.
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This unified treatment simplifies the analysis and ensures that all vectors reflect the
system’s temporal availability progression without exception. Consequently, the behavior
of the asset in question is understood primarily through direction (positive or negative
slope) and magnitude.

Consecutive vectors that share a common direction are grouped to form the Cycle
Vector (W). Subsequently, the Cycle Vector (See Figure 2¢, red lines) is defined as the min-
imum unit that encapsulates the overall system response to a perturbation, grouping the
entire trajectory from the onset of deterioration to the beginning of recovery and from the
beginning of recovery to full recovery (stabilization or a new decline in availability). This
means that each perturbation in availability behavior will have two cycle vectors associ-
ated with one of three possible states.

A state is defined as a grouping of vectors that share a common direction, determined
by their inclination relative to the temporal axis. This inclination is calculated via the vec-
tor angle, allowing for classification into three primary states:

e Deterioration: Vectors with negative inclination, signaling a drop in availability.
e  Stability: Horizontal vectors, reflecting constant availability.
e Recovery: Vectors with positive inclination, indicating an increase in availability.

The categorization of states depends directly on the vector’s inclination; thus, the an-
gle formed with respect to the time axis is determinant for this classification. Table 2 pre-
sents the angular ranges corresponding to each defined state.

Table 2. States According to Angle.

State Angle
Recovery 0°<6<90°
Deterioration 270° < 0 < 360°

Stability 0 =0° 0 =360°

Note that vectors within the angular range > 90° to <270° are not possible. Values in
this range would imply displacement solely along the vertical axis (y-axis) or a backward
displacement along the temporal axis, which is impossible given that the horizontal axis
represents the passage of time.

This classification transforms the sequence of vectors into a chain of states (deterio-
ration, stability, recovery), simplifying the understanding of system evolution and allow-
ing analysis to focus on critical moments of change. Conversely, a recovery state is asso-
ciated with the fact that performed maintenance actions begin to consolidate, causing an
increase in the availability indicator.

4.3. Closure Vectors

Once the series of states has been established and considering that each disruptive
event affecting system availability can be represented by at least one deterioration vector
and one recovery vector, a new vector is generated that connects the onset of the deterio-
ration state with the end of the recovery state. This vector is referred to as the closure
vector (Figure 2d, green vectors).

The procedure of obtention of each closure vector is represented in Equation (4). The
resulting vector concentrates the accumulated change in the entire phase in its magnitude,
the predominant trend (ascending in recoveries or descending in drops) in its angle, and
the total state duration in its temporal component.

n n
W)closurej = Z El) = (Z At;, Z Adi) (4)

n
i=1 i=1 i=1
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where the involved variables are identified as:

e  j:Identifier suffix for the state closure vector.
e n: Number of consecutive vectors within a state.

The following pseudo-code (Algorithm 1) outlines the logic for identifying these
events and constructing the associated vectors using a peak-detection approach.

Algorithm 1 Vectorization of Availability Time Series for Resilience Calculation
1: Input: Time series T = {(tq, Ag), (t1, A1), ..., (tn, An)}

2: Output: Set of geometric triangles T = {44, 4,, ..., 4;}

3:

4: procedure ExtractVectors(T)

5: A <100 —T.A P> Invert series to treat drops as peaks

6: V « detect_peaks(4,mpd = 1,mph = 5) /> Identify indices of maximum disruption
7: for each index i € V do

8: Pyart < (ti_1,A;_1) D Pre-event baseline

9: Poin < (t;, 4;) D Vertex of maximum perturbation

10: Peng < (tiv1,Aiv1) £ Recovery point

11: Vector Definition:

12: Vperiod < Prmin — Pstart £ Downward vector (Green)

13: Deosure < Pend — Pmin £ Recovery vector (Red)

14: Euclidean Side Lengths:

15: a< ”ﬁperiod”

16: b« "ﬁclosure”

17: C < "Pend - Pstart”

18: 0 « atan2(Vqosure: V> Velosure- X) £ Calculate closure angle
19: 4; < (a,b,c,0)

20: add 4; to T

21: end for

22: return T
23: end procedure

The angle O of the closure vector with respect to the horizontal axis is a critical indi-
cator that can represent the quality of recovery and, therefore, the degree of the asset or
system of asset resilience. This angle varies within the range [-90°, 90°]. When the angle
is negative, it means that the availability achieved through the recovery process is lower
than the availability level prior to the disruptive event. Conversely, when the angle is
positive, it indicates that the availability reached as a result of the recovery process ex-
ceeds its initial value before the shock. Therefore, the goal is © — 90°, which would indi-
cate a rapid and significant recovery.

The closure vector representation is an intentional modeling simplification: the re-
covery trajectory between the disruption onset and the recovery endpoint is abstracted as
a straight line, characterized entirely by its magnitude and inclination angle 6. As a con-
sequence, two disruption events sharing identical start and end points but differing in
their intermediate recovery dynamics—for instance, a convex profile in which most of the
recovery occurs early, versus a concave profile in which recovery accelerates only near the
end —yield identical closure vectors and therefore identical values of Fa and g. The indi-
cator captures end-state recovery fidelity but does not distinguish trajectory shape. This
simplification is considered appropriate for the industrial context addressed in this work
for two reasons. First, availability data from production systems are measured at discrete
intervals and subject to operational noise, superimposed maintenance events, and Monte
Carlo sampling variability. Under these conditions, the intermediate trajectory between
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disruption and recovery is not a smooth analytical curve but a noisy signal around a cen-
tral tendency; the closure vector provides a robust estimate of that tendency, less sensitive
to measurement noise than any metric attempting to follow the exact intermediate path.
Second, from a maintenance management perspective, the operationally relevant question
is how much availability was lost and how quickly the system returned to its nominal
level —not the precise shape of the path between those two states. The closure vector an-
swers that question directly.

Future extensions of the framework could replace the straight-line closure vector
with a parametric curve fit—such as a logistic or Gompertz function —or employ line in-
tegrals over the actual recovery path to capture trajectory-dependent recovery dynamics.
A complementary shape index, defined as the ratio of the actual recovery area to the tri-
angular area, could also be introduced as a secondary descriptor without modifying the
core geometric formulation.

4.4. Impact Triangle and p Definition

Once all Cycle Vectors (indicated in red) and Closure Vectors (indicated in green)
have been defined across the time series, they collectively establish a sequence of closed
geometric shapes. Specifically, these intersections define a series of triangles spanning the
duration of the study. Within this framework, each individual vector is no longer viewed
merely as a directional displacement but is instead treated as a formal side of a triangle.
Each segment of the cycle and its corresponding closure vector form the boundaries of
these shapes. It is important to note that since the Theta angles () of each identified tri-
angle are non-zero, the resulting figures are characterized as inclined triangles.

The proposed resilience metric is based on the fundamental principle of analyzing
triangular areas derived from the vector transformation of the availability time series.
Therefore, these areas make it possible to calculate the proportion between the area of
each triangle representing the loss of availability and the area of the region associated with
a theoretical situation without damage due to disruptive events. This approach has the
following advantages:

e The projections of the closure vector correspond to the recovery time in response to
the disruptive event.

e It is applicable to systems regardless of whether their performance can be fully re-
stored within the time considered as recovery time.

Once these triangles have been geometrically defined by the cycle and closure vec-
tors, their specific properties can be quantified. To determine the magnitude of the impact
or performance within each segment, the area of each triangle is calculated using Heron’s
Formula. By utilizing the lengths of the three vectors that constitute the sides of the trian-
gle (a, b, c), the semi-perimeter (s) is first established:

_a+b+c
T2

Then, the triangle area (A) is computed as the square root of the product of the semi-

©)

S

perimeter and its differences with each side, expressed as:

A=s(s—a)(s—b)(s—c) (6)

The proposed metric, based on the vectorial approach, enables a geometric analysis

focusing on the impact, duration, and trend of each cycle. These three elements are im-
plicit in the triangle area which is fundamental for quantifying the resilience indicator.
The resilience for a specific event or cycle is calculated as the product of two dimen-
sionless factors derived from geometric analysis: a normalized area ratio that quantifies
the extent and depth of the availability loss relative to the most severe event in the series,
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and an angle-based weighting factor derived from the inclination of the closure vector,
which penalizes incomplete or slow recoveries while rewarding rapid restoration beyond
the pre-shock baseline. To quantify the performance and resilience of the system, this
study introduces a resilience indicator, p;, which is based in a vectorial approach. The
indicator is defined by the following expression:

B A?mg (1 — sin 9) )
P max(A™9) 2

where AY™ represents the evaluated area of the damage triangle and max(A?™?) de-

notes the maximum area of the damage triangle among all the triangles along the entire
period under analysis (see Figure 3). Normalizing by max() ties the indicator’s scale to the
most severe event within the analyzed period, making i suitable for intra-system, intra-
period comparison—which is the primary objective of the present study. This normaliza-
tion strategy has two known limitations. First, if the same system is analyzed across dif-
ferent time windows and the maximum damage event differs between windows, o values
are not directly comparable across periods; for longitudinal benchmarking, max(A%"s)
should be fixed to a reference value established during an initial calibration period. Sec-
ond, if two different systems are compared and their respective maximum damage events
differ in magnitude, their o values are normalized against different references; a value of
p=0.4in system A does not imply the same absolute resilience loss as p =0.4 in system B.
Users intending cross-system benchmarking should adopt one of the alternative normal-
ization strategies discussed in Section 7. The term (@) serves as the Angle Factor, a

dimensionless weighting component that penalizes incomplete or slow recoveries based
on the inclination of the closure vector. The sine function was selected because sin 6 di-
rectly represents the vertical component of the unit closure vector in the time-availability
plane, providing a geometrically grounded measure of recovery magnitude relative to
recovery duration. No additional calibration parameter is introduced, and the function
possesses four desirable mathematical properties. First, continuity: sin 0 is continuous on
R, so Fa is continuous on [-90°, 90°] with no discontinuities or artificial thresholds. Second,
strict monotonicity: the derivative dFa/d0 = —cos 0/2 is strictly negative on the open inter-
val (-90°, 90°), meaning that a higher closure vector angle—corresponding to faster and
more complete recovery—always produces a lower penalty, without exception. Third,
normalization: Fa (90°) = 0 and Fa (-90°) =1, so the factor maps exactly onto [0, 1] without
requiring any post hoc rescaling. Fourth, maximum sensitivity at 6 = 0°: since |dFa/d0| =
cos 0/2 is maximized at 0 = 0°, the factor is most discriminating precisely in the range of
intermediate recovery trajectories, where differentiation between system configurations
is most operationally relevant.

The resilience indicator p; is formulated as a damage-based metric, analogous to the
resilience loss function of Bruneau et al. [7]. Consequently, higher values of p; indicate
greater resilience loss (a more severe or poorly recovered disturbance event), while lower
values indicate better system resilience. A value of p; = 0 would correspond to an ideal-
ized instantaneous recovery that fully restores or exceeds the pre-shock availability level.

The behavior of the weighting component within the resilience indicator is illustrated
in Figure 4. This polar plot maps the response of the Angle Factor, Fa, across an angular
range from 90° to —90°. As observed, the function exhibits a non-linear monotonic increase
as the angle 6 transitions from positive to negative values. Specifically, at the zenith (6 =

90°), the factor nullifies, representing an idealized structural state. The neutral condition
(6 = 0°) yields a factor of 0.5, serving as the baseline for standard configurations. Con-
versely, as the angle reaches -90°, the factor attains its maximum value of 1.0, which max-
imizes the magnitude of the resilience coefficient p, thereby indicating a critically de-
graded state. This visual representation confirms that the proposed trigonometric
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weighting effectively penalizes negative structural configurations while rewarding posi-
tive geometric orientations. Figure 5 presents a comprehensive 3D surface plot visualizing
the relationship between the resilience index, (plotted on the Z-axis), and its two defining
components: the Area Ratio and the 6. This isometric view provides a clear perspective
on the indicator’s behavioral domain with a color gradient, ranging from green, repre-
senting favorable high-resilience conditions, to red, signifying critical low-resilience
states. The response surface reveals that the Area Ratio scales the overall magnitude of the
indicator, while the angle factor governs the shape of the decay curve.

Analyzing the surface graphs, one can observe that the Resilience indicator is max-
imized at an Area Ratio close to 1.0 and with steep negative fall angles, signifying high-
velocity recovery. In addition, a systematic decline in resilience as the angle approaches
90°, marking the threshold where the system possesses zero reactive capacity against the
perturbation.

The proposed methodology allows for the dynamic evaluation of resilience through-
out the operational life of an asset. As illustrated in Figure 3, the availability time series is
characterized by a sequence of “period vectors” (red) and “closure vectors” (green). Each
significant disruption in the series forms a distinct geometric unit—a triangle —defined by
the deviation between the planned availability and the actual performance recovery.
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Actual Actual
?s% Performance Performance
2 %) Q
[
% N s
e %, N
QJA 0,
N
&
<
P

Time
Figure 3. Impact triangle concept.

Angle Factor: Function F; = (1 — sin(6))/2

Curve (1 —sin(6))/2

90°

Figure 4. Closure vector impact, graphic representation.
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Resilience by Angle: R=(A/A_max) x (1 -sin 0) /2

Resilience by Angle: R= (A /A_max) x (1 -sin 0) /2
Rear View

Front-Left Isometric View

90°

0.8

Resilience
Resilience

0.0

0.0

(a) (b)

Figure 5. Surface plot of the relationship between the resilience index and its two defining compo-

nents: the Area Ratio and the 6 angle. (a) Front-Left Isometric view. (b) Rear View.

Individual Event Quantification: For each discrete disruptive event i, an individual
resilience coefficient p; is calculated (by applying Equation (7)). This value serves as a
specific indicator of the system’s response to a specific perturbation at time . This allows
for the identification of specific events where the system exhibited either high vulnerabil-
ity (high p;) or robust recovery (low p;).

Aggregate Resilience for Longitudinal Analysis: While p; provides insights into iso-
lated incidents, industrial asset management often requires a single, representative metric
to benchmark the overall performance of a system over a sustained period (e.g., a fiscal
year or a complete maintenance cycle). In such cases, where the time series includes mul-
tiple disruptive events, the global resilience indicator (p) is determined by the arithmetic
mean of all individual coefficients calculated for the series:

'5=

S|r

n

pi &)
i=1
where 7 is the total number of identified triangles within the analyzed timeframe. This
aggregate value p provides a stabilized metric that smooths out stochastic variations, al-
lowing for a high-level comparison between different systems or the tracking of the same
system’s degradation over several years.

The computational algorithm for quantifying system resilience is formalized in Al-
gorithm 2. This procedure executes the transition from raw geometric data and triangular
representation —derived from the availability time series—into a normalized, longitudi-
nal indicator suitable for asset management benchmarking.

Disruption events are identified automatically from the structure of the availability
time series, without requiring user-defined threshold parameters. The algorithm detects
local minima— points where availability reaches a value lower than all neighboring ob-
servations —followed by the nearest local maximum representing the recovery peak. Each
minimum-maximum pair defines one disruption-recovery cycle. The depth of the local
minimum relative to the pre-disruption level and the temporal distance to the recovery
peak are computed descriptors of each detected event, derived entirely from the data. This
procedure is self-calibrating and requires no domain-specific parameter tuning, making it
directly applicable to availability series from different industrial contexts without modifi-
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cation. This approach facilitates the transition from event-based analysis to a longitudinal
management perspective, enabling the benchmarking of different assets or the evaluation
of a single system’s resilience evolution throughout its lifecycle. The following section
analyses the indicator’s typical behavior across various post-shock system responses.

Algorithm 2 Calculation of the Resilience Indicator (p)

1: Input: Set of Triangles T = {44, 4, ..., Ay}, Maximum Area Ay qy
2: Output: Resilience coefficients {p4, pz, ..., pr.} and Global Mean p
3:

4: procedure ComputeResilience(T, Apayx)

5: Total_ Rho < 0

6: n « count(T)

7: foreach A; = (a,b,c,0) in T do

8: 1. Calculate Semi-perimeter (s):

9: s—(a+b+c)/2

10: 2. Calculate Evaluated Area (A.,) via Heron’s Formula:
11: Agy <—\/s(s—a)(s—b)(s—c)

12: 3. Determine Weighting Factor (W):
13: W « (1 —sind)/2

14: 4. Compute Individual Resilience (p;):
15: pi < (Aev/Amax) W

16: Total_Rho < Total_Rho + p;

17: Save p;

18: end for

19: 5. Calculate Global Longitudinal Resilience (p):
20: p < Total_Rho/n

21: return {p;}, p

22: end procedure

4.5. Base Case Study: Assessing the Sensitivity of p;

In this initial phase, the behavior of the resilience metric was evaluated against con-
trolled variations in the geometry of availability loss events. Six distinct scenarios (Set-
tings) were considered to observe how the ‘shape’ of the failure effects —and the resulting
availability behavior —impacted the final resilience indicator. Figure 6 illustrates the avail-
ability patterns in response to a failure event. Table 3 displays the resilience indicator val-
ues calculated for each respective case.

Table 3. Resilience indicator values calculated for each respective setting.

Setting Event Description Resilience (p)
Setting 1 Moderate drop (90% to 70%) with a rapid 4-period recovery. 0.150
Setting 2 Abrupt drop (90% to 30%) with the same rapid recovery time. 0.450
Setting 3 Abrupt drop (90% to 50%) followed by an incomplete recovery stabilizing at 70%. 0.594
Setting 4 Moderate disruption where the system improves to 80% availability from a 60% baseline. 0.006
Setting 5 Deep drop to 30% availability with an exceptionally fast, complete recovery. 0.300
Setting 6 Same depth as Setting 5, but with a more gradual recovery, increasing the event area. 0.750

Lower o = better resilience; higher o = greater resilience loss.

https://doi.org/10.3390/systems14070828



Systems 2026, 14, 828

15 of 26

Availability

Availability

Setting 1

Setting 2 Setting 3

e

10 15 2.0 25 3.0

Setting 4

4.0 45 5.0

o

15 20 25 3.0 35 4.0 45 5.0 10 15 2.0 25 3.0 35 4.0 45 5.0
Setting 5 Setting 6

10 15 2.0 25 3.0
Time

4.0 45 5.0 1 2 3 4 5 6 7
Time Time

~
w
IS
«
o

Figure 6. Availability patterns addressed by the sensitivity study.

The six experimental settings provide a granular look at how the proposed resilience

indicator (p) responds to diverse disruptive geometries. By keeping the recovery time con-

stant in several scenarios while varying the depth and stability of the recovery, the metric

demonstrates a sophisticated ability to prioritize the “quality” of system restoration over

mere survival. The contrast between Settings 1, 2, and 3 highlights the metric’s sensitivity

to the final state of the system post-shock:

Recovery to Baseline: In Setting 1 and 2, despite significantly different drop depths
(70% vs. 30% availability), both systems return exactly to their original 90% state. The
resulting p values (0.150 and 0.450) reflect that the indicator effectively weights the
area of lost availability while acknowledging the successful return to a 0° angle.
System Degradation: Setting 3 presents a critical case where the system fails to reach
its pre-shock level, stabilizing at 70% instead of 90%. The negative recovery angle (6
< 0°) acts as a penalty, reflecting a loss of long-term system integrity despite a seem-
ingly higher p (0.594) compared to the deep drop of Setting 2.

Setting 4 offers the most distinct result, where a system initially at 60% availability

recovers to a superior 80% state.

Positive Angular Influence: This scenario results in a recovery angle greater than 0°,
which the model interprets as a beneficial adaptation.

Critical Resilience Threshold: Interestingly, this setting yielded the lowest numerical
p (0.006). This suggests that while the “quality” of recovery was high (positive an-
gle), the prolonged duration spent at the 40% nadir during the event created an
“event area” so substantial that the system’s immediate resilience was nearly com-
promised.

The comparison between Settings 5 and 6 isolated the variable of recovery speed fol-

lowing identical deep drops to 30%:

Exceptional Velocity: Setting 5 features an “exceptionally fast” recovery, resulting in
a p of 0.300. The minimized duration of the disruption is key here, as the system
spends very little time in a failed state.

Gradual Recovery Penalization: Setting 6, with its gradual recovery, produced a
much larger event area. Consequently, its resilience score rose to 0.750. This demon-
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strates that the indicator is highly sensitive to the integral of lost availability over
time; the longer a system lingers in a sub-optimal state, the more its resilience indi-
cator is negatively impacted, regardless of achieving a full final recovery.

These six cases confirm that the proposed indicator is not a static measurement of
failure depth. Instead, it is a dynamic assessment of absorptive capacity (how much avail-
ability is lost) and restorative quality (the angle and speed of the return). The results vali-
date that the most resilient systems are those that minimize the area of disruption and,
where possible, leverage the recovery phase to improve the system’s baseline state. In the
next section, a case study using actual operational data is presented to illustrate the per-
formance and applicability of the indicator regarding modifications in the configuration
of a production system.

5. Case Study: A Comminution Plant
5.1. Milling Area Description

This case study is based on a real mining operation located in northern Chile, specif-
ically focusing on the comminution circuit of a sulfide copper concentrator. The analysis
is focused on the milling stage, a critical process for maximizing recovery in subsequent
flotation stages. The operational sequence begins with primary crushing and feeding into
the Semi-Autogenous Grinding (SAG) mill. The discharge from the SAG mill is then
screened; the oversize fraction (pebbles) is recirculated, while the undersize fraction forms
a slurry that must be transported under specific hydraulic conditions.

Historically, this specific plant has faced a bottleneck in its milling lines. Operational
data indicates that ball mills underperform compared to SAG mills, primarily due to the
high failure rate of the hydrocyclone feed pumps. These pumps are critical for maintain-
ing the correct pressure and density in the classification stage; any failure here results in
an immediate loss of system availability.

5.2. System Architecture and Modeling

The actual system consists of four independent processing lines, each designed to
handle 25% of the total throughput.

To model the system’s logic, each line was represented through a series of functional
blocks (RBD). Each asset is identified by a standardized alphanumeric TAG (Figure 7):

e ML-01 to ML-04: Ball Mills.
e  PP-01 to PP-04: Hydrocyclone Feed Pumps.
e  (S-01 to CS-04: Hydrocyclone Batteries.

LINE No.l —25% LINE No.2 —25% LINE No.3 —25% LINE No.4 — 25%
HYDROCYCLONE | |  BALLMILL | |  FEEDPUMP |
BATTERY No.1 CS-0001 No.1 ML-0003 No.1 PP-0001
|:I Series component
HYDROCYCLONE BALL MILL FEED PUMP I:I Bottleneck component
BATTERY No.2 CS-0002 No.2 ML-0004 No.2 PP-0002
IN—T —— OuT
HYDROCYCLONE | | BALL MILL FEED PUMP
BATTERY No.3 CS-0003 No.3 ML-0005 No.3 PP-0003
HYDROCYCLONE | | BALL MILL | ] FEED PUMP | ]
BATTERY No.4 CS-0004 No.4 ML-0006 No.4 PP-0004

Figure 7. Original system configuration.
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Reliability, Availability and Maintainability (RAM) parameters were derived from

historical plant logs [21-23]. The following distributions were utilized for the Monte Carlo

simulation:

Failure behavior: Modeled using Weibull distributions for all components, capturing
both infant mortality and wear-out phases.

Repair Behavior: Modeled using Lognormal distributions for pumps and cyclones,
while ball mills followed a Weibull repair profile due to the complexity of mechanical
interventions.

A sensitivity analysis using the Jack-Knife technique was implemented to prioritize

interventions and assets. This method plots assets based on their Mean Time to Repair

(MTTR) against their total number of failures.

Zone IV (Chronic/Acute): All feed pumps were located here, indicating a higher-
than-average failure frequency.

Zone Il (Acute): The ball mills occupied this quadrant, characterized by fewer failures
but significantly high repair times due to the magnitude of the equipment (e.g., liner
replacements, motor failures).

Based on the identified bottleneck, the study moved from a single-pump serial con-

figuration to three alternative redundancy-based architectures to enhance resilience:

1.

Fractional Configuration: Two pumps share the load, each operating at 75% of its
nominal capacity to reduce individual wear (Figure 8).

FEED PUMP No.1
PP-0001 (75%)
HYDROCYCLONE BALL MILL
BATTERY CS-0001 No.1 ML-0003
FEED PUMP No.2

PP-0002 (75%)

FEED PUMP No.3
PP-0003 (75%)

I:l Series component

HYDROCYCLONE BALL MILL
I:l Parallel pumps (75% each)

BATTERY CS-0002 No.2 ML-0004

FEED PUMP No.4
PP-0004 (75%)

— OuUT

FEED PUMP No.5
PP-0005 (75%)
HYDROCYCLONE BALL MILL
BATTERY CS-0003 No.3 ML-0005
FEED PUMP No.6
B
- )

PP-0006 (75%)

FEED PUMP No.7
PP-0007 (75%)

HYDROCYCLONE BALL MILL
BATTERY CS-0004 No.4 ML-0006

FEED PUMP No.8
PP-0008 (75%)

Figure 8. Fractioned system configuration.

2.

Parallel Configuration (Active/Active): Both pumps run simultaneously at full capac-
ity. If one fails, the remaining unit can handle the total line demand, ensuring process
continuity (Figure 9).
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FEED PUMP No.1
PP-0001 (100%)
HYDROCYCLONE BALL MILL
BATTERY CS-0001 No.1 ML-0003
FEED PUMP No.2
- )

PP-0002 (100%)

FEED PUMP No.3 l:] Series component
3 (100%) .
HYDROCYCLONE BALL MILL El Active parallel pumps (100%)
BATTERY CS-0002 No.2 ML-0004
FEED PUMP No.4 Both pumps run simultaneously.
ELELLIENUL ) If one fails, the other covers
full demand.
— OouU
IN—
FEED PUMP No.5
5 (100%)
HYDROCYCLONE BALL MILL
BATTERY CS-0003 No.3 ML-0005
FEED PUMP
PP-0006 (100%)
FEED PUMP No.7
PP-0007 (100%)
HYDROCYCLONE BALL MILL
BATTERY CS-0004 No.4 ML-0006
FEED PUMP No.8
PP-0008 (100%)

Figure 9. Parallel system configuration.

3. Standby Configuration: A primary pump operates while a second remains in reserve.
The backup only enters the critical path if the primary unit fails or requires mainte-
nance (Figure 10).

FEED PUMP No.1

PP-0001 [ACTIVE]
HYDROCYCLONE BALL MILL
BATTERY CS-0001 No.l ML-0003 jmT T == b
_y FEEDPUMPNo2 I _
| PP-0002 [STAND-BY] |
_________ -
I:I Series component
FEED PUMP No.3 D .
PP-0003 [ACTIVE] Active pump (100%)
HYDROCYCLONE BALL MILL r=
BATTERY CS-0002 No.2 ML-0004 |jmmmm————— " I — 1 Stand-by pump (reserve)
_y FEEDPUMPNo4 I _
1_PP-0004 [STAND-BY] | - = Conditional path
—— QUTStand-by unit activates only
IN upon primary pump failure.
FEED PUMP No.5
PP-0005 [ACTIVE]
HYDROCYCLONE BALL MILL
BATTERY CS-0003 No.3 ML-0005 |m———————— B
_1 FEEDPUMPNo§ | _
| PP-0006 [STAND-BY] |
_________ -
FEED PUMP No.7
PP-0007 [ACTIVE]
HYDROCYCLONE BALL MILL
BATTERY CS-0004 No.4 ML-0006 |- T === A

_3 FEEDPUMPNos | _
| PP-0008 [STAND-BY]

1
_________ -

Figure 10. Standby system configuration.

For each scenario, system availability performance was simulated over a 12-month
horizon discretized into monthly evaluation intervals. The resilience index was computed
per maintenance cycle as the normalized area between the simulated availability curve
and an ideal upper bound, capturing both the depth and duration of availability degra-
dation events.

For these hypothetical configurations, maintenance scheduling was structured to op-
timize resources and maximize operational availability while minimizing process disrup-
tion. The addition of a new asset enables the revision and implementation of new mainte-
nance strategies:
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5.2.1. Plant Shutdown Strategy (Mills)

The plan focuses on two semi-annual major plant shutdowns dedicated to the four
ball mills (ML-01 to ML-04). These shutdowns concentrate technical resources on liner
replacements, which define the grinding system’s critical path.

5.2.2. Pumping Line Intervention Logic

A staggered, parallel execution strategy was designed for the feed pumps (PP-01 to

PP-04):

e  Simultaneous Execution: Two pumping lines are overhauled concurrently to opti-
mize maintenance crews.

e  Operational Staggering: A two-month offset is established between the first and sec-
ond pair of lines, ensuring continuous backup capacity and preventing repair shop
saturation.

¢ Major Shutdown Synchronization: Pump overhauls are scheduled to coincide with
mill shutdowns whenever frequency permits, utilizing mill downtime to replace
pumps without causing additional production losses.

e  Fractional and Parallel Offset: Within the same operating line, fractional and parallel
configuration tasks are offset by one week from the primary intervention. This buffer
balances the workload and facilitates staggered commissioning tests.

e  Standby Units Policy: No scheduled maintenance is planned for standby units due
to their minimal mechanical wear from low operation. Maintenance is limited to vis-
ual inspections prior to status changes (standby to operational), avoiding unneces-
sary tasks that do not add system reliability.

5.3. Resilience Quantification.

Once the alternative configurations were constructed, using the aforementioned
RBDs and reliability and maintainability distributions, along with the adaptation of
maintenance plans to these new configurations, RAM [21-23] analyses were performed
via Monte Carlo experiments [24-26], and the series of systemic availability values were
obtained for each of these configurations. Using these availability time series, resilience
indicators were calculated to analyze which of the proposed configurations would allow
the system to gain greater resistance and recovery capacities. Table 4 displays the values
of these indicators.

Table 4. Resilience Indicator for each of the alternative configurations.

Settings Cyclel Cycle2 Cycle3 Cycle4 Cycle 5 p
Baseline 0.001 0.184 0.012 0.044 — 0.0603
Fractional 50% 0.079 0.022 0.078 — — 0.0597
Fractional 70% 0.003 0.086 0.019 0.006 0.062 0.0352
Parallel 0.002 0.129 0.004 0.149 — 0.0710
Standby 0.002 0.217 0.006 0.079 — 0.0760

Lower p = better resilience.

5.4. Discussion

The resilience indices of Table 4 are interpreted below along three practical
dimensions: (1) concentration of resilience loss—whether g is dominated by a single event
or distributed across cycles; (2) its drivers—depth of availability drop (robustness deficit)
versus slowness of recovery (rapidity deficit); and (3) the maintenance action each profile
suggests. All configurations fall within the resilient-to-acceptable performance range (o <
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0.40), confirming that the evaluated topologies represent genuine engineering alternatives
rather than clearly inferior choices.

Relevant application domains include manufacturing systems—where the indicator
complements OEE metrics with recovery dynamics—power systems, transportation
networks, healthcare equipment management, and cyber-physical infrastructures, each
characterized by availability time series amenable to the same geometric treatment.

Baseline Configuration

Under the baseline configuration, system availability fluctuates between approxi-
mately 72% and 97% across the 12-month simulation horizon (Figure 1). The most pro-
nounced availability drop occurs at month 5, corresponding to the first major planned
shutdown of all ball mills. Subsequent recovery is partial, and additional drops are ob-
served at months 8 and 11, aligned with pump preventive maintenance windows. The
event areas, represented by the shaded regions in Figure 11, highlight the cumulative
availability loss attributable to each maintenance cycle.

The resilience analysis for the baseline scenario identifies Cycle 2 as the most impact-
ful maintenance event, yielding a resilience index of 0.184 (Figure 11). Cycles 1, 3, and 4
exhibit substantially lower indices (0.001, 0.012, and 0.044, respectively), indicating that
the first major plant shutdown concentrates the bulk of productive loss for this configura-
tion.

Event Areas - Baseline

—e— Availability (Bascline)
[ Eventarea

Availability (%)

-3

Event Areas - Stand by

6 8 10 2
Time

Event Areas - Parallel

Availability (%)

Time Time

Figure 11. Availability behavior for alternative scenarios.

The concentration of resilience loss in Cycle 2 identifies the simultaneous ball mill
shutdown as the dominant vulnerability. Improvement efforts should target the recovery
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time of that specific event—through spare parts pre-positioning or phased restart se-
quencing—rather than the overall failure rate.

Fractional 50% Configuration

The fractional 50% scenario demonstrates a different availability profile relative to
the baseline. Initial months (1-3) exhibit a progressive ramp-up from approximately 85%
to 94%, reflecting system settling under partial pump loading. The lowest availability
point (approximately 77%) is also recorded at month 5 due to the ball mill shutdown, but
the recovery trajectory is faster and the inter-cycle dips are less severe (Figure 11). Avail-
ability stabilizes above 93% for most of the second half of the simulation horizon.

The resilience index distribution for the fractional 50% scenario shows a more bal-
anced profile across cycles (Figure 11). Cycle 1 exhibits the highest index (0.079), attributed
to the system initialization transient. Cycles 2 and 3 display lower values (0.022 and 0.078),
while the overall distribution indicates that no single maintenance event dominates the
resilience loss, in contrast to the baseline scenario.

The balanced cycle distribution implies no single dominant intervention point. A
generalized incremental maintenance strategy across all pump lines is more appropriate
than a focused corrective action.

Fractional 70% Configuration

At 70% fractional pump loading, the availability profile is generally higher than the
50% case during the first four months, reaching approximately 97% at month 4 (Figure
11). However, the major shutdown at month 5 drives a sharper drop to approximately
80%, followed by rapid recovery. A second notable dip occurs at month 11, associated
with the November pump maintenance. The initial months (1-3) show lower availability
than months 4 onward, which is consistent with the time required for the system to reach
a steady operational state under this loading fraction.

The resilience index for the fractional 70% configuration reveals five distinct mainte-
nance cycles, with Cycle 2 being the most impactful (0.086) and Cycle 4 the least (0.006).
Cycle 5 presents an index of 0.062, reflecting the November shutdown overlap. The dis-
tribution suggests that the fractional 70% configuration effectively distributes resilience
loss across multiple cycles, without the concentration peak observed in the baseline.

The lowest mean o (0.0352) combined with distributed cycle indices identifies this
configuration as the best balance between resilience performance and maintenance re-
source distribution, making it the preferred option under constrained maintenance budg-
ets.

Parallel Configuration

The parallel configuration achieves the highest baseline availability among all sce-
narios evaluated, consistently exceeding 97-98% during non-maintenance periods (Figure
11). The availability curve remains stable for the first three months before the ball mill
shutdown at month 5 causes a drop to approximately 80%. Recovery is rapid and com-
plete within a single time step. A second dip at month 11 mirrors the behavior of other
configurations, though from a higher baseline level. The low variability between peaks
and troughs in this scenario reflects the redundancy benefits of the full parallel pump ar-
rangement.

Resilience indices for the parallel configuration (Figure 11) show Cycle 4 as the most
impactful event (0.149), followed by Cycle 2 (0.129). Cycles 1 and 3 present low values
(0.002 and 0.004, respectively). The presence of high resilience indices in two non-consec-
utive cycles suggests that the parallel arrangement, while providing high steady-state
availability, may be more sensitive to the accumulation of simultaneous maintenance de-
mands during the second half of the year.

The concentration of loss in two non-consecutive second-half cycles suggests sensi-
tivity to overlapping maintenance demands. Staggering pump overhauls to avoid simul-
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taneous intervention in the July-November window would reduce both Cycle 2 and Cycle
4 indices without requiring any topological change.

Standby Configuration

The standby configuration exhibits availability behavior closely resembling the par-
allel scenario, with sustained values between approximately 97% and 98.5% outside of
maintenance windows (Figure 9). The month-5 and month-11 dips follow the same pat-
tern, with troughs of approximately 80% and 81%, respectively. The minimal variation
during non-maintenance periods confirms that the cold standby reserve effectively sup-
plements system capacity without imposing significant additional failure exposure.

Resilience indices for the standby configuration (Figure 11) reveal Cycle 2 as the dom-
inant event (0.217), the highest resilience index recorded across all scenarios—recalling
that higher o values indicate greater loss. This result reflects that, despite high steady-state
availability, the system’s response to the first major planned shutdown produces a dis-
proportionately large area under the degradation curve when standby units are not com-
mitted to active production. Cycles 1, 3, and 4 show lower values (0.002, 0.006, and 0.079,
respectively). This profile identifies the switching mechanism as the critical intervention
point. Investment in automatic switchover systems and regular activation testing would
reduce the Cycle 2 index more effectively than any other action. The standby configuration
concentrates its vulnerability at a predictable and manageable point—a more favorable
risk profile than distributed unpredictable loss.

5.5. Comparative Analysis of Resilience Vectors

The Standby configuration emerged as the most resilient in cycles 1 and 3. Its success
lies in the switching logic: since repairs occur “off-line,” the system minimizes its time in
a degraded state and returns to baseline availability almost immediately.

In contrast, the Parallel configuration showed its strength in Cycle 2, where it sur-
passed Standby. Its active redundancy creates a stable “plateau” that absorbs disruptive
events with lower depth.

More broadly, the proposed indicator supports configuration selection and mainte-
nance prioritization in any production system by decomposing resilience loss into its two
constituent dimensions: the normalized area ratio, which quantifies the depth and dura-
tion of the availability drop, and the Angle Factor, which characterizes the quality and
speed of recovery. This decomposition allows practitioners to determine whether a sys-
tem’s resilience deficit is driven by insufficient robustness —requiring investment in re-
dundancy or failure prevention—or by insufficient rapidity —requiring improvement in
maintenance response capability, spare parts logistics, or switchover mechanisms. The in-
dicator thus transitions asset management from static availability averages toward a dy-
namic, trajectory-sensitive diagnostic that is directly actionable without requiring addi-
tional analytical tools.

Although validated in a mining context, the proposed indicator is transferable to any
system for which an availability time series can be constructed. The geometric framework
operates on normalized availability data and makes no assumptions about the underlying
failure distribution, making it domain-agnostic by construction. Across different domains,
the primary requirement is a reliable availability time series with sufficient temporal res-
olution to resolve individual disruption-recovery cycles; the event detection procedure
and geometric computation remain unchanged.

6. Conclusions

This research addressed the challenge of quantifying engineering resilience through
a novel approach based on the vector representation of time series. By transforming a set
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of scalar availability data into geometric vectors, we established a metric that captures not
only the magnitude of performance loss but also the dynamic characteristics of recovery.

Therefore, the proposed indicator successfully integrates two critical dimensions of
resilience: Robustness, measured via the normalized area ratio that quantifies the extent
and depth of the availability loss relative to the most severe event in the series, and Ra-
pidity, measured via the Angle Factor (FA), which evaluates the quality of recovery.

The application to the milling plant case study demonstrated that resilience is a func-
tion of system topology. The results showed that while Parallel configurations maximize
robustness (minimizing the drop), Standby configurations maximize rapidity (accelerat-
ing recovery). In both cases, better performance is reflected by lower values of o, the dam-
age-based resilience loss index proposed in this work. The vector indicator provides the
quantitative evidence needed to trade off these conflicting objectives based on operational
priorities. Thus, the vector method proved to be more sensitive to the “shape” of the re-
covery, distinguishing between slow, gradual recoveries and rapid, step-change restora-
tions.

Beyond its theoretical contribution, the proposed indicator delivers value at three
levels of engineering decision-making. At the strategic level, comparing o across redun-
dancy configurations provides quantitative evidence for system architecture selection
during the design phase, replacing qualitative judgment with a trajectory-sensitive metric
that captures both the depth and the dynamics of availability loss (Investment decisions).
At the tactical level, tracking o across successive observation periods enables early detec-
tion of gradual resilience degradation—a system whose individual event indices grow
consistently over time is signaling deteriorating maintenance effectiveness before that de-
terioration manifests as a significant availability loss. At the operational level, decompos-
ing o into its robustness component (normalized area ratio) and rapidity component (An-
gle Factor) directs corrective resources precisely: a deteriorating area ratio points to re-
dundancy gaps or reliability interventions, while a deteriorating Angle Factor points to
maintenance response capability —crew availability, spare parts logistics, or switchover
speed (maintainability). Together, these three levels position the proposed indicator as a
practical complement to traditional availability metrics in asset management, mainte-
nance planning, and resilience-oriented system design.

7. Limitations and Future Work

While the proposed methodology offers significant advancements, certain limitations
must be acknowledged to guide future research:

e  Self-calibrating event detection: The automatic detection of disruption events via lo-
cal minima and maxima is self-calibrating by design, but its performance depends on
the temporal resolution of the availability data. Series sampled at coarse intervals
may merge events that finer sampling would resolve as distinct cycles. Future work
should examine the effect of sampling resolution on event detection completeness,
particularly for systems with rapid, successive disruptions.

e Univariate Focus: The current model relies solely on availability as a proxy for per-
formance. Future iterations should expand the vector space to include multi-dimen-
sional variables, such as energy consumption, production quality, and maintenance
costs, creating a multi-variate resilience tensor.

e  The normalization of g; by max(Adms) is appropriate for intra-system comparison but
limits comparability across different systems or observation periods, since the refer-
ence event may differ in magnitude. Four alternative normalization strategies are
identified for future exploration. First, normalization by nominal availability Ao—
using the damage area corresponding to a total availability loss during the observa-
tion period as reference—enables cross-system comparison but requires a well-de-
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fined nominal availability level and may conflate resilience performance with oper-
ating margin. Second, normalization by the 95th percentile of the observed damage
area distribution provides robustness against atypical outlier events that would oth-
erwise compress all remaining values toward zero, at the cost of requiring a sufficient
sample of events for reliable percentile estimation. Third, normalization by the total
area of the observation period —the product of period duration and mean availabil-
ity —eliminates dependence on any individual event but introduces sensitivity to dis-
ruption frequency, such that a system with many small events may yield the same
normalized index as one with few large events. Fourth, normalization by an exter-
nally defined Maximum Damage Magnitude Threshold (MDMT) derived from con-
tractual service level agreements or engineering tolerance criteria anchors the indica-
tor to operational requirements, allows @ > 1 when the threshold is exceeded as a
natural alarm signal, and enables cross-industry benchmarking, but requires that
such thresholds be formally defined in advance. The selection among these alterna-
tives depends on the comparison objective: intra-system longitudinal tracking, cross-
system benchmarking, or regulatory compliance monitoring.

¢ Line of Sight (LoS) Simplification: The “closure vector” approach simplifies the tra-
jectory between the start and end of a disruption. Future work should explore using
line integrals to capture the full path dependency of complex, multi-stage recovery
processes.

¢ Dynamic Thresholds: The current normalization relies on fixed maximums (Mmax).
Developing dynamic or adaptive thresholds using machine learning could improve
the indicator’s applicability to non-stationary systems where the “nominal” baseline
evolves over time.

e  Domain Generalization: The present study validates the proposed indicator in a sin-
gle industrial context—a sulfide copper concentrator milling circuit. While the
method is transferable by construction to any system characterized by an availability
time series, empirical validation across diverse domains remains an open research
direction. Priority applications include manufacturing systems where OEE data are
readily available. Domain-specific considerations —particularly regarding the defini-
tion of nominal availability, the treatment of planned versus unplanned degradation,
and the assumption of event independence—should be examined systematically in
each new application context.

Declared Extensions and Ongoing Work

Three analyses emerge from the limitations discussed above as the immediate re-
search agenda of this framework. First, is a sensitivity analysis of the configuration rank-
ings under the four alternative normalization strategies characterized in this section, de-
signed to identify which conclusions are normalization-invariant. Second, a systematic
benchmarking of the proposed indicator ¢ against traditional scalar resilience metrics—
including mean availability and damage-area (Bruneau-type) resilience loss—across con-
trolled scenarios constructed to expose the blind spots of averaging metrics, particularly
configurations with similar mean availability but different recovery dynamics. Third, an
assessment of the practical impact of the straight-line closure-vector simplification
through the complementary shape index introduced in Section 4.3, with emphasis on
early-recovery-critical applications. The availability time series and computation scripts
underlying the present case study are available from the corresponding author upon rea-
sonable request to enable independent replication and comparison in the interim.
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