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Semi-physical Gamma-Process Degradation Modeling and Performance-Driven Opportunis-
tic Maintenance Optimization for LED Lighting Systems

Haohao Shi, Huy Truong-Ba, Michael E. Cholette, Brenden Harris, Juan Montes, Tommy Chan

• A performance-driven, simulation-in-the-loop framework is developed for opportunistic maintenance optimiza-

tion of large-scale LED lighting systems.

• A semi-physical non-homogeneous Gamma process with Bayesian calibration is proposed for LED package

degradation under accelerated tests.

• Competing package degradation and driver outages are integrated to define luminaire operating states for system-

level simulation.

• Static lighting indices are converted into a long-term dynamic deficiency-ratio metric using event-based

performance-deficiency durations.

• A surrogate-based performance mapping replaces repeated ray-tracing, enabling scalable Monte Carlo evaluation

and multi-policy optimization in a real case study.
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A B S T R A C T

Large-scale LED lighting systems degrade through gradual package degradation and abrupt

driver outages, while acceptability is determined by spatio-temporal illuminance compliance

rather than component reliability alone. This paper proposes a performance-driven, simulation-

in-the-loop framework for opportunistic maintenance optimization of LED lighting systems.

LED package degradation is modeled by a semi-physical non-homogeneous Gamma process

whose mean follows an exponential lumen-maintenance trend, and driver outages are described

by a Weibull lifetime model. Parameters are calibrated from LM-80 accelerated degradation data

via Bayesian inference, enabling uncertainty propagation to operating conditions. System per-

formance is evaluated using ray-tracing-based illuminance mapping, and static indices (average

illuminance and uniformity) are converted into a long-term dynamic deficiency-ratio metric via

performance-deficiency durations over event intervals. To enable scalable Monte Carlo policy

evaluation and search, a surrogate-based performance mapping replaces repeated ray-tracing

with negligible loss of fidelity. An opportunistic policy is optimized in a multi-objective setting

to balance performance deficiency, site visits, and replacements. A case study demonstrates

the practicality of the framework and the resulting Pareto trade-offs for maintenance decision

support.

1. Introduction

LED lighting systems are ubiquitous in buildings because they offer high efficacy, long service life, and flexible

control [2, 10, 29, 38]. The LED lighting systems inherently prioritize system performance as the primary criterion

guiding operation and maintenance management, since it directly affects occupant well-being and cognitive ability

[3]. In practice, lighting quality is not defined by the condition of any single luminaire, but by whether the working-

plane illuminance field satisfies prescribed requirements, typically expressed in terms of maintained illuminance and

illuminance uniformity [15, 17, 18]. These requirements are inherently spatial, and in large facilities they must be

delivered by hundreds to thousands of luminaires distributed across multiple zones.

Long-term performance assessment of such systems is non-trivial. Although luminaire degradations may be statis-

tically independent at the component level, their collective evolution drives strongly coupled, system-level performance

changes because each luminaire contributes to many working-plane points simultaneously. Moreover, the spatio-

temporal illuminance field is shaped not only by luminaire states, but also by room geometry, surface reflectances,

mounting height, photometric distributions, and layout. As a result, system-level acceptability is fundamentally a

service question defined on the working plane, rather than a simple aggregation of component reliabilities.

A further challenge is that lighting standards and common engineering practices are largely commissioning-centric.

Compliance is typically verified for an as-designed, initial condition, using static indices such as average illuminance

and uniformity [15, 17, 18]. Over long operating horizons, however, degradation and failures accumulate and can cause

intermittent or persistent violations of these requirements. Despite the practical importance of long-term compliance,

a widely adopted definition of system-level failure and a corresponding dynamic performance metric that quantifies

how often and how long requirements are violated remains insufficiently developed for large-scale LED lighting fleets.
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Evaluating long-term system performance requires uncertainty-aware luminaire degradation and failure models that

can be propagated through a lighting simulation model. LED luminaires are dominated by two competing component-

level mechanisms: gradual degradation of LED packages [13] and abrupt outages caused by driver failures [7]. Due

to long lifetimes (often up to 60,000 hours) [13], accelerated degradation tests (ADT) such as LM-80 are commonly

used for packages [12]. The TM-21-style exponential lumen-maintenance trend is widely used in practice [13], but

deterministic curves do not represent path uncertainty. Stochastic degradation processes (e.g., Gamma processes)

have therefore been increasingly adopted to capture monotone degradation with uncertainty [5, 6, 20, 27, 39]. In

contrast, driver reliability lacks standardized evaluation protocols; Weibull-based lifetime models and hybrid physics-

of-failure/statistical approaches have been explored [7, 27, 28, 42]. Despite these advances, the two mechanisms are

often modeled separately; however, for system-level analysis, these two mechanisms have to be integrated at the

luminaire level to define an operational state that reflects both gradual degradation and catastrophic failures. In addition,

because field observations are scarce over service lifetimes, accelerated degradation tests are typically required;

a stress–acceleration relationship should be introduced to extrapolate degradation dynamics from multiple stress

temperatures to operating conditions, and parameter uncertainty should be quantified for downstream performance

and maintenance evaluation. However, the propagation of calibrated uncertainty to use conditions is not always made

explicit in these studies.

Even with suitable degradation models, computational scalability becomes a significant barrier. Ray-tracing

engines such as Radiance can model luminaire photometry, geometry, and reflectances with high fidelity, making

them well-suited for mapping luminaire states to working-plane illuminance fields. However, traditional design

workflows are not designed for repeated, automated evaluation over thousands of stochastic trajectories and many

candidate policies. A programmatic degradation–simulation–metric pipeline is therefore required to enable Monte

Carlo performance evaluation and simulation-in-the-loop optimization, and additional acceleration (e.g., surrogate

modeling) becomes essential at practical scales.

Once long-term, system-level performance can be evaluated efficiently, maintenance policies can be formulated

and optimized in a performance-driven manner. Existing research on lighting-system maintenance and optimization

has predominantly focused on control- and retrofit-oriented formulations, where objectives are defined by energy

consumption, retrofit cost, and payback period. In these studies, maintenance is typically represented through simplified

assumptions or proxy terms (e.g., fixed-interval PM or run-to-failure CM, sometimes penalizing replacement actions

within the controller), rather than being explicitly optimized against long-term lighting-performance compliance

[14, 21, 23, 32–36, 40, 41]. In these studies, the maintenance policy is simply used as the input for retrofit project

design, but the maintenance policy itself is not optimized.

In parallel, opportunistic maintenance has a mature methodological base for multi-unit systems, particularly in

applications where maintenance actions can be coordinated across assets and system impact can be expressed through

reliability/availability or cost models [8, 9, 25, 37]. However, applying OM to lighting requires policy evaluation

against a different notion of “system performance”: lighting service quality is governed by a spatial illuminance

field shaped by luminaire states, layout, and room characteristics, rather than by a single component-level failure

event. Consequently, the system-level benefit of maintaining one luminaire is inherently coupled with the states and

geometry of other luminaires. This motivates a performance-driven, simulation-in-the-loop framework that evaluates

opportunistic policies using physics-based (or surrogate) performance mapping over long operating horizons.

Closed-form evaluation of long-term lighting-performance risk under competing failure modes and discrete-

event OM rules is generally intractable, particularly when system acceptability depends on a spatial illuminance

field obtained from ray tracing. Monte Carlo simulation therefore becomes the practical engine to propagate both

parameter uncertainty (from Bayesian calibration) and process uncertainty (stochastic degradation/failures) to system-

level performance metrics. This enables statistically robust comparison of maintenance policies and quantification of

trade-offs beyond mean behavior, including variability and tail risk relevant to asset management.

Motivated by these gaps, a performance-driven modeling, evaluation, and optimization framework is developed

for large-scale LED lighting systems. The main contributions are summarized as follows:

• Dynamic system-level performance metric: Commissioning indices are extended to a long-term dynamic

deficiency metric that quantifies the duration of requirement violations over the operating horizon, enabling

an explicit quantification of system-level performance failure.
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• Programmatic performance-mapping pipeline: A scalable, automated degradation–simulation–metric workflow

is established to propagate stochastic luminaire-state trajectories through a Radiance-based lighting model and

parse working-plane outputs for Monte Carlo evaluation.

• Uncertainty-aware luminaire modeling under competing failures: A semi-physical non-homogeneous Gamma-

process model is used for LED package degradation whose mean recovers a TM-21-style exponential lumen-

maintenance trend under constant stress, while retaining path uncertainty; a Weibull model is used for driver

failures; and both mechanisms are integrated through a luminaire-level competing-failure formulation.

• Unified ADT-to-use inference with uncertainty: An ADT–extrapolation–Bayesian inference workflow is em-

ployed to estimate use-condition degradation parameters jointly across multiple stress levels and quantify

parameter uncertainty for downstream simulation.

• Scalable policy evaluation and acceleration: Performance-driven opportunistic maintenance is optimized via

simulation-in-the-loop multi-objective evaluation, and a surrogate-based performance mapping is introduced to

reduce computational overhead and enable large-scale policy search.

The remainder of this paper is organized as follows. Section 2 develops the semi-physical degradation and failure

models and presents the ADT-based Bayesian calibration workflow. Section 3 introduces the system-level performance

mapping and proposes a dynamic deficiency metric for long-term compliance assessment. Section 4 formulates

the performance-driven maintenance-optimization framework and details the simulation-based policy evaluation and

surrogate acceleration. Section 5 presents a realistic case study with calibration, optimization results, and sensitivity

analyses. Section 6 concludes the paper and outlines future directions.

1.1. Problem statement
Consider an LED lighting system deployed in a building zone, where lighting service is specified on a working

plane by maintained illuminance and uniformity requirements [15, 17, 18]. The zone geometry, surface reflectances,

luminaire photometry, and luminaire layout define a physics-based lighting model (e.g., Radiance) that maps the

system-level luminaire states to a working-plane illuminance field. Each luminaire evolves according to competing

stochastic mechanisms: gradual package degradation and abrupt driver failure, whose parameters are inferred from

accelerated tests and extrapolated to operating conditions with quantified uncertainty.

The objective is to (i) propagate stochastic luminaire-state trajectories through the lighting model to obtain time-

indexed working-plane illuminance fields, (ii) convert static compliance indices into a dynamic performance metric

that quantifies the duration of requirement violations over an operating horizon, and (iii) evaluate and optimize

maintenance policies in a performance-driven manner. Because cost information is typically operator-specific and

unavailable, policy performance is characterized by a multi-objective vector consisting of the long-term performance

deficiency metric and two resource proxies: the total number of site visits and the total number of luminaire

replacements. Decision variables parameterize an opportunistic maintenance policy (e.g., the preventive-maintenance

interval and opportunistic threshold), and Pareto-optimal policy settings are sought via simulation-in-the-loop Monte

Carlo evaluation with computational acceleration.

2. Semi-physical degradation and failure modeling of LED luminaires

This section develops component-level models for the two dominant failure mechanisms of an LED luminaire,

namely gradual LED package degradation (manifested as light-output loss) and abrupt LED driver failures. Package

degradation is modeled by a semi-physical non-homogeneous Gamma process whose mean evolution follows a

physically-motivated exponential form. Driver lifetime is modeled by a Weibull distribution. These two mechanisms

are integrated through a competing-failure formulation to define the overall luminaire state for subsequent system-level

performance analysis. Since field data are scarce due to the long service life of LED packages, accelerated degradation

tests (ADT) are employed; a stress–acceleration relationship is introduced to link model parameters across temperatures

and to extrapolate them to operating conditions. Finally, Bayesian inference is employed to estimate model parameters

jointly across multiple stress levels and to quantify parameter uncertainty for downstream Monte Carlo simulation and

maintenance optimization.
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Table 1

Key notation in the problem statement.

Symbol Description

𝐽 Number of luminaires in the lighting system
𝑁 Number of working-plane calculation points
𝑠 = 1,… , 𝑆 Monte Carlo replication index
𝑘 = 1,… , 𝐾 Event index
𝑇over Operational horizon
𝑇PM Preventive-maintenance (PM) interval (decision variable)
𝐻OM Opportunistic-maintenance (OM) threshold (decision variable)
𝑇OM Equivalent OM age trigger, 𝑇PM(1 −𝐻OM)

𝐋(𝑡) Luminaire degradation-state vector at time 𝑡

𝐄(𝑡) Illuminance vector on the working plane at time 𝑡

𝐸avg(𝑡) Average illuminance at time 𝑡

𝑈 (𝑡) Illuminance uniformity at time 𝑡

𝑆𝐸 , 𝑆𝑈 Performance requirements (standards)
𝑇deő(𝑘) Deőciency duration within (𝑡𝑘−1, 𝑡𝑘)

𝑅DR Deőciency ratio over [0, 𝑇over]

𝑁tv Total number of site visits
𝑁tr Total number of replacements

2.1. Component-level degradation and failure modes of LED packages and drivers
In an LED luminaire, the LED package (hereafter, package) is responsible for light generation, whereas the LED

driver (hereafter, driver) provides electrical power conversion and regulation. Package degradation is gradual and

typically observed as a loss of normalized light output over time, while driver failures are often abrupt and result in

a complete loss of functionality. These two mechanisms are modeled below and then integrated to define the overall

luminaire state.

LED package degradation: a semi-physical non-homogeneous Gamma process. Package degradation is

quantified via the normalized light output. Following the widely adopted 𝐿70 criterion from the Illuminating

Engineering Society of North America (IESNA), a degradation failure is defined as the condition in which the light

output falls below 70% of its initial value [13].

Let 𝐗(𝑡) =
[
𝑋1(𝑡), 𝑋2(𝑡),… , 𝑋𝐽 (𝑡)

]
denote the package degradation states at time 𝑡, where

𝑋𝑗(𝑡) = 1 − 𝑃𝑗,out(𝑡), 𝑗 = 1, 2,… , 𝐽 , (1)

and 0 ≤ 𝑃𝑗,out(𝑡) ≤ 1 represents the normalised light output of the 𝑗-th package (with 𝑃𝑗,out(0) = 1). Hence, 𝐿70

corresponds to 𝑃𝑗,out(𝑡) < 0.7, equivalently 𝑋𝑗(𝑡) > 0.3.

For each package 𝑗, {𝑋𝑗(𝑡), 𝑡 ≥ 0} is modeled as a non-homogeneous Gamma process. Specifically, for any time

instants 0 ≤ 𝑡1 < 𝑡2 < ⋯ < 𝑡𝐾 , the increments𝑋𝑗(𝑡2)−𝑋𝑗(𝑡1), 𝑋𝑗(𝑡3)−𝑋𝑗(𝑡2),… , 𝑋𝑗(𝑡𝐾 )−𝑋𝑗(𝑡𝐾−1) are independent

and non-negative, with 𝑋𝑗(0) = 0 almost surely. Moreover, for 𝑡 > 𝑠,

𝑋𝑗(𝑡) −𝑋𝑗(𝑠) ∼ Ga
(
𝛼(𝑡) − 𝛼(𝑠), 𝛽

)
, (2)

where 𝛼(⋅) is a non-decreasing shape function and 𝛽 is the rate parameter. Accordingly, the marginal distribution of

𝑋𝑗(𝑡) is Gamma with shape 𝛼(𝑡) and rate 𝛽, and its probability density function (PDF) is

𝑓𝑋𝑗 (𝑡)
(𝑥) =

𝛽𝛼(𝑡)

Γ(𝛼(𝑡))
𝑥𝛼(𝑡)−1 exp (−𝛽𝑥) , 𝑥 > 0, (3)

where Γ(⋅) denotes the Gamma function.

Compared with the standard exponential model used in IES TM-21 [13], the Gamma process allows uncertain

degradation paths to be represented. As discussed above, TM-21 assumes an exponential average light-output decay
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under constant stress. This is physically motivated: thermal factors are a primary cause of package degradation, and

thermal accumulation inside the package can exhibit an exponential trend dependent on temperature [30]. Therefore, a

time-dependent exponential shape function is introduced to build a semi-physical non-homogeneous Gamma process:

𝛼(𝑡) = 𝐴 exp(𝑏𝑡), (4)

where 𝐴 and 𝑏 are constants (assumed invariant across stress levels under the linear acceleration assumption introduced

later). This choice yields an exponential mean degradation trajectory:

𝔼[𝑋𝑗(𝑡)] =
𝛼(𝑡)

𝛽
, (5)

and for 𝑡 > 𝑠, the expected increment is

𝔼[𝑋𝑗(𝑡) −𝑋𝑗(𝑠)] =
𝛼(𝑡) − 𝛼(𝑠)

𝛽
. (6)

LED driver failures: a Weibull lifetime model. Driver malfunctions are characterized by a sudden and complete

loss of functionality. This behavior is appropriately modeled using a traditional two-state approach: operational versus

failed, where the failure time of drivers is assumed to follow a Weibull distribution [42]. The PDF is:

𝑓𝑇𝑑 (𝑡) =
𝜂

𝜆

(
𝑡

𝜆

)𝜂−1
exp

(
−
(
𝑡

𝜆

)𝜂)
, 𝑡 ≥ 0, (7)

where 𝜆 is the scale parameter and 𝜂 is the shape parameter.

Competing failure integration for luminaire state. To evaluate the overall state of an LED luminaire (comprising

both the package and the driver), let 𝐋(𝑡) = [𝐿1(𝑡), 𝐿2(𝑡),… , 𝐿𝐽 (𝑡)] denote the luminaire degradation states in the

lighting system. The degradation state of the 𝑗-th luminaire at time 𝑡 is defined as

𝐿𝑗(𝑡) = 1 −
(
1 −𝑋𝑗(𝑡)

)
⋅
(
1 − 𝑆𝑗(𝑡)

)

= 𝑆𝑗(𝑡) ⋅
(
1 −𝑋𝑗(𝑡)

)
+𝑋𝑗(𝑡),

(8)

where 𝑆𝑗(𝑡) is the driver failure indicator:

𝑆𝑗(𝑡) =

{
1 if the driver has failed before 𝑡

0 otherwise
. (9)

Equivalently,

𝐿𝑗(𝑡) =

{
1 if the driver has failed before 𝑡

𝑋𝑗(𝑡) otherwise
. (10)

This competing-failure formulation captures both gradual package degradation and abrupt driver failures, enabling

consistent luminaire-state trajectories to be generated for subsequent system-level performance evaluation and

maintenance optimization.

2.2. Linear accelerated model and parameter extrapolation in ADT
Given that the typical LED package lifetime exceeds 60,000 hours [13], field-failure data are scarce, and natural

aging proceeds slowly. Therefore, accelerated degradation tests (ADT) are widely employed to acquire sufficient

degradation data in a practical time frame. The LM-80 method [12] is the industry-standard constant-stress ADT

for LED packages and is routinely performed prior to commercial release.

Linear acceleration theory assumes that the underlying failure mechanism remains invariant across stress levels.

Under this assumption, the Gamma-process shape function is taken as invariant, while the rate parameter varies with
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stress (e.g., temperature) [4, 31]. Let 𝛽(𝑇 ) denote the rate parameter at case temperature 𝑇 . The Arrhenius model is

adopted to describe the temperature dependence [4, 16, 22, 31]:

𝛽(𝑇 ) = 𝐶 exp

(
𝐸𝑎

𝑘𝐵𝑇

)
, (11)

where 𝐶 is a pre-exponential factor, 𝐸𝑎 is the activation energy (eV), 𝑘𝐵 is the Boltzmann’s constant (8.62 × 10−5

eV/K), and 𝑇 is the absolute temperature (K). Taking logarithms yields

ln 𝛽(𝑇 ) = ln𝐶 +
𝐸𝑎

𝑘𝐵𝑇
(12)

Following completion of the ADT, an acceleration model is fitted to the high-stress data and then extrapolated to

normal operating conditions. The acceleration factor (AF) is defined as

𝐴𝐹 =
𝑡(𝑇stress)

𝑡(𝑇normal)
=

𝛽(𝑇stress)

𝛽(𝑇normal)
, (13)

where 𝑡(𝑇stress) and 𝑡(𝑇normal) are failure times under stress and normal temperatures, 𝑇stress and 𝑇normal, respectively.

However, AF-based extrapolation yields only a nominal (point) estimate of the use-condition rate parameter and

does not quantify parameter uncertainty. To address this limitation, Bayesian parameter inference is adopted in the next

subsection to capture epistemic uncertainty under normal operating conditions while retaining the linear acceleration

relationship across stress levels.

2.3. Bayesian parameter inference under multiple stress conditions
A Bayesian inference framework is adopted to estimate parameters of the non-homogeneous Gamma-process model

and to qualify uncertainties associated with parameter estimates and the degradation process. Observations collected

under different case temperatures are flattened and combined into a unified dataset of the form:

𝒟 = {(𝑥𝑘−1, 𝑥𝑘, 𝑡𝑘−1, 𝑡𝑘, 𝑇𝑘) ∣ 𝑘 = 1, 2,… ,𝑀}, (14)

where 𝑥𝑘 is the observed degradation value at time 𝑡𝑘 under (constant) stress temperature 𝑇𝑘. Under the non-

homogeneous Gamma-process model,

𝑋𝑘 −𝑋𝑘−1 ∼ Ga
(
𝛼(𝑡𝑘) − 𝛼(𝑡𝑘−1), 𝛽(𝑇𝑘)

)
(15)

with the exponential shape function 𝛼(𝑡) = exp(ln𝐴 + 𝑏𝑡) and the temperature-dependent rate function 𝛽(𝑇 ) =

exp(ln𝐶 + 𝐸𝑎∕(𝑘𝐵𝑇 )).
In the Bayesian approach, the unknown model parameters are treated as random variables characterized by prior

distributions, which encode prior engineering knowledge or physical constraints. These priors are updated with the

observed data 𝒟 to yield the posterior distribution. Let 𝜽 = (ln𝐴, 𝑏, ln𝐶,𝐸𝑎) denote the transformed parameters.

Given the observations, the likelihood function is expressed as

𝑓 (𝒟|𝜽) =
𝑀∏

𝑘=1

𝑓Γ(𝑥𝑘 − 𝑥𝑘−1|𝛼(𝑡𝑘;𝜽) − 𝛼(𝑡𝑘−1;𝜽), 𝛽(𝑇𝑘;𝜽)) (16)

where 𝑓Γ(⋅) denotes the Gamma PDF. By Bayes’ theorem, the posterior distribution is:

𝑝(𝜽|𝒟) =
𝑓 (𝒟|𝜽)𝑝(𝜽)

∫ 𝑓 (𝒟|𝜽)𝑝(𝜽)𝑑𝜽
(17)

where the denominator represents the evidence.

To propagate both epistemic and aleatory uncertainties, a two-stage Monte Carlo scheme is employed. First, 𝑛path

parameter sets 𝜽𝑙 = (ln𝐴𝑙, 𝑏𝑙, ln𝐶𝑙, 𝐸𝑎𝑙)
𝑛path

𝑙=1
are drawn from the posterior distribution using Markov chain Monte Carlo
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(a) A distribution of a lighting system (b) A typical calculation grid (c) The diagram of the working plane

Figure 1: An LED lighting system, working plane, and calculation grid

(MCMC). Then, for each draw 𝜽𝑙, 𝑛𝑝𝑠 independent gamma-process trajectories are generated:

𝐺(𝑠)(𝑙,𝑚) − 𝐺(𝑡)(𝑙,𝑚) ∼ Ga
(
𝛼𝑙(𝑠) − 𝛼𝑙(𝑡), 𝛽𝑙(𝑇 )

)
, 𝑚 = 1,… , 𝑛ps. (18)

Consequently, a total of 𝑛path × 𝑛ps trajectories are generated to represent virtual luminaires accounting for

both parameter uncertainty and process variability. Maintenance policies are applied to these luminaires, and the

optimization objectives are estimated by averaging over trajectories. This approach ensures that the variability of

degradation outcomes is adequately characterized for each plausible parameter, thereby reducing estimator noise and

avoiding undue influence of extreme single-path realizations.

The inferred luminaire-state trajectories 𝐋(𝑡) provide the time-varying health states of individual luminaires and

serve as inputs to the system-level lighting analysis in the next section, where dynamic illuminance distributions and

performance indices are evaluated over the working plane.

3. System-level performance mapping and dynamic deficiency metrics for LED lighting

systems

Conventional lighting performance assessments are predominantly static, focusing on whether commissioning-time

metrics meet relevant standards. Such assessments do not capture performance fluctuations over the service life of the

system caused by luminaire degradation and failures, which may lead to risks in occupant safety, visual comfort, and

productivity. In this section, a system-level mapping from luminaire health states to working-plane illuminance is

established using a physics-based simulation model, and two standard performance indices are adopted to quantify

static performance. These static indices are then recast into a dynamic long-term metric through the performance

deficiency duration (PDD) and the deficiency ratio (DR), enabling system-level lifetime performance evaluation for

subsequent maintenance optimization.

3.1. System-level performance mapping and static performance indices
The illuminance distribution on a horizontal working plane (WP) provides a practical basis for assessing the system-

level performance of an LED lighting system in indoor environments. The WP is defined as a virtual horizontal plane,

typically located at a height of approximately 0.7–0.85 m above the floor to represent desk height for tasks such as

writing and data processing. As illustrated in Figure 1, the gray plane represents the WP, red rectangles denote LED

luminaires, and black markers denote calculation points used for quantitative performance assessment.

A physics-based ray-tracing simulator, Radiance, is employed to compute WP illuminance given the building

geometry, material properties, luminaire photometry, and luminaire states. Radiance can process 3D models generated

by Building Information Modeling (BIM) tools and extract geometric and material properties for lighting analysis.

Its simulation engine combines Monte Carlo ray tracing with deterministic techniques [1, 24], and its command-line

interfaces facilitate integration with Python for batch evaluation.

Accurate lighting source modeling is essential for reliable illuminance prediction. In this work, luminaire

photometry is specified using IESNA LM-63 (.IES) files [11] and combined with a 3D BIM-based geometry/material

model, luminaire layout, and a working-plane calculation grid to initialize a physics-based performance mapping

in Radiance. Preparing these 3D inputs (geometry and material assignment, photometric specification, luminaire

placement, and grid definition) is an engineering-intensive step; however, once the model is established, it can be
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(a) Model initialization

(b) Illuminance evaluation and performance analysis

Figure 2: Workŕow of Radiance-based working-plane illuminance evaluation

repeatedly evaluated at discrete time points as luminaire degradation trajectories evolve over the operational life. These

inputs are fed into Radiance to initialize the performance mapping model, as depicted in Figure 2a.

As summarized in Figure 2b, the Radiance-based performance mapping is executed in a programmatic pipeline:

stochastic luminaire state trajectories generated in Python are used to parameterize the model at discrete time points, and

the resulting working-plane illuminance outputs are automatically parsed for performance evaluation. This automation

is essential for large-scale Monte Carlo evaluation and optimization considered in later sections.

Let the luminaire degradation state vector be defined by Equation 1–10 as

𝐋(𝑡) =
[
𝐿1(𝑡), 𝐿2(𝑡),… , 𝐿𝐽 (𝑡)

]
, (19)

where 𝑗 = 1, 2,… , 𝐽 denotes the 𝑗-th luminaire. Given 𝐋(𝑡), the performance mapping model outputs the

corresponding WP illuminance vector

𝐄(𝑡) =
[
𝐸1(𝑡), 𝐸2(𝑡),… , 𝐸𝑁 (𝑡)

]
, (20)

where 𝐸𝑖(𝑡) is the illuminance at the 𝑖-th calculation point, measured in lux (lx), i.e., luminous flux per unit area, and

𝑖 = 1, 2,… , 𝑁 .

To quantify static performance at time 𝑡, two standard illuminance-based indices are adopted [15, 17, 18]. The

average illuminance is

𝐸avg(𝑡) =
1

𝑁

𝑁∑

𝑖=1

𝐸𝑖(𝑡), (21)

and the illuminance uniformity (hereafter, uniformity) is defined as

𝑈 (𝑡) =
𝐸min(𝑡)

𝐸avg(𝑡)
, (22)

where 𝐸min(𝑡) = min1≤𝑖≤𝑁 𝐸𝑖(𝑡).
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(a) The illuminance map for a brand-

new lighting system
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(b) The illuminance map of day 1259
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(c) The illuminance map of day 1882

Figure 3: Illustration of working-plane illuminance ŕuctuations over operation time

Let 𝑆𝐸 and 𝑆𝑈 denote the standard requirements (thresholds) for average illuminance and uniformity, respectively.

Static compliance at time 𝑡 is assessed by

𝐸avg(𝑡) ≥ 𝑆𝐸 , 𝑈 (𝑡) ≥ 𝑆𝑈 . (23)

An illuminance map provides a visual representation of spatial performance. In Figure 3, warmer color indicate

higher illuminance levels, and the progressive color and spatial-pattern changes over time reflect degradation- and

failure-induced performance drift. This motivates the need for a long-term dynamic performance metric beyond

commissioning-time indices.

3.2. Dynamic failure definition and deficiency-ratio metric
To evaluate long-term dynamic performance, the temporal evolution of system states over an operational horizon

is represented by the luminaire-state trajectory matrix

𝐋𝑠 =
[
𝐋(𝑡1),𝐋(𝑡2),… ,𝐋(𝑡𝐾 )

]𝑇
, (24)

where {𝑡𝑘}
𝐾
𝑘=1

is a discrete time grid, 𝐋(𝑡𝑘) is the system state vector at time 𝑡𝑘. Based on the performance mapping

model, the corresponding illuminance sequence matrix is

𝐄𝑠 =
[
𝐄(𝑡1),𝐄(𝑡2),… ,𝐄(𝑡𝐾 )

]𝑇
. (25)

Using Equation 21–23, the static indices at each time point are computed as {𝐸avg(𝑡𝑘), 𝑈 (𝑡𝑘)}
𝐾
𝑘=1

. For each interval

(𝑡𝑘−1, 𝑡𝑘), define Δ𝑡𝑘 = 𝑡𝑘 − 𝑡𝑘−1 and introduce the deficiency indicators

𝐼𝐸(𝑘) = 𝕀
(
𝐸avg(𝑡𝑘) < 𝑆𝐸

)
, 𝐼𝑈 (𝑘) = 𝕀

(
𝑈 (𝑡𝑘) < 𝑆𝑈

)
, (26)

where 𝕀(⋅) is the indicator function. The deficiency durations associated with the two indices over (𝑡𝑘−1, 𝑡𝑘) are defined

by

𝑇E_defi(𝑘) = 𝐼𝐸(𝑘) Δ𝑡𝑘, 𝑇U_defi(𝑘) = 𝐼𝑈 (𝑘) Δ𝑡𝑘. (27)

The performance deficiency duration (PDD) is then defined as the maximum of the two deficiency durations:

𝑇defi(𝑘) = max(𝑇E_defi(𝑘), 𝑇U_defi(𝑘)), (28)

which corresponds to the time within (𝑡𝑘−1, 𝑡𝑘), determined by the dominant (longer) violation duration among the two

requirements. An illustration of index trajectories and requirements is shown in Figure 4.

Finally, the deficiency ratio (DR) is defined as the fraction of operational time during which the system violates at

least one requirement:

𝑅DR =

∑𝐾
𝑘=1 𝑇defi(𝑘)

𝑇over

, 𝑇over = 𝑡𝐾 − 𝑡1. (29)
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Figure 4: Static performance indices and standard requirements over time

The DR recasts static illuminance-based indices into a long-term dynamic performance metric, which is subse-

quently used as a system-level objective for maintenance optimization.

Large-scale Monte Carlo evaluation under maintenance policies requires repeated mapping from 𝐋(𝑡𝑘) to 𝐄(𝑡𝑘). To

enable efficient optimization, the Radiance-based mapping is accelerated using a surrogate model (see Section 4.4).

4. Performance-driven maintenance optimization for LED lighting systems

This section develops a simulation-in-the-loop framework to optimize opportunistic maintenance policies for LED

lighting systems under stochastic luminaire degradation and failures. A unit-based time-window policy is formulated

to exploit maintenance dependency across luminaires. Policy performance is evaluated by coupling a discrete-event

maintenance simulation module with the system-level performance metric defined in Section 3.2, namely the deficiency

ratio (DR), and by estimating trade-offs among DR, the total number of site visits, and the total number of replacements

via Monte Carlo simulation. To make large-scale evaluation computationally feasible, illuminance evaluation within

the loop is accelerated using a surrogate model that replaces repeated Radiance calls.

4.1. Opportunistic maintenance policy formulation
In an LED lighting system, performance degradation and failures are primarily driven by two component-level

mechanisms: gradual LED package degradation (light-output loss) and abrupt LED driver failures (complete outage).

Because packages and drivers are typically treated as non-repairable field units, maintenance is modeled as luminaire

replacement.

Corrective maintenance (CM) is initiated when a luminaire is reported as failed or unacceptable in service,

commonly due to a complete outage caused by driver failure or noticeable dimming caused by package degradation

(with the degradation-failure definition following the 𝐿70 criterion in Section 2.1). Such reactive interventions can be

costly because they require unscheduled site visits and access coordination, introduce safety and logistical constraints,

and may allow degraded lighting performance to persist until intervention.

Preventive maintenance (PM) is therefore scheduled at fixed intervals to reduce disruptive CM events. Nevertheless,

fixed-interval PM and purely reactive CM can be inefficient: PM may replace luminaires prematurely, whereas CM may

occur only after unacceptable performance has already persisted, increasing the frequency of unscheduled visits and

cumulative performance shortfalls. To exploit economic dependence among maintenance activities, an opportunistic

maintenance (OM) strategy is adopted: when a maintenance visit occurs (triggered by either CM or PM), additional

luminaires that are close to their next scheduled PM are replaced concurrently. By consolidating actions into fewer

visits, OM reduces visit frequency and improves maintenance resource utilization.

Accordingly, CM is applied for driver failures (complete loss of function) and package degradation failures, while

PM is performed periodically every 𝑇PM. Both CM and PM events create an opportunity to execute OM. Following

the condition-index concept in Shi et al. [25], a maintenance opportunity window (MOW) is defined for luminaire 𝑗
as the ratio of the remaining time until its next scheduled PM to the PM interval:

𝐻mov,𝑗 =
𝑇re,𝑗

𝑇PM

, (30)
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Figure 5: The schematic diagram of OM policy

where 𝑇re,𝑗 is the remaining time until luminaire 𝑗 reaches its next scheduled PM time. The OM decision is determined

by comparing 𝐻mov,𝑗 with a predefined threshold 𝐻OM:

𝐻𝑗(𝑡) =

{
1, if 𝐻mov,𝑗 ≤ 𝐻OM,

0, if 𝐻mov,𝑗 > 𝐻OM.
(31)

As illustrated in Figure 5, a CM event occurring between 𝑡𝑘−1 and the next scheduled PM triggers the OM policy.

For any luminaire 𝑗 satisfying 𝐻mov,𝑗 ≤ 𝐻OM, replacement is performed opportunistically during the same visit.

The total number of site visits over the operational horizon is defined as

𝑁tv = 𝑁cm,vis +𝑁pm,vis, (32)

and the total number of replacements is

𝑁tr = 𝑁cm +𝑁pm +𝑁om, (33)

where 𝑁pm,vis and 𝑁cm,vis denote the numbers of PM and CM visits, and 𝑁cm, 𝑁pm, and 𝑁om denote the numbers of

luminaires replaced via CM, PM, and OM, respectively.

Because detailed cost information (labor rates, access constraints, downtime penalties) is highly site- and operator-

specific and unavailable in this study, we use the total number of site visits as a proxy for fixed/setup cost and the

total number of replacements as a proxy for variable material-and-labor cost. This multi-objective formulation avoids

imposing an arbitrary cost ratio; any specific cost model that is a weighted sum of these proxies corresponds to selecting

a point on the Pareto front.

4.2. Multi-objective optimization formulation
The OM threshold and the PM interval jointly determine the aggressiveness of opportunistic replacement. We

therefore formulate a multi-objective optimization problem over these two decision variables to balance long-term

lighting performance against maintenance effort.

The maintenance policy aims to sustain high system performance while limiting maintenance workload. Three

objectives are considered: the long-term deficiency ratio 𝑅DR (Section 3.2), the total number of site visits 𝑁tv (Eq. 32),

and the total number of luminaire replacements 𝑁tr (Eq. 33). Two decision variables govern these objectives:

1. OM threshold 𝐻OM ∈ [0, 1], which determines whether additional luminaires are replaced opportunistically

during a CM or PM visit. A larger 𝐻OM expands the set of luminaires eligible for opportunistic replacement,

which can reduce future visit frequency and mitigate performance shortfalls, but may increase the number of

replacements.

2. PM interval 𝑇PM ∈ (0, 𝑇over], which specifies the periodic preventive-maintenance schedule. Shorter inter-

vals generally improve performance by limiting degradation accumulation, but increase visit frequency and

replacements; longer intervals reduce planned visits but may increase corrective interventions and performance

deficiency.
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Accordingly, the performance-driven maintenance optimization problem is formulated as

min
𝐻OM, 𝑇PM

(
𝑅DR, 𝑁tv, 𝑁tr

)
,

subject to 0 ≤ 𝐻OM ≤ 1, 0 < 𝑇PM ≤ 𝑇over,
(34)

where 𝑇over is the operational horizon and 𝑅DR quantifies the proportion of time during which system performance

falls below standard requirements.

To make the maintenance rule interpretable, the two decision variables can be expressed as an equivalent age-based

trigger. From Eqs. 30–31, OM is executed when the remaining time to the next PM is within a fraction 𝐻OM of the

PM interval, which is equivalent to an “OM-eligible age” threshold

𝑇OM = 𝑇PM

(
1 −𝐻OM

)
. (35)

Here, 𝑇PM sets the maximum allowable age before the next scheduled PM action, and 𝑇OM specifies how early a

luminaire becomes eligible for opportunistic replacement within each PM cycle. A larger 𝐻OM yields a smaller 𝑇OM,

corresponding to a more aggressive opportunistic strategy.

In principle,𝑅DR,𝑁tv, and𝑁tr could be mapped to monetary costs and aggregated into a single objective. However,

the required cost coefficients (e.g., labor logistics, access constraints, contractor pricing, and service-level penalties)

are highly site- and operator-specific and are unavailable in this study. Instead, a multi-objective formulation is adopted:

𝑁tv serves as a proxy for fixed/setup effort associated with site access and visit organization, while 𝑁tr reflects variable

workload related to replacement actions. The set of Pareto-optimal (non-dominated) solutions [19] is then identified

to characterize the trade-off among performance deficiency, the total number of site visits, and the total number of

replacements.

4.3. Simulation-based policy evaluation via discrete-event Monte Carlo
A Monte Carlo simulation framework is developed to evaluate candidate maintenance policies under stochastic

luminaire degradation and failures. For each policy setting (a (𝑇PM,𝐻OM) pair), 𝑆 independent simulation runs are

performed. Each run consists of two coupled modules: (i) a discrete-event maintenance simulator that generates the

event timeline and the resulting luminaire-state trajectory, and (ii) a performance-evaluation module that maps the

trajectory to the long-term deficiency metric defined in Section 3.2.

Discrete-event maintenance simulation. For a given simulation run 𝑠, the system evolution is represented by a

sequence of events. Each luminaire 𝑗 is associated with an event vector that stores candidate times of maintenance-

related and performance-recording events. At event index 𝑘, the event vector of luminaire 𝑗 is defined as

𝐭𝑠,𝑘,𝑗 =
[
𝑡
pm

𝑠,𝑘,𝑗
, 𝑡cm,df

𝑠,𝑘,𝑗
, 𝑡

cm,pf

𝑠,𝑘,𝑗
, 𝑡event-end

𝑠,𝑘,𝑗
, 𝑡record

𝑠,𝑘,𝑗

]𝑇
, (36)

where

• 𝑡
pm

𝑠,𝑘,𝑗
is the next scheduled PM time,

• 𝑡cm,df

𝑠,𝑘,𝑗
is the predicted CM time due to driver failure,

• 𝑡
cm,pf

𝑠,𝑘,𝑗
is the predicted CM time due to package degradation failure (per the failure definition in Section 2.1),

• 𝑡event-end
𝑠,𝑘,𝑗

is the completion time of an ongoing maintenance action on luminaire 𝑗 (if any); otherwise it is set to

𝑇over,

• 𝑡record
𝑠,𝑘,𝑗

is the next time at which system performance will be recorded for deficiency-duration evaluation.

Stacking all luminaires yields the system event matrix at event index 𝑘:

𝐓evt
𝑠,𝑘

=
[
𝐭𝑠,𝑘,1, 𝐭𝑠,𝑘,2, … , 𝐭𝑠,𝑘,𝐽

]𝑇
. (37)
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Figure 6: The schematic diagram of the discrete event simulation model

The next system event time is defined as the minimum over all entries of 𝐓evt
𝑠,𝑘

:

𝑡ts-evt
𝑠,𝑘

= min𝐓evt
𝑠,𝑘

= min
𝑗=1,2,…,𝐽

𝐭𝑠,𝑘,𝑗 , (38)

where the minimization is taken over the five candidate event times for every luminaire.

Given 𝑡ts-evt
𝑠,𝑘

, the corresponding event type (PM, CM due to driver failure, CM due to package degradation failure,

maintenance completion, or performance recording) is identified, and the relevant state variables and event times are

updated. For example, in Figure 6, the first event is a CM triggered by driver failure on luminaire 𝐿1; after replacement,

the maintenance completion time is updated as 𝑡event-end
𝑠,𝑘,1

= 𝑡ts-evt
𝑠,𝑘

+ service time. Once maintenance is completed, the

event vector of the renewed luminaire is reinitialized and the system event matrix Equation 37 is updated for the next

event index.

In addition to maintenance-triggered events, performance-recording events 𝑡record
𝑠,𝑘,𝑗

are inserted to ensure sufficient

temporal resolution for computing performance deficiency durations (PDD), especially when maintenance events are

sparse. The full discrete-event workflow is summarized in Algorithm 1.

The resulting strictly increasing event-time sequence for simulation 𝑠 is

𝐓ts-evt
𝑠 =

[
𝑡ts-evt
𝑠,1

, 𝑡ts-evt
𝑠,2

, … , 𝑡ts-evt
𝑠,𝐾

]
. (39)

At each event time 𝑡ts-evt
𝑠,𝑘

, the system luminaire-state vector 𝐋(𝑡ts-evt
𝑠,𝑘

) is logged. Stacking these vectors yields the

state trajectory

𝐋𝑠 =
[
𝐋(𝑡ts-evt

𝑠,1
), 𝐋(𝑡ts-evt

𝑠,2
), … , 𝐋(𝑡ts-evt

𝑠,𝐾
)
]𝑇
. (40)

Performance evaluation and objective estimation. Given 𝐋𝑠, the performance-mapping model produces the

corresponding illuminance sequence matrix 𝐄𝑠 (see Equation 25), from which the deficiency duration 𝑇defi,𝑠(𝑘) is

computed as described in Section 3.2. The resulting deficiency ratio for run 𝑠 is

𝑅DR,𝑠 =

∑𝐾
𝑘=1 𝑇defi,𝑠(𝑘)

𝑇over

. (41)

The pseudocode of the performance-evaluation module is provided in Algorithm 2.

For each run 𝑠, the numbers of CM and PM visits (𝑁cm,vis,𝑠 and 𝑁pm,vis,𝑠) and the counts of luminaire replacements

via CM, PM, and OM (𝑁cm,𝑠, 𝑁pm,𝑠, and 𝑁om,𝑠) are recorded. The total numbers of site visits and replacements are
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computed as

𝑁tv,𝑠 = 𝑁cm,vis,𝑠 +𝑁pm,vis,𝑠, (42)

𝑁tr,𝑠 = 𝑁cm,𝑠 +𝑁pm,𝑠 +𝑁om,𝑠. (43)

Averaging over 𝑆 independent runs yields the estimated objectives for the policy:

𝑁STV =
1

𝑆

𝑆∑

𝑠=1

𝑁tv,𝑠, (44)

𝑁STR =
1

𝑆

𝑆∑

𝑠=1

𝑁tr,𝑠, (45)

𝑅SDR =
1

𝑆

𝑆∑

𝑠=1

𝑅DR,𝑠. (46)

For each policy setting, the objective triplet (𝑅SDR, 𝑁STV, 𝑁STR) is obtained and used for Pareto analysis in the

optimization procedure. One-sided Welch’s t-tests are applied across all three objectives to sort Pareto solutions, A

significance level of 𝛼sv is adopted. Solutions for which 𝑝 ≥ 𝛼sv on all objectives are deemed statistically inferior and

are removed.

4.4. Surrogate-based acceleration of performance evaluation
Direct illuminance evaluation via Radiance at every simulated event index (i.e., each 𝑡ts-evt

𝑠,𝑘
in the event-time vector

𝐓ts-evt
𝑠 defined in Equation 39) is computationally prohibitive; we therefore introduce a surrogate-based performance

mapping to enable efficient simulation-in-the-loop optimization.

During system operation, each Monte Carlo replication produces hundreds to thousands of luminaire-state vectors

𝐋(𝑡𝑘) that must be mapped to working-plane illuminance for evaluating the static performance indices 𝐸avg(𝑡𝑘) and

𝑈 (𝑡𝑘). Repeated Radiance calls at all event times lead to an excessive computational burden. For example, for a working

zone with 𝐽 = 76 LED luminaires and 𝑁 = 265 working-plane calculation points, a single Radiance evaluation takes

on the order of one minute. When many policy settings and thousands of Monte Carlo replications are required, the

overall runtime becomes prohibitive.

Physics-informed linear surrogate. For a fixed room geometry and material configuration, the illuminance at

a given point is approximately an affine function of luminaire photometric output scaling, consistent with the

superposition property of light transport. Since the luminaire degradation state 𝐿𝑗(𝑡) ∈ [0, 1] represents the loss-

of-function level (Section 2.1), we define the corresponding normalized output-scaling vector as

𝐐(𝑡) = 𝟏𝐽 − 𝐋(𝑡), (47)

where 𝟏𝐽 is an all-ones vector. The working-plane illuminance vector 𝐄(𝑡) ∈ ℝ
𝑁 is then modeled as

𝐄(𝑡) = 𝐛𝐸 + 𝐂𝐸 𝐐(𝑡), (48)

where 𝐛𝐸 ∈ ℝ
𝑁 is an intercept term and 𝐂𝐸 ∈ ℝ

𝑁×𝐽 is a coefficient matrix capturing the contribution of each

luminaire to each calculation point under the fixed geometry/material setting.

Stacking the 𝐾 event times in simulation run 𝑠 yields the state trajectory matrix 𝐋𝑠 ∈ ℝ
𝐾×𝐽 and the corresponding

output-scaling matrix 𝐐𝑠 = 𝟏𝐾𝟏
⊤
𝐽
− 𝐋𝑠. The illuminance sequence matrix 𝐄𝑠 ∈ ℝ

𝐾×𝑁 is

𝐄𝑠 = 𝟏𝐾 𝐛⊤
𝐸
+𝐐𝑠 𝐂

⊤
𝐸
, (49)

where 𝟏𝐾 is an all-ones vector of length 𝐾 . This surrogate replaces Radiance in the performance evaluation module

(Algorithm 2) to compute 𝐄(𝑡𝑘) efficiently, after which 𝐸avg(𝑡𝑘) and 𝑈 (𝑡𝑘) are obtained via Equation 21 - 22.
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(a) Sobol samples (2D

projection)

(b) Pseudo-random sam-

ples (2D projection)

Figure 7: Distribution comparison of Sobol and pseudo-random samples in a 2D projection [26]

Figure 8: Surrogate-based acceleration of the performance evaluation pipeline

Training data generation and model fitting. The training dataset consists of paired samples {(𝐋(𝑛),𝐄(𝑛))}
𝑁data

𝑛=1
,

where each illuminance vector 𝐄(𝑛) is produced by a one-time Radiance simulation under the corresponding luminaire

state 𝐋(𝑛). Because 𝐋(𝑡) ∈ [0, 1]𝐽 (Equation 10), a scrambled Sobol sequence is employed to generate quasi-random

state samples that cover the high-dimensional state space efficiently. Figure 7 compares the distribution of Sobol-

generated samples with conventional pseudo-random samples in a 2D projection.

The Sobol-generated luminaire states are input to Radiance to obtain illuminance outputs, and the resulting input–

output pairs are used to fit the linear surrogate in Equation 48 (e.g., by least squares). Once trained, the surrogate

provides a drop-in replacement for Radiance in large-scale simulations, as illustrated in Figure 8.

In this study, 𝑁data = 2016 samples are generated for the case with 𝐽 = 76 luminaires and 𝑁 = 265 calculation

points, producing an input matrix of size [2016, 76] and an output matrix of size [2016, 265]. The dataset is split into

80% for training and 20% for validation. As shown in Figure 9, the predicted illuminance values closely match the

Radiance outputs, yielding 𝑅2 = 0.9999.

Computational benefit. As summarized in Table 2, the surrogate incurs a one-time offline cost for training-data

generation and model fitting, but reduces the online cost of mapping luminaire states to illuminance from order minutes

per snapshot (Radiance) to order milliseconds. This acceleration is essential for the large-scale Monte Carlo evaluation

and multi-policy search required by the simulation-in-the-loop maintenance optimization framework.
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Figure 9: Comparison of Radiance outputs and surrogate predictions (𝑅2 = 0.9999).

Table 2

Order-of-magnitude wall-clock estimates for performance evaluation (representative setting)

Task Radiance (direct) Surrogate-based

Offline training data generation ś 32 hours
Offline model őtting ś 1 minute
Online evaluation: 10,000 simulations† ∼700 days ∼20 seconds
Online policy search: 100 policy settings‡ ∼ decades ∼33 minutes

† Estimates are based on a representative case with 𝐽 = 76 luminaires and 𝑁 = 265 calculation points, where one Radiance

evaluation for one luminaire-state snapshot takes (1) minute. Each simulation run evaluates the performance at 𝐾 event time, and

the reported time corresponds to evaluating 10,000 simulations for one policy setting. ‡ Policy-search time multiplies the per-policy

evaluation by 100 policy settings; values are order-of-magnitude estimates intended to highlight scalability rather than exact

hardware-dependent runtimes.

5. Case study: model calibration and maintenance-optimization results

The proposed performance-driven maintenance-optimization framework is instantiated on a representative office

lighting system. A real building zone is modeled in Radiance, degradation and failure models are calibrated using

LM-80 accelerated tests, and large-scale Monte Carlo evaluation is conducted to identify Pareto-optimal opportunistic

maintenance policies.

5.1. Case description and simulation setup
To demonstrate the proposed framework, a working zone (Zone 1) in an office building at Queensland University

of Technology (QUT) is considered. Zone 1 is designated for writing, reading, and data-processing tasks, as shown in

Figure 10. The zone measures 65.38 m in length and 6.80 m in width. The working plane (WP) is defined at a height

of 0.80 m above the finished floor and spans 57.73 m × 4.80 m, consistent with AS/NZS 1680.1:2006 requirements

[17]. The lighting system comprises 𝐽 = 76 LED luminaires of two types: 46 B7 and 30 D13 luminaires (Figure 10b).

Calculation points on the WP are placed on a 1 m grid, satisfying the maximum spacing requirement in [15]. Surface

reflectances for the ceiling, walls, and floor are set to 0.7, 0.5, and 0.2, respectively, following AS/NZS 1680.1:2006

[17]. The maintained illuminance requirement is set to 𝑆𝐸 = 500 lux and the uniformity requirement to 𝑆𝑈 = 0.6,

also consistent with AS/NZS 1680.1:2006 [17].

Package-degradation parameters are estimated using the Bayesian procedure in Section 2.3 and LM-80 test data.

Since only B7 package test data are available, the resulting posterior is applied to both B7 and D13 packages to

demonstrate the end-to-end framework; this simplifying assumption is relaxed in future work when D13-specific test

data become available. In the absence of standardized lifetime-test data and maintenance records for LED drivers,

baseline driver lifetimes are specified using Weibull distributions calibrated to match the mean time to failure (MTTF)

of the package-degradation model (Scenario S1). Sensitivity analyses are then performed by perturbing the Weibull

parameters to represent earlier/later driver-failure regimes (Scenarios S2-S3).

Corrective maintenance (CM) actions are assumed to have 3 days (package degradation failure) and 2 days (driver

failure) service time to complete replacement on site. Each policy setting is evaluated using 𝑆 = 10,000 Monte Carlo

replications. The lighting system is assumed to operate 12 hours per day over an operational horizon of 𝑇over = 50 years,
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(a) The application office level

Note: The area in the red box is
Zone 1

(b) The distribution of the LED lighting

system

Note: Red rectangles denote B7 and
green circles denote D13 luminaires. (c) The view of Zone 1 rendered by

Radiance
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Figure 10: The application case and lighting system conőguration.

corresponding to a typical building lifetime. Preventive-maintenance (PM) intervals are varied from 365 days to

18,250 days (50 years) in steps of 365 days, and the opportunistic-maintenance thresholds are swept from 0.05 to

1.00 in steps of 0.05. Statistical filtering of candidate policies is performed at significance level 𝛼sv = 0.05. Key

simulation settings are summarized in Table 3.

Table 3

Parameters for the maintenance-optimization simulation study.

Parameter Value

Zone 1 length, width, height (m) 65.38, 6.80, 3.55
Ceiling, wall, ŕoor reŕectance 0.7, 0.5, 0.2
WP length, width, height (m) 57.73, 4.80, 0.80
WP grid spacing (m) 1
Number of B7, D13 luminaires 46, 30
Maintained illuminance requirement 𝑆𝐸 (lux) 500
Uniformity requirement 𝑆𝑈 0.6
CM service time (days): Package degradation (𝑑CM-pf), driver failure (𝑑CM-df) , 3, 2
On-site replacement duration (days) 1
Monte Carlo replications per policy (𝑆) 10,000
Statistical őltering level 𝛼sv 0.05
Operational horizon 𝑇over (years) 50
PM interval range 𝑇PM (days) [365, 18,250]
OM threshold range 𝐻OM [0.05, 1.00]
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(a) 55◦C (fitting data) (b) 85◦C (test data) (c) 105◦C (fitting data)

Figure 11: Posterior and extrapolated predictive degradation trajectories.

All simulations are parallelized on QUT’s high-performance computing (HPC) system using joblib. For the full

policy sweep, wall-clock runtimes are on the order of a few hours per PM-interval batch under multi-core execution.

5.2. Bayesian calibration using LM-80 accelerated degradation data
After defining the zone geometry, lighting requirements, and simulation settings, the package-degradation model

is calibrated from LM-80 accelerated test data using Bayesian inference.

LM-80 accelerated degradation tests are conducted at three temperature levels, 55◦C, 85◦C, and 105◦C, with 25

LED packages tested at each temperature. Each unit is inspected every 1,000 hours over a total duration of 10,000 hours.

Inspection times are converted into years for model fitting.

Diffuse Normal priors are assigned to transformed parameters, ln𝐴 ∼  (0, 102) and ln𝐶 ∼  (0, 102), and half-

Normal priors are assigned to nonnegative parameters to enforce physically consistent monotone degradation behavior,

𝑏 ∼ +(0, 106) and 𝐸𝑎 ∼ +(0, 106). Posterior inference is performed using CmdStanPy with four Markov chains,

each run for 2,000 warm-up iterations and 2,000 sampling iterations.

To validate extrapolation capability across stress levels, only the 55◦C and 105◦C datasets are used to obtain the

posterior, and posterior-predictive trajectories at 85◦C are generated and compared against the observed 85◦C data.

As shown in Figure 11, the posterior mean (solid red line) and 95% predictive interval (shaded band) encompass the

observed step trajectories, supporting both the non-homogeneous gamma-process model and the Bayesian calibration

procedure.

Finally, all three temperature datasets are combined to re-estimate the model parameters. Table 4 summarizes

posterior means and 95% credible intervals, with 𝑅̂ statistics indicating good convergence (𝑅̂ < 1.01). Figure 12

further compares the posterior-predictive trajectories against observations at each temperature, showing consistent

agreement across the full accelerated-test range.

Table 4

Posterior means and 95% credible intervals for LM-80 calibration.

Parameters Posterior mean 95% CrI 𝑅̂

l̂n𝐴 2.2393 [1.9472, 2.5366] 1.0012

𝑏̂ 0.8841 [0.7161, 1.0370] 1.0013

l̂n𝐶 3.7446 [2.7509, 4.7680] 1.0020

𝐸𝑎 0.0815 [0.0505, 0.1112] 1.0020

5.3. Extrapolation to operating conditions and baseline scenario specification
The posterior over model parameters is propagated to operating temperatures to obtain use-condition degradation

dynamics, and driver lifetime distributions are specified to define baseline component-reliability scenarios.

Based on measured operating conditions and practical relevance, 45◦C is selected as the reference temperature

for extrapolation to normal use. Using the fitted stress–acceleration relationship, the extrapolated rate parameter is

𝛽(𝑇 = 45◦C) = 828.68 with a 95% credible interval of [700.77, 963.62].
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(a) 55◦C (b) 85◦C (c) 105◦C

Figure 12: Observed degradation data (black steps) and posterior-predictive trajectories (red mean and 95% interval) at
each temperature.

(a) Gamma-process lifetime distribution (S1) (b) Weibull lifetime distribution (S1)

Figure 13: Lifetime distributions for LED packages and drivers under the baseline scenario (S1).

For LED drivers, a Weibull distribution is specified to match the package MTTF under the baseline setting

(Scenario S1). Specifically, Weibull parameters (21.82, 2818.09) are calibrated such that the driver MTTF aligns

with the package MTTF. The resulting MTTFs for packages and drivers (7.54 years and 7.53 years, respectively)

are illustrated in Figure 13. Alternative Weibull parameterizations are introduced later to assess sensitivity to driver-

reliability assumptions.

5.4. Maintenance-optimization results and policy interpretation
With the calibrated degradation and baseline driver-lifetime setting (S1), the proposed multi-objective optimization

is evaluated over the grid of (𝑇PM,𝐻OM) policy settings. The full design includes 50 PM intervals and 20 OM thresholds

(1,000 candidate policies). After statistical filtering using one-sided Welch’s 𝑡-tests, 36 policies remain as statistically

robust, non-dominated solutions.

Figure 14a depicts the resulting Pareto front in three-dimensional objective space defined by the deficiency ratio

(𝑓1), the total number of site visits (𝑓2), and the total number of luminaire replacements (𝑓3). The background color

illustrates variations in the deficiency ratio (𝑓1), where blue regions correspond to higher values of 𝑓1, highlighting

scenarios with poorer lighting performance. In contrast, yellow regions indicate lower values of 𝑓1, signifying scenarios

with superior system performance. Across the Pareto front, a reduction in total luminaire replacements (𝑓3) is generally

accompanied by an increase in site visits (𝑓2), indicating that opportunistic maintenance activities become less

aggressive and are more spread out over time, resulting in an increase in overall site visits.

As shown in Figure 14b, a useful interpretation is obtained by relating Pareto solutions to the effective OM

aggressiveness captured by the OM age 𝑇OM (Section 4.2). The Pareto solution can be classified into three main groups.

In Group 1, as the 𝑇OM increases, the total number of luminaire replacements (𝑓3) initially decreases significantly

from approximately 759.5 to 532. During this transition, the total number of site visits (𝑓2) slightly decreases from

approximately 9.99 to 7.81 before subsequently rising to approximately 13.68. This behavior occurs because, with an

increasing 𝑇OM, fewer OM replacements are executed, leading to lower replacement but poorer lighting performance.
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(a) Pareto Front of all settings (b) Pareto Front of baseline scenario setting S1

(c) Pareto Front of S2 (d) Pareto Front of S3

Figure 14: The results of baseline scenario S1, S2 (Packages fail earlier) and S3 (Drivers fail earlier)

However, since the 𝑇OM within this range remains below the 2.5% percentile of the lifetime distributions of the packages

and drivers, most LEDs are replaced by OM, and thus the increase in the number of site visits (𝑓2) remains moderate.

When the 𝑇OM reaches the MTTF of the two critical components, solutions transition to Group 2. The replacements

initiated by CM visits partially offset the reduction in OM replacements, yielding a marginal reduction in 𝑓3. As the OM

policy adopts a more conservative stance, the system “waits” for enough CM visits to replace all LEDs. Once the 𝑇OM

exceeds the components’ MTTF, the solutions migrate to Group 3 (the remaining points) and the OM policy becomes

markedly more conservative. Consequently, both the total number of site visits (𝑓2) and the deficiency ratio (𝑓1)

begin to noticeably increase, indicating a clear trade-off: conservative policies reduce replacements but significantly

compromise system performance.

Along the Pareto front, moving from the upper-left extreme toward the “corner” solutions yields a substantial

reduction in luminaire replacements (𝑓3) with only modest increases in site visits (𝑓2). In practice, the corner

solution represents an attractive compromise for facility managers, minimizing total maintenance interventions while

maintaining acceptable system performance. Notably, the upper-left point corresponds to a PM policy. These results

also suggest that a CM-driven OM policy might outperform a PM policy in practice, but the greater reliance on CM

visits would place additional strain on spare-parts inventory management.

To illustrate the operational meaning of the performance objective, Figure 15 presents illuminance maps from one

representative simulation trajectory. Warmer colors indicate higher illuminance values, while cooler colors indicate

dimmer regions on the working plane. As degradation accumulates and failures occur, the illuminance distribution

Haohao SHI: Preprint submitted to Elsevier Page 20 of 28



Semi-physical Gamma-Process Degradation modeling and Performance-driven Opportunistic Maintenance

(a) The working plane of Zone 1 with a brand-new lighting system

(b) The illuminance map for a brand-new lighting system

(c) The illuminance map with degraded luminaires

(d) The illuminance map just after a maintenance event

Figure 15: The lighting system’s performance ŕuctuation under a maintenance scenario for Zone 1

becomes less uniform and the average level decreases (e.g., Figure 15c), increasing the deficiency ratio. After

a maintenance event (Figure 15d), the map moves closer to the reference state (Figure 15b), and the growth of

performance deficiency is arrested.

From the Pareto set, two representative policies are selected to demonstrate how different parameter choices alter

the composition of maintenance actions. Their decision variables and objective values are summarized in Table 5, and

the corresponding annual mean replacement breakdowns are shown in Figure 16.

For the first scenario, the OM threshold is 0.2 and the PM interval is 2190 days – below the 2.5th percentile of

the package/driver lifetime distribution – yielding a PM-driven OM policy. Although the OM age 𝑇OM (1752 days)

is relatively short – implying an aggressive OM policy – the low variance in component lifetimes means that most

replacements still occur at scheduled PM visits. As shown in Figure 16a, a PM every 6 years (2190 days) replaces

about 70% of the LEDs in the system, and any remaining units are opportunistically swapped out during CM visits in

the same year. Over successive cycles, both the PM and OM-by-CM replacements shift to occur immediately before

or after each 6-year PM cycle, reflecting the stochastic variability inherent in the degradation models. While this

variability complicates precise maintenance planning, it provides facility managers with lead-time information for

spare-parts provisioning and workforce allocation to better mitigate unexpected failures.

For the second scenario, the PM interval is 11315 days – above the 97.5th percentile of component lifetimes – and

the OM threshold is 0.8 (𝑇OM = 2263 days). This produces a CM-driven OM policy dominated by failure-triggered

replacements. As Figure 16b illustrates, the mean lifetimes are 7.4 years, and the 𝑇OM is 6.2 years, so nearly the entire

LED lighting fleet is renewed within a two-year window every 6-7 years via CM and OM-by-CM replacements. The

inherent uncertainty in stochastic degradation models causes these renewal events to occur slightly earlier or later

around the 6- to 7-year mark, yielding actionable insights for asset managers to optimize maintenance lead times,

inventory strategies, and overall resource planning.

In summary, the Pareto front reveals a cluster of solutions in which the chosen maintenance parameters (𝑇PM and

𝐻OM) achieve a balanced compromise among the conflicting objectives. This demarcation of viable strategies offers

decision-makers multiple options. For example, if the primary concern is to minimize disruptions and maintenance
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(a) The stacked bar chart under OM 0.2 and PM 2190 days

(𝑇OM 1752 days)

(b) The stacked bar chart under OM 0.8 and PM 11315 days

(𝑇OM 2263 days)

Figure 16: The stacked bar charts of selected scenarios

Table 5

Selected Pareto solutions

Scenario
𝑓1

(Deőciency ratio
(percentage))

𝑓2

(No. of visits)
𝑓3

(No. of replacements)
OM threshold PM interval OM age PM replacements CM replacements OM (PM) OM (CM)

1 0.1283 8.0917 608 0.2 2190 1752 457.2635 2.004 0.9075 147.8250
2 0.8719 12.0519 532.0176 0.8 11315 2263 0 12.2372 0 519.7804

a OM (PM): number of OM replacements triggered by PM visits;
b OM (CM): number of OM replacements triggered by CM visits.

resources, a strategy with fewer site visits (and a slightly higher deficiency ratio) may be preferred. Conversely, if

maintaining optimal system performance is paramount, then a strategy that involves more frequent site visits and

replacements (thereby lowering 𝑓1) would be the logical choice.

5.5. Sensitivity analysis: impact of driver reliability assumptions
To investigate the robustness of the proposed framework against variations in LED driver failure timing, a

sensitivity analysis was conducted through two additional settings: Scenario setting 2 (S2) with parameters (25.61,

3301.09) and Scenario setting 3 (S3) with parameters (17.91, 2342.09). In S2, LED drivers exhibit delayed failures,

where the mean driver failure time is set at 3-standard-deviations later than the LED package MTTF, reflecting

scenarios in which the driver reliability is significantly better than that of the packages, as shown in Figure 17a. In

S3, drivers exhibit earlier failures, where the mean driver failure time is set at 3-standard-deviations earlier than the

packages’ MTTF, indicating scenarios with comparatively poorer driver reliability, as shown in Figure 17b.

The Pareto front under S2 (Figure 14c) exhibits trends broadly consistent with S1. Because drivers fail later,

system renewal is primarily governed by package degradation, and many policies tolerate substantial degradation

before replacement. Initially, the solution with the lowest deficiency ratio (𝑓1), situated in the upper-left corner,

represents a PM-driven maintenance strategy. For these Group 1 solutions, increasing the OM age 𝑇OM reduces the OM

replacements; however this reduction is partially offset by a rize in CM replacements, resulting in a slight net decrease

in 𝑓3. As the 𝑇OM approaches and then surpasses the package MTTF, the policy becomes conservative (Group 2),

resulting in decreased OM replacements but increased site visits (𝑓2). Additionally, replacements triggered by CM

visits partially offset the reduction in replacements, causing a minor decrease in 𝑓3. Compared to S1, S2 typically

demonstrates poorer system performance (higher 𝑓1) since the failures become package-driven; thus, LEDs typically

reach significant degradation before replacement.

For Scenario S3 (Figure 14d), the top-left solutions also represent PM-driven maintenance, similar to S2. In Group

1, the aggressive OM policy results in slightly increased site visits (𝑓2). As the 𝑇OM increases, the deficiency ratio

(𝑓1) worsens. When the OM policy shifts to conservative strategies, OM replacements decrease significantly, but
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(a) S2 Weibull lifetime distribution (b) S3 Weibull lifetime distribution

Figure 17: The setting of two scenarios for sensitive analysis

CM-driven replacements rapidly increase, indicating faster system deterioration. Notably, S3 reveals a pronounced

upward shift in the total replacements (𝑓3). Given the earlier driver failures, the minimum number of replacements

in S3 nearly equals the maximum replacements observed in S1 and S2, underscoring the critical impact of premature

driver failure on maintenance planning. These shifts highlight the trade-off between failure-dominated schedules and

lighting performance, and underscore how the model can guide policy selection under differing component lifetime

distributions.

Taken together, S2–S3 confirm that the proposed framework is structurally robust (the same trade-offs persist),

while also demonstrating that relative component reliability strongly influences where the Pareto front lies.

6. Conclusion

This paper proposed an integrated, performance-driven, simulation-in-the-loop framework for long-term main-

tenance optimization of large-scale LED lighting systems. At the component level, gradual degradation of LED

packages was modeled using a semi-physical non-homogeneous Gamma process whose mean evolution follows an

exponential lumen-maintenance trend, while abrupt driver outages were represented by a Weibull lifetime model.

The two mechanisms were combined through a competing-failure formulation to define luminaire operating states.

Model parameters were calibrated from LM-80 accelerated degradation data via Bayesian inference, enabling both

parameter uncertainty and stochastic process variability to be propagated to use conditions for downstream Monte

Carlo evaluation. Sensitivity studies further examined how driver reliability assumptions affect maintenance outcomes.

At the system level, spatial illuminance simulations were linked to operational requirements through two standard

commissioning indices (average illuminance and uniformity). These static indices were then converted into a long-term

dynamic performance metric by defining performance-deficiency durations across event intervals and aggregating

them into a deficiency ratio over the operating horizon. This dynamic metric provides an interpretable measure

of spatio-temporal compliance that is directly actionable for maintenance decision making. To make large-scale

policy evaluation computationally feasible, a surrogate-based illuminance mapping was developed to replace repeated

Radiance evaluations, yielding orders-of-magnitude acceleration while preserving high predictive fidelity.

Building on these elements, a performance-driven opportunistic maintenance policy was evaluated and optimized

under three competing objectives: minimizing the deficiency ratio, the total number of site visits, and the total number

of luminaire replacements. Preventive-maintenance intervals and opportunistic thresholds were used as decision

variables, and policies were assessed through a discrete-event Monte Carlo simulator coupled with the performance-

evaluation module. A real office-zone case study demonstrated that the proposed framework can reveal clear Pareto

trade-offs and provide decision support for selecting maintenance policies aligned with different performance and

resource priorities.

Several extensions merit future investigation. First, spatial heterogeneity could be incorporated more explicitly by

accounting for location-dependent criticality (e.g., zones with stricter task requirements) and by developing location-

aware maintenance actions. Second, practical resource constraints such as spare-parts inventory, crew capacity, and

access scheduling could be integrated to produce more implementable policies. Finally, richer cost models and real

Haohao SHI: Preprint submitted to Elsevier Page 23 of 28



Semi-physical Gamma-Process Degradation modeling and Performance-driven Opportunistic Maintenance

maintenance records would allow the current resource proxies (visits and replacements) to be mapped into monetary

objectives and further strengthen field applicability.
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A. Appendix

A.1. Algorithms of the Simulation Model

Algorithm 1 Discrete-event maintenance simulation for a given policy

1: Input:

• Degradation/failure models for luminaires: Gamma-process parameters (or posterior draws) and Weibull parameters;

• Policy variables: OM threshold 𝐻OM and PM interval 𝑇PM;

• Time parameters: operational horizon 𝑇over, maintenance service times (e.g., 𝑑CM-df, 𝑑CM-pf);

• Recording schedule for performance evaluation (e.g., next record time rule for 𝑡record);

• Simulation size: number of Monte Carlo replications 𝑆.

2: Output: For each run 𝑠: event-time vector 𝐓ts-evt
𝑠

(Equation 39), state trajectory 𝐋𝑠 (Equation 40), and counts (𝑁tv,𝑠, 𝑁tr,𝑠) (Equation 42 - 43); and averages

(𝑁STV, 𝑁STR) (Equation 44 - 45).

3: Initialize accumulators for 𝑁STV and 𝑁STR.

4: for 𝑠 = 1 to 𝑆 do
5: Initialize time 𝑡 ← 0, event index 𝑘 ← 1.
6: Initialize luminaire states 𝐋(0) and schedule initial event vectors 𝐭𝑠,1,𝑗 for all 𝑗 using Equation 36.

7: Initialize 𝑁cm,vis,𝑠 ← 0, 𝑁pm,vis,𝑠 ← 0, 𝑁cm,𝑠 ← 0, 𝑁pm,𝑠 ← 0, 𝑁om,𝑠 ← 0.

8: while 𝑡 < 𝑇over do

9: Form the system event matrix 𝐓evt
𝑠,𝑘

using Equation 37.

10: Identify the next event time and its source: (𝑡ts-evt
𝑠,𝑘

, 𝑗∗, type) ← argmin𝐓evt
𝑠,𝑘

11: Set 𝑡 ← 𝑡ts-evt
𝑠,𝑘

and append 𝑡 to 𝐓ts-evt
𝑠

.

12: if type = PM (i.e., 𝑡 = 𝑡
pm

𝑠,𝑘,𝑗∗
) then

13: 𝑁pm,vis,𝑠 ← 𝑁pm,vis,𝑠 + 1; replace luminaire 𝑗∗ (𝑁pm,𝑠 ← 𝑁pm,𝑠 + 1).

14: Set maintenance completion time 𝑡event-end
𝑠,𝑘,𝑗∗

← 𝑡 + 𝑑CM-df.

15: OM selection: For each luminaire 𝓁 ≠ 𝑗∗, compute 𝐻mov,𝓁 via Equation 30.

16: if 𝐻mov,𝓁 ≤ 𝐻OM then

17: Replace luminaire 𝓁 opportunistically (𝑁om,𝑠 ← 𝑁om,𝑠 + 1).

18: Update/reset its future event times in 𝐭𝑠,𝑘,𝓁 (e.g., next PM and predicted CM times).

19: end if
20: Update/reset future event times for luminaire 𝑗∗ (e.g., resample failure times after replacement, schedule next PM).

21: else if type = CM-df (i.e., 𝑡 = 𝑡cm,df

𝑠,𝑘,𝑗∗
) then

22: 𝑁cm,vis,𝑠 ← 𝑁cm,vis,𝑠 + 1; replace luminaire 𝑗∗ (𝑁cm,𝑠 ← 𝑁cm,𝑠 + 1).

23: Set 𝑡event-end
𝑠,𝑘,𝑗∗

← 𝑡 + 𝑑CM-pf.

24: OM selection: For each luminaire 𝓁 ≠ 𝑗∗, compute 𝐻mov,𝓁 via Equation 30; if 𝐻mov,𝓁 ≤ 𝐻OM, apply OM and update/reset its event times.

25: Update/reset future event times for luminaire 𝑗∗ after replacement.

26: else if type = CM-pf (i.e., 𝑡 = 𝑡
cm,pf

𝑠,𝑘,𝑗∗
) then

27: 𝑁cm,vis,𝑠 ← 𝑁cm,vis,𝑠 + 1; replace luminaire 𝑗∗ (𝑁cm,𝑠 ← 𝑁cm,𝑠 + 1).

28: Set 𝑡event-end
𝑠,𝑘,𝑗∗

← 𝑡 + 𝑑CM-pf.

29: OM selection: For each luminaire 𝓁 ≠ 𝑗∗, compute 𝐻mov,𝓁 via Equation 30; if 𝐻mov,𝓁 ≤ 𝐻OM, apply OM and update/reset its event times.

30: Update/reset future event times for luminaire 𝑗∗ after replacement.

31: else if type = END (i.e., 𝑡 = 𝑡event-end
𝑠,𝑘,𝑗∗

) then

32: Mark maintenance complete for luminaire 𝑗∗ and set 𝑡event-end
𝑠,𝑘,𝑗∗

← 𝑇over.

33: Update 𝐭𝑠,𝑘,𝑗∗ (e.g., enable future PM/CM events as applicable).

34: else if type = RECORD (i.e., 𝑡 = 𝑡record
𝑠,𝑘,𝑗∗

) then

35: No maintenance action; update the next record time(s) in the event vectors (e.g., advance 𝑡record).
36: end if
37: Record system state 𝐋(𝑡) at the current event index and append to the trajectory 𝐋𝑠.

38: Increment event index 𝑘 ← 𝑘 + 1.
39: end while
40: Compute totals for run 𝑠: 𝑁tv,𝑠 and 𝑁tr,𝑠 using Equation 42 - 43.

41: end for
42: Average over runs: 𝑁STV and 𝑁STR using Equation 44–Equation 45.
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Algorithm 2 Performance evaluation model (PEM) for one simulation run

1: Input:

• Performance standards: 𝑆𝐸 and 𝑆𝑈 ;

• Event-time vector 𝐓ts-evt
𝑠

= [𝑡𝑠,1,… , 𝑡𝑠,𝐾 ] (Equation 39);

• Luminaire-state trajectory 𝐋𝑠 (Equation 40);

• Performance mapping model (Radiance or surrogate; Section 4.4).

2: Output: Deficiency ratio 𝑅DR,𝑠 for run 𝑠 (Equation 41) (and optionally illuminance sequence 𝐄𝑠).

⊳ Step 1: map states to static performance indices at event times

3: for 𝑘 = 1 to 𝐾 do
4: Retrieve luminaire state vector 𝐋(𝑡𝑠,𝑘) from 𝐋𝑠.

5: Evaluate the working-plane illuminance vector 𝐄(𝑡𝑠,𝑘) using the performance mapping model.

6: Compute 𝐸avg(𝑡𝑠,𝑘) via Equation 21 and 𝑈 (𝑡𝑠,𝑘) via Equation 22.

7: end for
⊳ Step 2: compute interval-wise deficiency durations and PDD

8: Initialize
∑

𝑇defi,𝑠 ← 0.

9: for 𝑘 = 2 to 𝐾 do
10: Using the index trajectories on (𝑡𝑠,𝑘−1, 𝑡𝑠,𝑘), compute deficiency durations:

𝑇E_defi,𝑠(𝑘) is the total time in (𝑡𝑠,𝑘−1, 𝑡𝑠,𝑘) for which 𝐸avg(𝑡) < 𝑆𝐸 ,

𝑇U_defi,𝑠(𝑘) is the total time in (𝑡𝑠,𝑘−1, 𝑡𝑠,𝑘) for which 𝑈 (𝑡) < 𝑆𝑈 .

11: Compute the performance deficiency duration (PDD) using Equation 28:

𝑇defi,𝑠(𝑘) ← max
(
𝑇E_defi,𝑠(𝑘), 𝑇U_defi,𝑠(𝑘)

)
.

12: Accumulate
∑

𝑇defi,𝑠 ←
∑

𝑇defi,𝑠 + 𝑇defi,𝑠(𝑘).

13: end for
⊳ Step 3: compute deficiency ratio for the run

14: Compute 𝑅DR,𝑠 =

∑
𝑇defi,𝑠

𝑇over

using Equation 41.
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