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Highlights 

 Presents a stress-informed framework for assessing SF₆ leakage risk in GIS 
assets. 

 Demonstrates limits of age-based criteria under severe environmental exposure. 

 Reveals how ageing and environmental stress jointly shape emissions in hot-arid 
grids. 

 Supports risk-based prioritisation for GIS modernisation under extreme climates. 
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ABSTRACT  

Gas-insulated switchgear (GIS) is critical for high-voltage transmission networks but poses 

environmental challenges due to sulfur hexafluoride (SF₆ ) leakage, especially under hot-

arid conditions. This study develops a unified Reliability–Environmental–Economic (REE) 

framework that integrates Bayesian Weibull reliability modelling under fully right-censored 

data, composite environmental stress decomposition, and probabilistic leakage estimation 

for Kuwait’s 132–400 kV GIS fleet. Results indicate a weakly increasing age-dependent 

hazard regime (β > 1), with environmental stress (temperature, dust, salinity, and humidity) 

emerging as the dominant driver of leakage variability. Fleet-level analysis estimates 

baseline SF₆  leakage at ≈6.24 t yr⁻¹ (≈1.52 × 10⁵ t CO₂ -eq yr⁻¹, IPCC GWP100). Stress-

mitigation and partial replacement scenarios reduce emissions growth but cannot eliminate 

long-term risk. Cooling retrofits yield moderate reductions by lowering temperature-driven 

stress, while partial replacement with SF₆ -free technologies achieves larger reductions by 

structurally removing leakage sources. Economic evaluation using discounted cash-flow 

analysis (3–8% rates) demonstrates that SF₆ -free replacement, despite higher upfront 

capital costs, achieves competitive abatement efficiency due to sustained emissions 

elimination over time. These findings highlight that age alone is an unreliable indicator of 

GIS performance. Instead, stress-informed, risk-based modernisation strategies, combining 

probabilistic reliability modelling, environmental exposure quantification, and economic 

trade-offs, are essential for effective transmission planning in hot-arid systems. The REE 

framework provides a transparent, data-driven basis for fleet-level screening and 

prioritisation, supporting Kuwait’s alignment with international climate commitments and 

regional sustainability initiatives. 
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1. Introduction 

Gas-insulated switchgear (GIS) is a core component of modern high-voltage transmission 

networks due to its compact design, high dielectric strength, and robustness against 

external contamination when compared with air-insulated alternatives [1]. The use of 

                  



sulfur hexafluoride (SF₆) as the principal insulating and arc-extinguishing medium has 

enabled compact and reliable GIS operation, while recent international technical 

assessments have focused on the qualification of environmentally sustainable alternative 

gases capable of delivering equivalent dielectric strength and switching performance at 

transmission voltages [2–5]. 

Despite these technical advantages, SF₆  presents a significant environmental challenge. 

It is an extremely potent greenhouse gas with an exceptionally high 100-year global 

warming potential (GWP₁ ₀ ₀  = 24,300) and an atmospheric lifetime extending over 

several millennia, meaning that even modest leakage rates contribute disproportionately 

to national and global greenhouse-gas inventories [6]. Consequently, increasing 

regulatory scrutiny and international climate commitments are driving global efforts to 

reduce or phase down SF₆  use in high-voltage equipment [7–10]. 

Kuwait’s transmission network operates under some of the most severe environmental 

conditions encountered by high-voltage infrastructure worldwide. Sustained extreme 

ambient temperatures, coastal salinity, airborne dust, and episodic humidity spikes 

accelerate insulation ageing, elastomeric seal degradation, and pressure cycling within 

GIS enclosures [11–15]. A substantial share of the installed GIS fleet now exceeds 35–

40 years of service, approaching or surpassing typical long-term operational horizons 

reported for transmission-level GIS installations [2,3]. Studies of similarly stressed assets 

indicate ageing behaviour consistent with Weibull shape parameters greater than unity, 

reflecting progressive degradation under sustained environmental and operational stress 

[16,17], even in the absence of observed end-of-life failures. 

In response to environmental concerns associated with SF₆ , utilities worldwide are 

exploring alternative insulating gases while simultaneously improving emissions 

monitoring, reporting practices, and asset-management strategies for existing high-

voltage equipment. Engineering studies and CIGRÉ technical guidance demonstrate that 

clean air (F-gas-free), fluoronitrile–CO₂ , and fluoroketone-based gas mixtures can 

achieve acceptable dielectric performance at transmission voltages up to 420 kV under 

controlled testing conditions [18–23]. While these technologies represent an important 

technical development, their long-term performance and reliability under hot-arid and 

coastal operating conditions remain an active area of investigation, particularly under 

extended validation evidence [5]. 

Despite extensive research on GIS reliability, environmental exposure, and SF₆ 

emissions, these aspects are typically treated as separate analytical domains. Existing 

studies rarely quantify how micro-climatic stress interacts with ageing dynamics to 

influence leakage behaviour and fleet-level emissions under uncertainty, particularly for 

transmission systems operating in hot-arid environments and dominated by fully right-

censored operational datasets. 

                  



This study addresses this gap by developing an integrated Bayesian–Monte Carlo 

Reliability–Environmental–Economic (REE) framework that links stress-adjusted 

reliability modelling, composite environmental stress decomposition, and physically 

grounded SF₆  leakage formulation within a unified probabilistic structure. 

 

2. Literature Review 

2.1. General Ageing Behaviour of Gas-Insulated Switchgear 

Ageing in gas-insulated switchgear reflects the cumulative effects of dielectric stress, 

mechanical fatigue, and environmental exposure over multi-decade operation as 

documented across design, materials, and performance studies [1–4]. International 

technical guidance documents and industry assessments report multi-decade service 

performance for well-maintained transmission-level GIS and identify seal degradation, 

insulation deterioration, and mechanical wear as dominant degradation drivers [2,3]. As 

GIS assets increasingly operate beyond their original design horizons, lifetime-

management studies emphasise the limitations of uniform age-based replacement criteria 

and the need to account for heterogeneous operating conditions [4]. 

Prolonged thermal and operational stress accelerates these degradation mechanisms 

and produces Weibull shape parameters greater than unity, indicating entry into the wear-

out phase of the asset lifecycle [16,17]. Reliability assessments of SF₆ -based circuit 

breakers exhibit similar ageing signatures, with contact erosion and insulation decline 

emerging as principal contributors to hazard growth [16]. Recent reviews highlight the 

transition from time-based maintenance toward condition- and data-driven asset 

management strategies that incorporate health indices and operational context [24,25]. 

 

2.2. Environmental Stress Mechanisms in GIS Performance 

Environmental exposure is a critical determinant of GIS degradation, with temperature, 

particulate contamination, salinity, and humidity consistently identified as major 

accelerants of insulation ageing and seal deterioration. Elevated temperatures reduce 

dielectric withstand strength, accelerate polymer relaxation, and intensify thermal cycling 

stresses that shorten insulation lifetime [14,15,17]. Long-term climatological analyses 

confirm that Kuwait experiences persistent extreme heat conditions with increasing 

frequency and intensity of high-temperature events [13]. 

Dust and airborne particulates increase surface conductivity and discharge activity, 

particularly in regions affected by frequent dust storms [11,15]. Coastal microclimates 

contribute elevated chloride aerosol concentrations that promote corrosion and modify 

surface electrical properties [12]. Humidity spikes, even in predominantly arid regions, 

                  



further reduce surface breakdown thresholds and exacerbate partial-discharge behaviour 

[14]. These mechanisms motivate the explicit inclusion of environmental stress through 

composite multipliers within probabilistic reliability frameworks, particularly for systems 

operating under extreme climatic exposure. 

 

2.3. Modelling of SF₆  Leakage and Degradation Pathways 

SF₆  leakage in GIS arises primarily from progressive deterioration of elastomeric seals, 

flange interfaces, and gas compartments subjected to thermal, mechanical, and pressure 

cycling [26–28]. Leakage rates typically below 1% per year in temperate climates can 

increase significantly under elevated temperatures, high internal pressures, and cyclic 

loading [26,27]. Empirical investigations demonstrate that leakage intensity correlates 

with both ageing and environmental stress, underscoring the limitations of static leakage 

assumptions. 

CIGRÉ technical guidance highlights the sensitivity of gas density, sealing performance, 

and leakage behaviour to heat, humidity, and mechanical strain [22]. Advances in online 

diagnostics and monitoring enable linkage between leakage detection, insulation 

condition assessment, and ageing state, supporting more dynamic emissions evaluation 

[27,29]. 

 

2.4. SF₆ -Free Alternatives and Constraints of Transition in Hot-Arid Systems 

Alternative insulating media, including clean air, fluoronitrile–CO₂  mixtures, and 

fluoroketone-based gases, demonstrate acceptable dielectric and interruption 

performance up to 420 kV under controlled testing conditions [18–20]. CIGRÉ Technical 

Brochures consolidate evidence on material compatibility, testing procedures, and 

application constraints for these alternatives [10, 21–23]. Early pilot installations, including 

climate-neutral 420 kV GIS busducts, demonstrate system-level feasibility [30]. 

However, no published study has yet evaluated the long-term reliability of these gases 

under Gulf climatic conditions characterised by extreme heat, dust exposure, and coastal 

salinity. This technology-validation gap directly affects transition planning in Kuwait, 

where environmental drivers differ substantially from those assumed in international type-

testing frameworks. 

2.5. Gaps in Integrated Modelling of Reliability, Environment, and Leakage 

Although substantial literature exists on GIS ageing, environmental stress, leakage 

behaviour, and SF₆ -free technologies, these domains are rarely integrated within a single 

probabilistic framework. Existing models often assume rich failure data, whereas utility 

                  



datasets in Kuwait are dominated by right-censored observations and heterogeneous 

environmental exposure. Bayesian inference provides a robust mechanism for 

addressing these limitations [31,32], yet its application to GIS ageing and emissions 

assessment in hot-arid transmission systems remains limited. 

2.6. Research Gap and Analytical Contribution 

There is currently no unified framework that integrates Bayesian reliability modelling 

under full right-censoring, environmental stress quantification through composite 

multipliers (αloc), probabilistic SF₆ leakage estimation, and planning-stage comparative 

evaluation of mitigation pathways calibrated to Gulf climatic conditions. This study 

addresses this gap by developing a Reliability–Environmental–Economic (REE) 

framework for Kuwait’s 132–400 kV GIS fleet, intended as a strategic screening and 

prioritisation tool rather than a unit-level diagnostic or investment-optimisation model. 

Table 1 summarises the key studies informing the proposed Reliability–Environmental–

Economic (REE) framework, covering GIS ageing mechanisms, reliability benchmarks, 

and thermal stress effects relevant to Kuwait’s operating conditions.  

Table 1. Key literature informing the Reliability–Environmental–Economic (REE) framework for GIS 

modernisation in hot-arid transmission systems 

Reference 
group 

Primary focus Key contribution Relevance to this study 

[1] GIS fundamentals Design principles, insulation structure, 
operational characteristics 

Technical baseline for system 
modelling 

[2–5,10] 
SF₆ alternative 
gases and 
validation studies 

 

Technical assessment, material 
compatibility, qualification procedures, 
and long-term validation evidence for 
SF₆-free media 

Technology transition baseline 
and performance constraints 
under transmission voltages 

[6–9] Climate science and 
regulation 

Emissions impact, GWP metrics, and 
policy drivers 

Decarbonisation and transition 
context 

[11–15] Environmental 
stressors 

Effects of heat, dust, salinity, and 
humidity on equipment 

Basis for composite α_loc stress 
formulation 

[16,17] Ageing and 
degradation 
modelling 

Stress-dependent Weibull ageing 
behaviour and hazard growth 

Reliability-parameter 
interpretation 

[18–23] Alternative gas 
performance testing 

Experimental dielectric strength and 
insulation performance 

Replacement scenario 
evaluation 

[26–29] Leakage diagnostics 
and monitoring 

Detection, condition monitoring, and 
degradation indicators 

Leakage-model parameterisation 

[30] Field deployment 
evidence 

Demonstrated installation of 420 kV 
SF₆-free GIS 

Practical feasibility validation 

[31,32] Bayesian reliability 
methods 

Inference under censored or 
incomplete datasets 

Statistical foundation of REE 
framework 

                  



Together, these studies establish the empirical, environmental, and probabilistic 

foundations upon which the REE framework is constructed. 

3. Problem Statement 

Research on gas-insulated switchgear (GIS) has produced important insights into ageing 
mechanisms, environmental stress effects, leakage behaviour, and emerging SF₆ -free 
alternatives. However, these dimensions are typically analysed in isolation. Reliability 
studies focus on mechanical and dielectric degradation using Weibull or health-index 
methods, while environmental research characterises temperature, humidity, dust, and 
salinity impacts without integrating them into probabilistic ageing models. Likewise, 
leakage studies quantify emission rates but rarely link them to hazard evolution, vendor 
characteristics, or microclimatic stress. Economic assessments, when available, consider 
mitigation options but do not connect costs with changes in reliability, stress exposure, or 
lifecycle emissions. 

In Kuwait, these limitations are particularly consequential. GIS units operate under 
extreme environmental conditions (persistent temperatures above 46 °C, heavy 
particulate loading, coastal salinity, and humidity spikes) that accelerate degradation and 
leakage relative to temperate systems. National SF₆  emissions have risen steadily, and 
many GIS units now exceed the 35–40 year service life indicated by international 
reliability enquiries. Yet no existing analytical framework jointly evaluates: 

1. reliability degradation under right-censored operational data, 
2. Kuwait-specific climatic and operational stressors, 
3. stress-adjusted SF₆  leakage behaviour, and 
4. indicative economic trade-offs among mitigation strategies. 

The absence of such an integrated framework limits the ability of utilities to prioritise 
retrofit, refurbishment, and replacement actions and makes it difficult to assess the cost-
effectiveness of transitions toward SF₆ -free technologies. A unified, data-driven 
modelling structure is therefore required to quantify how ageing, environmental stress, 
leakage dynamics, and economic considerations interact across multi-decade GIS 
lifecycles in Kuwait. 

 

4. Research Objectives 

The main objective of this study is to develop a unified Reliability–Environmental–
Economic (REE) framework for Kuwait’s high-voltage gas-insulated switchgear (GIS) 
fleet that links ageing dynamics, environmental exposure, SF₆  leakage behaviour, and 
mitigation pathways within a coherent probabilistic structure. 

To achieve this objective, the study: 

                  



1. Calibrates a Bayesian Weibull ageing model for 485 GIS bays under full right-
censoring, capturing posterior uncertainty in hazard trajectories and enabling 
probabilistic characterisation of degradation behaviour without reliance on 
observed end-of-life failures. 

2. Constructs a composite environmental–operational stress coefficient (αtotal) that 
integrates Kuwait-specific temperature, humidity, dust, salinity, load cycling, and 
vendor- and cohort-related effects, and evaluates its influence on effective lifetime 
and hazard evolution. 

3. Develops a stress-adjusted SF₆  leakage model linking Weibull-based ageing, 
composite stress multipliers, and installed SF₆  inventory to estimate annual 
leakage at bay, substation, and system levels. 

4. Implements a Monte Carlo simulation framework (n = 10,000) to propagate 
uncertainty in ageing, stress exposure, and leakage behaviour, and to evaluate 
baseline operation and alternative mitigation scenarios, including cooling retrofits 
and partial replacement with SF₆ -free technologies. 

5. Performs a planning-stage economic comparison of mitigation pathways using 
emissions-abatement efficiency (cost per tonne of CO₂ -equivalent avoided) and 
reliability-improvement indicators, consistent with early-stage transmission 
modernisation and policy prioritisation. 

6. Constructs a system-level risk ranking of anonymised substations by integrating 
stress-adjusted hazard, environmental exposure, emissions intensity, and 
operational context to support prioritised modernisation planning. 

These objectives are designed to provide comparative, fleet-level decision support rather 
than final procurement or investment strategies. By isolating the technical, environmental, 
and reliability drivers governing SF₆ leakage behaviour, the proposed framework 
establishes the empirical and probabilistic foundation required for subsequent project-
level financial appraisal, including detailed life-cycle costing and capital-allocation 
analyses. Such downstream evaluations build directly on the stress-adjusted hazard and 
leakage characterisation developed in this study and are addressed in separate, 
complementary research efforts. 

5. Methodology  

This section outlines the integrated Reliability–Environmental–Economic (REE) 
framework developed to model ageing, environmental and operational stress, leakage 
behaviour, and modernisation pathways for Kuwait’s GIS fleet. The approach combines 
Bayesian reliability modelling, a composite environmental stress index, stress-adjusted 
hazard estimation, a physically based leakage model, probabilistic emissions simulation, 
and an indicative economic evaluation. 

Real utility data were available for 485 GIS bays across multiple voltage classes (132, 
300, 400 kV) and environmental zones. All substation identifiers were anonymised, and 
GIS vendors were consolidated into technology families to protect confidentiality while 
maintaining engineering relevance. 

                  



5.1. Methodological Overview  

The methodological structure of the REE framework is visually summarised in Figure 1. 

 
Fig. 1. Methodological Overview of the REE Framework 

5.2 Reliability Modelling Framework 

Ageing behaviour was modelled using a two-parameter Weibull distribution, which is 
widely applied to represent gradual degradation processes in high-voltage switchgear. 
Operational age data for 485 GIS bays were fully right-censored, as all units remain in 
service at the time of analysis. Bayesian inference was employed to estimate the posterior 

                  



distributions of the Weibull shape (β) and scale (η) parameters under this censored 
structure.  

Under fully right-censored conditions, the Weibull shape parameter β is not interpreted 
as an empirical point estimate of failure frequency. Instead, β is treated as a probabilistic 
descriptor of the prevailing hazard regime relative to the threshold β = 1, which 
distinguishes decreasing, constant, and increasing hazard behaviour. Within the 
Bayesian framework, the survival of all 485 bays over the observed operating window 
constrains the admissible parameter space and excludes hazard trajectories inconsistent 
with long-term survival. This regularised interpretation follows established Bayesian 
reliability practice for zero-failure datasets and enables comparative hazard assessment 
without end-of-life prediction [33–35]. 

Substation identifiers were anonymised, and manufacturers were consolidated into 
technology families (G1–G7) after parameter estimation to preserve confidentiality 
without influencing statistical inference. The Bayesian formulation enables explicit 
representation of parameter uncertainty and avoids the need to assume hypothetical 
failure times, which would bias ageing estimates under full censoring. 

Posterior estimates yielded values of β greater than unity, consistent with a weakly 
increasing age-dependent hazard over the observed operating range. Given the absence 
of observed end-of-life failures, η is interpreted as a normalising parameter governing 
relative ageing trajectories rather than as a predictor of absolute physical lifetime. 
Accordingly, the reliability model is used to derive comparative hazard evolution across 
assets, not literal replacement ages. 

Weakly informative priors were applied to constrain posterior drift under full censoring. 
Posterior predictive validation presented in section 5.3 confirms that the fitted model 
reproduces the observed age distribution without inducing artificial early-life failures or 
implausible hazard escalation. The resulting posterior hazard trajectories form the 
reliability input to the stress-adjusted ageing and leakage models developed in 
subsequent sections. 

5.3 Posterior Predictive Validation 

Posterior predictive checks were performed to evaluate the adequacy of the Weibull 
specification under full right-censoring. Synthetic datasets were generated from posterior 
draws of β and η and compared with the empirical age distribution of the GIS fleet. 

The replicated distributions reproduced the observed central tendency and spread across 
the 6–52 year operating window, with no systematic deviation in the lower or upper age 
ranges. Kolmogorov–Smirnov diagnostics p-value (p > 0.05) and posterior predictive 
checks (PPP ≈ 0.5) indicated satisfactory agreement between simulated and observed 
data. These results confirm that the Weibull model provides an adequate statistical 
representation of fleet-level ageing behaviour under censored conditions. 

                  



Because predictive power beyond the observed age range is inherently limited by the 
data structure, posterior predictive checks are interpreted as validation of internal 
consistency rather than as evidence of long-term lifetime accuracy. This validation 
supports the use of posterior hazard trajectories as relative ageing inputs to the stress-
adjusted reliability and leakage formulations. 

5.4 Hazard Function Characterisation  

For each posterior draw, the age-dependent hazard function was computed using the 
standard Weibull formulation presented in Equation (1): 

ℎ(𝑡) =
𝛽

𝜂
(

𝑡

𝜂
)

𝛽−1

       (1) 

 
where: 
𝛽 is the shape parameter governing the age dependence of the hazard. 
𝜂 is the scale parameter controlling the temporal normalisation of the ageing trajectory. 

Posterior estimates yielded values of 𝛽 > 1, which are consistent with a weakly increasing 
hazard trend over the observed operating range of the fleet. Within the available data 
window (6–52 years), the posterior mean hazard increases gradually with age, reflecting 
progressive degradation rather than abrupt wear-out behaviour. 

Because the dataset is fully right-censored and contains no observed end-of-life failures, 
uncertainty in the hazard function increases at higher ages. This uncertainty reflects 
posterior extrapolation rather than identifiable failure dynamics. The widening credible 
intervals beyond approximately 40 years therefore reflect posterior extrapolation 
uncertainty, not a physical transition to a failure-dominated regime. Accordingly, hazard 
trajectories are interpreted as relative ageing modifiers for comparative screening rather 
than deterministic predictors of failure timing. 

These hazard functions are subsequently propagated into the stress-adjusted reliability 
formulation as presented in section 5.6 and the SF₆  leakage model in section 5.7, where 
they interact with environmental stress multipliers and equipment characteristics. 

 

5.5 Composite Environmental and Operational Stress Index  

Environmental and operational exposure is represented through a multiplicative 
composite stress index that scales ageing behaviour and leakage potential in a manner 
consistent with the physical and operational conditions of Kuwait’s GIS fleet. The 
composite stress index is constructed for comparative scaling and prioritisation rather 
than for statistical inference, and its role within the REE framework is to function as a 
physically interpretable stress modifier rather than as an estimable latent variable. 

                  



The composite stress index is defined as: 

𝛼total = 𝛼vendor × 𝛼cohort × 𝛼loc   (2) 

This deterministic formulation preserves physical interpretability while avoiding subjective 
weighting assumptions in stress aggregation. The vendor component, 𝛼vendor , reflects 
systematic differences in sealing design, materials, and manufacturing practices across 
GIS technology families. These modifiers are derived from Ministry of Electricity and 
Water (MEW) technical records, inspection outcomes, and aggregated maintenance 
experience, and are applied comparatively rather than as absolute performance ratings. 
To preserve confidentiality while retaining engineering relevance, manufacturers are 
consolidated into anonymised technology families (G1–G7). 

The cohort component, 𝛼cohort , represents technology vintage and manufacturing 
generation. Cohorts (pre-1990, 1990–2010, post-2010) correspond to documented 
transitions in GIS design standards, insulation materials, and sealing technologies. This 
component captures relative differences in ageing sensitivity across generations without 
imposing discrete lifetime thresholds or deterministic replacement criteria. 

The local environmental component, 𝛼loc , captures spatially varying climatic and 
operational stressors across Kuwait, including temperature 𝛼T and humidity 𝛼H (Kuwait 

Meteorological Department), dust loading 𝛼D and salinity exposure 𝛼S (Kuwait Institute for 
Scientific Research), and load-related thermal cycling and switching duty 𝛼L  (MEW 
operational data). Each indicator is normalised to a 0–1 scale and combined 
deterministically to preserve relative stress intensity across substations without 
introducing subjective weighting.  

Vendor (𝛼vendor ) and cohort (𝛼cohort) modifiers represent design- and materials-driven 
sealing performance differences observed under comparable environmental exposure 
and are applied exclusively as relative scaling factors within a physically constrained 
stress framework. These modifiers are bounded, normalised to the fleet median, and 
cannot independently elevate a bay or substation into a high-risk category without 
concurrent ageing, SF₆  inventory, and local environmental stress. Accordingly, they do 
not predetermine replacement decisions and cannot dominate the resulting stress 
classification. 

Together, these components form a dimensionless composite stress multiplier that 
modifies ageing trajectories and leakage behaviour within the REE framework. 
Uncertainty associated with environmental exposure and stress aggregation is 
incorporated through bounded perturbations during scenario-based Monte Carlo 
simulation (Section 5.7), ensuring that stress effects are propagated probabilistically 
rather than treated as exact quantities. Temperature effects are explicitly retained within 
the stress formulation through 𝛼T and load-driven thermal cycling 𝛼L; exclusion from the 
regression specification therefore does not remove thermal influence from the model but 
only prevents statistical multicollinearity in coefficient estimation. 

                  



5.6 Stress-Adjusted Reliability Parameters 

Environmental and operational stress modifies ageing behaviour by proportionally 
adjusting the Weibull scale parameter. The effective lifetime parameter under stress is 
defined in Equation (3). 

𝜂eff =
𝜂

𝛼total
        (3) 

and the corresponding stress-adjusted hazard function is defined in Equation (4). 

ℎeff(𝑡) = ℎ(𝑡) × 𝛼total       (4) 

This formulation preserves the baseline statistical structure of the Weibull ageing model 
while allowing environmental and operational conditions to scale degradation behaviour 
in a transparent manner. Higher stress levels reduce the effective scale parameter and 
elevate the hazard proportionally, whereas lower stress has the opposite effect. 

Within the REE framework, these stress-adjusted parameters are interpreted as relative 
modifiers of ageing trajectories rather than as predictors of absolute failure timing. Their 
role is to ensure that bays exposed to higher climatic and operational stress exhibit 
proportionally higher ageing and leakage potential when compared under a common 
baseline. 

5.7 Stress-Adjusted SF₆ Leakage Model 

SF₆  leakage is modelled at the bay level using a physically grounded, stress-adjusted 
formulation that links equipment ageing, environmental exposure, and installed gas 
inventory. The objective of this model is to estimate steady-state annual leakage 
behaviour consistent with long-term degradation processes, rather than to predict 
episodic release events. 

 

Annual leakage for bay i is defined in Equation (5). 

Leakage
𝑖

= 𝑟0 × 𝑀𝑖 × 𝛼total,𝑖 × AgeFactor
𝑖

(5) 
 

where: 
𝑟0is the baseline leakage coefficient under nominal reference conditions, representing 
steady-state fleet-average behaviour reported for transmission-level GIS. It is specified 
as a fixed scaling parameter rather than an estimated regression coefficient. 
𝑀𝑖 is the nominal SF₆  mass. 
𝛼total,𝑖is the composite stress index. 

AgeFactor
𝑖
is derived from the posterior Weibull hazard trajectory. 

                  



In this formulation, 𝑟0serves solely as a normalising baseline constant. Technology-
generation differences are not embedded in 𝑟0; instead, they are represented explicitly 
through vendor and cohort modifiers within 𝛼total. 

The AgeFactor term reflects the progressive increase in leakage susceptibility as sealing 
systems and interfaces degrade with age. Environmental variables enter the leakage 
formulation exclusively through the composite stress multiplier, reflecting their role as 
modifiers of degradation processes rather than as independent drivers of leakage in 
isolation. Vendor lineage and technology cohort effects are likewise incorporated through 
𝛼total, capturing systematic design-related differences. 

Because the objective of the formulation is comparative scenario evaluation, the leakage 
model is constructed to preserve relative differences across assets rather than to 
reproduce exact absolute leakage magnitudes for individual bays. 

Uncertainty in ageing parameters, stress multipliers, and SF₆  mass is propagated 
through the leakage model using Monte Carlo simulation, yielding probabilistic 
distributions of annual leakage at bay, substation, and system levels. These distributions 
form the emissions input for scenario evaluation and risk prioritisation in subsequent 
sections. Accordingly, reported emission values should be interpreted as probabilistic 
system-level estimates rather than deterministic measurements. 

5.8 Substation Risk Index 

A composite substation risk index was constructed to integrate ageing behaviour, 
environmental stress exposure, emissions intensity, and operational criticality for each 
anonymised substation–voltage–load group. The purpose of the index is comparative 
prioritisation across the fleet rather than absolute risk quantification. 

The risk index for substation 𝑖 is defined by Equation (6). 

Risk𝑖 = norm(𝜆adj,𝑖
, 𝜂eff,𝑖

,  𝐸𝑖
,  𝑉𝑖

,  𝑍𝑖
,  𝐿𝑖)    (6) 

where: 
𝜆adj,𝑖 is the stress-adjusted hazard rate. 

𝜂eff,𝑖 is the effective lifetime parameter. 

𝐸𝑖 denotes annual SF₆  emissions. 
𝑉𝑖represents voltage class. 
𝑍𝑖denotes environmental zone. 
𝐿𝑖  denotes load type. 

Each component is normalised to the interval [0 , 1] prior to aggregation to ensure 
comparability across substations with different physical and operational characteristics. 
Equal weighting is applied to all components to avoid subjective prioritisation and to 
preserve transparency in index construction. 

                  



Equal normalisation was intentionally adopted to preserve neutrality during the fleet-
screening phase. The index is designed to identify relative risk exposure rather than 
consequence-weighted planning priorities. Higher-voltage substations inherently exhibit 
larger SF₆  inventories and higher absolute emissions potential, which are already 
reflected in the risk scores without imposing explicit voltage weighting. 

The resulting index does not represent a probabilistic failure likelihood, economic 
optimisation metric, or dispatch priority. Instead, it provides a consistent, multi-
dimensional ranking that highlights substations where elevated ageing stress, 
environmental exposure, emissions intensity, and operational context coincide. 
Consequence-weighted prioritisation, stakeholder preferences, and policy-driven 
weighting schemes are deliberately deferred to downstream planning or MCDA stages 
and are outside the scope of the present screening framework. 

5.9 Environmental Driver Regression 

To examine the internal structure of the local environmental stress component, a 
regression analysis was performed to decompose 𝛼locinto its contributing variables, as 
shown in Equation (7).  

𝛼loc = 𝛽0 + 𝛽𝑇𝛼𝑇 + 𝛽𝐻𝛼𝐻 + 𝛽𝐷𝛼𝐷 + 𝛽𝑆𝛼𝑆 + 𝛽𝐿𝛼𝐿 + 𝜀   (7) 

The regression analysis presented here is not intended as an independent statistical 
validation of 𝛼loc. Because 𝛼locis deterministically constructed from the same 
environmental and operational inputs, the regression serves solely as a diagnostic 
decomposition to illustrate the relative contribution of individual stress components rather 
than to establish causal or predictive relationships. 

This analysis provides descriptive insight into how measured environmental and 
operational factors jointly shape local stress conditions across substations. Due to strong 
climatic co-variation in Kuwait, the predictors exhibit multicollinearity and are therefore 
interpreted collectively rather than individually. Temperature was excluded only from the 
regression decomposition to avoid statistical collinearity, but it remains explicitly 
incorporated in the stress formulation through the thermal stress component 𝛼T and load-
related thermal cycling term 𝛼L, both of which directly influence leakage behaviour and 
ageing dynamics. 

The resulting model explains a large proportion of the variance in 𝛼loc. This outcome is 

expected and reflects the constructed nature of 𝛼loc, which is deterministically derived 
from these same components through normalisation and aggregation. The regression 
therefore does not constitute statistical inference, validation, or prediction, and the 
magnitude of the coefficient of determination has no independent interpretive meaning. 

Importantly, the regression outputs do not feed back into the computation or application 
of 𝛼loc, which is obtained directly from measured inputs rather than estimated coefficients. 
The role of the regression is strictly interpretive, supporting physical understanding of 

                  



stress composition within the REE framework rather than parameter estimation or model 
calibration. 

5.10 Bay-Level Emission Regression 

To examine how ageing and environmental stress jointly influence SF₆  emissions at the 
bay level, a regression analysis was conducted linking estimated annual leakage to key 
explanatory variables derived from the REE framework. The regression equation is 
presented in Equation (8). 

𝐸𝑖 = 𝛾0 + 𝛾1𝜆adj,𝑖 + 𝛾2𝛼loc,𝑖 + 𝛾3𝑀𝑖 + 𝜀𝑖     (8) 

where: 
𝐸𝑖denotes estimated annual SF₆  emissions for bay 𝑖. 
𝜆adj,𝑖 is the stress-adjusted hazard rate. 

𝛼loc,𝑖 represents local environmental stress. 

𝑀𝑖  is the nominal SF₆  mass. 

The objective of this regression is interpretive rather than predictive, providing insight into 
the relative contribution of ageing, environmental exposure, and installed gas inventory 
to bay-level emissions. Because the dependent variable is derived from the stress-
adjusted leakage formulation, the regression is not intended to establish independent 
causal relationships or to generate out-of-sample emission forecasts. 

Regression results indicate that both stress-adjusted ageing and environmental exposure 
are positively associated with estimated emissions, while nominal SF₆  mass acts as a 
scaling factor. These relationships are consistent with the physical interpretation of 
leakage behaviour embedded in the REE framework and support the use of stress- and 
age-weighted leakage formulations for comparative analysis across the fleet. 

Importantly, the regression does not influence the computation of bay-level emissions, 
which are obtained directly from the leakage model. Its role is confined to explanatory 
validation, confirming that the estimated emissions respond coherently to the principal 
drivers assumed in the modelling framework. 

5.11 Planning-Stage Economic Comparison Framework 

The economic component of the Reliability–Environmental–Economic (REE) framework 
is formulated as a planning-stage comparative assessment, rather than as a full lifecycle 
cost optimisation or project-level investment appraisal. Economic indicators are used to 
compare the relative emissions-abatement efficiency and reliability implications of 
alternative mitigation pathways under consistent assumptions, not to derive investment-
optimal solutions or detailed capital-allocation strategies. 

This boundary reflects the role of the REE framework within early-stage national 
transmission planning, where the objective is to support policy sequencing, technology 

                  



prioritisation, and phased modernisation decisions under uncertainty. At this stage, 
comparative economic signals are more informative than detailed lifecycle valuations, 
which are typically undertaken only after candidate pathways have been shortlisted for 
implementation. 

Mitigation scenarios were defined to evaluate the comparative impacts of operational, 
technological, and replacement interventions on ageing behaviour, SF₆  emissions, and 
associated economic indicators. Scenarios were applied uniformly across the GIS fleet 
using identical baseline assumptions to ensure internal consistency and comparability. 

Three primary scenario classes were evaluated: 

 Baseline operation, representing continuation of current maintenance practices 
and prevailing environmental exposure conditions. 

 Cooling retrofit, in which enhanced thermal management reduces the temperature-
related component of local environmental stress while leaving equipment 
configuration unchanged. 

 Partial replacement with SF₆ -free technology, targeting ageing GIS units beyond 
a defined age threshold and replacing them with commercially available SF₆ -free 
alternatives. 

For each scenario, stress-adjusted ageing trajectories, leakage behaviour, and resulting 
emissions were simulated at both bay and substation levels using Monte Carlo 
propagation of parameter uncertainty. Scenario outcomes are therefore interpreted as 
conditional distributions rather than deterministic forecasts. 

Cooling retrofit scenarios yield moderate simulated reductions in leakage and emissions 
by lowering the temperature-related contribution within the composite stress index, 
particularly at substations subject to elevated thermal exposure. Cooling retrofit measures 
may also yield secondary benefits by reducing the severity of other environmentally driven 
degradation mechanisms. Improved enclosure cooling and ventilation can lower internal 
temperature gradients, reduce condensation risk during humidity excursions, and 
indirectly limit dust adhesion and particulate accumulation on internal surfaces and 
sealing interfaces. These effects are not modelled as independent drivers but are 
captured implicitly through the reduction of the local environmental stress component 
within the composite stress index. 

Partial replacement scenarios produce larger simulated reductions by directly eliminating 
SF₆  inventories and resetting ageing and stress effects for replaced assets. Differences 
across scenarios arise from the interaction between equipment age, environmental 
exposure, and intervention scope rather than from any single dominant factor. 

Scenario performance is evaluated comparatively using fleet-level emissions, substation 
risk rankings, and planning-stage economic indicators. The analysis does not attempt to 
optimise intervention timing or investment portfolios. Instead, it illustrates the relative 
direction and magnitude of potential benefits under plausible intervention pathways, 

                  



providing a consistent basis for comparative assessment rather than prescriptive 
decision-making. 

Economic comparison across interventions was performed using a discounted cash-flow 
(DCF) formulation to account for the time value of money. For each scenario, intervention 
costs were expressed as annualised cash flows and converted to net present value (NPV) 
using a baseline discount rate of 5% over a 10-year planning horizon aligned with the 
scenario window. In parallel, emissions reductions relative to the baseline were treated 
as annual flows and converted to present value (PV). Scenario cost-effectiveness is 
reported as a discounted abatement cost, defined as the ratio of NPV(cost) to PV(CO₆-
eq avoided), providing a consistent present-value basis for comparing operational retrofits 
and structural replacement pathways. A sensitivity check using discount rates of 3%, 5%, 
and 8% is also reported to demonstrate the stability of scenario ranking under plausible 
discounting assumptions. This discounted appraisal approach is consistent with 
established life-cycle costing and infrastructure asset-management practice [36–38]. 

5.12 Summary of the Proposed Methodology 

Section 5 presents a unified methodological framework integrating Bayesian ageing 
estimation, composite environmental stress modelling, stress-adjusted reliability analysis, 
a physically grounded SF₆  leakage formulation, probabilistic emissions simulation, 
substation-level risk ranking, and planning-stage, discounted economic screening 
indicators. The framework ensures coherent propagation of uncertainty from ageing and 
environmental exposure through emissions and cost metrics, providing the analytical 
foundation for the scenario evaluation and interpretive discussion developed in Sections 
7 and 8. 

Throughout this study, Greek symbols denote multiplicative stress or reliability modifiers. 
The Weibull shape and scale parameters are denoted by 𝛽and 𝜂, respectively, with stress-
adjusted hazard represented by 𝜆adj(𝑡). Environmental, vendor, and cohort stress 

components are represented by 𝛼loc, 𝛼vendor, and 𝛼cohort, respectively, and combined into 
the composite stress multiplier 𝛼total. SF₆ inventory per bay is denoted by 𝑀, and the 
baseline leakage coefficient by 𝑟0. 

Regarding computational implementation and reproducibility, all probabilistic analyses 
were implemented using Monte Carlo simulation with 10,000 draws per scenario to 
ensure numerical stability of distributional estimates. Bayesian reliability models were 
estimated using weakly informative priors and verified for convergence through inspection 
of trace plots and posterior diagnostics. Sensitivity analyses were performed 
deterministically by perturbing key parameters within predefined bounds. Economic 
screening metrics were evaluated using discounted cash-flow formulations with sensitivity 
testing over plausible discount-rate ranges, consistent with planning-stage infrastructure 
appraisal practice. All simulations were executed using consistent random seeds to 
ensure internal reproducibility of results. Although calibrated to Kuwait’s climatic 
conditions, the framework structure is transferable to other transmission systems through 
substitution of locally measured environmental and operational inputs. 

                  



6. Data and Model Inputs  

This section describes the operational, environmental, and technical data used to 
implement the Reliability–Environmental–Economic (REE) framework for Kuwait’s gas-
insulated switchgear (GIS) fleet. It documents data sources, dataset composition, and 
key descriptive characteristics required for model implementation. All inputs are prepared 
in a manner consistent with the fully right-censored structure of the reliability data. Results 
obtained from application of the REE framework are presented in section 7. 

6.1 Dataset Description and Raw Data Sources 

The analytical dataset comprises operational and environmental information for 485 gas-
insulated switchgear (GIS) bays operating within Kuwait’s high-voltage transmission 
network. Data were compiled from the Ministry of Electricity and Water (MEW), the Kuwait 
Meteorological Department (KMD), and the Kuwait Institute for Scientific Research 
(KISR). 

Operational and equipment attributes obtained from MEW include commissioning year, 
voltage class (132, 300, and 400 kV), vendor lineage and technology generation, nominal 
SF₆  mass per bay, substation loading category, switching-duty indicators, and 
geographic zone classification. Environmental exposure data include ambient 
temperature and relative humidity from KMD, as well as dust concentration, dust-storm 
frequency, and coastal salinity deposition indices from KISR. Together, these variables 
form the empirical basis for construction of the local environmental stress component 
𝛼locwithin the composite stress index described in section 5. 

Commissioning dates were standardised to compute equipment age without assuming 
end-of-life failures, consistent with the fully right-censored reliability modelling approach 
adopted in this study. The resulting fleet spans an operating age range of approximately 
6 to 52 years across all voltage classes. The dataset is designed to support fleet-level 
screening and comparative modelling rather than unit-level condition diagnostics, and 
therefore does not include detailed maintenance-quality records or commissioning-phase 
defect indicators. 

A summary of the age distribution by voltage class is reported in Table 2, while Figure 2 
provides a graphical representation of the same distribution. 

Table 2. Age distribution of GIS equipment by voltage class (n = 485). 

Voltage (kV) Count Mean (yrs) Median (yrs) Min (yrs) Max (yrs) 

132 441 24.61 21 6 52 

300 35 28.00 29 7 42 

400 9 13.78 11 9 38 

Note: Values represent observed operating ages; no end-of-life failures are recorded. 

                  



 

Fig. 2. Graphical Age distribution of GIS bays by voltage class 

 

6.2 Data Cleaning and Preprocessing 

Data preprocessing was performed to ensure internal consistency, traceability, and 
compatibility with the Bayesian reliability framework. Commissioning dates originally 
stored in mixed formats were standardised using deterministic parsing rules to enable 
consistent computation of equipment age. 

All GIS bays were treated as right-censored, reflecting the absence of recorded end-of-
life failures and preserving compatibility with the censored Weibull ageing model 
described in section 5. Vendor names and legacy brand identities were consolidated into 
anonymised technology families (G1–G7) to preserve confidentiality while retaining 
engineering relevance. 

Substation identifiers were anonymised using alphanumeric labels (S001–S485), while 
voltage class, environmental zone, and load type attributes were retained to support 
stress modelling and risk assessment. Environmental indicators, including temperature, 
humidity, dust concentration, and salinity exposure, were maintained as continuous 
variables to avoid arbitrary thresholding and to preserve their physical interpretability. 

No interpolation or imputation was applied to missing values. This approach is consistent 
with recommended practice for censored reliability datasets [29,31,35] and avoids 
introducing artificial information that could bias ageing or leakage estimates. 

This conservative preprocessing strategy preserves the evidentiary limits of the available 
data and avoids introducing assumptions that could distort hazard estimation, stress 
attribution, or leakage behaviour under full right-censoring. 

                  



6.3 Derived Variables Used in Model Implementation  

Several derived variables were constructed to link the raw operational and environmental 
data to the components of the REE framework. 

Equipment age was computed using Equation (9) and expressed in integer years. 

𝑡 = 𝑡analysis − 𝑡commissioning      (9) 

Each bay was assigned to a technology cohort representing its manufacturing generation: 
pre-1990, 1990-2010, or post-2010. These cohorts reflect documented shifts in GIS 
sealing design, materials, and thermal characteristics across manufacturing periods and 
are used to represent relative ageing sensitivity at a comparative level, rather than 
discrete lifetime thresholds. 

SF₆  mass per bay (M) was standardised using vendor technical documentation and 
MEW specification sheets. These values serve as direct inputs to the leakage model 
described in section 5.7. 

Environmental and zone indicators were defined by associating each substation with a 
zone category reflecting dominant micro-environmental conditions (coastal urban, coastal 
industrial, urban core, inland industrial, new towns, desert remote). These indicators 
determine the environmental inputs used to construct the local stress component 𝛼loc. 

Load type categories were assigned to represent operational characteristics, including 
residential/urban, industrial, refinery/petrochemical, water and pumping, institutional or 
critical infrastructure, and renewable or transmission-related loads. These classifications 
feed into the load-related stress component of 𝛼loc. 

6.4 Model Inputs Mapped to the REE Framework 

To ensure coherence between the dataset and the methodological structure, all variables 
were explicitly mapped to their functional roles within the REE framework. Inputs to the 
Bayesian reliability model described in sections 5.1 through 5.4 include equipment age 𝑡, 
censored survival indicators, voltage class, and technology cohort. Together, these 
variables determine posterior estimates of the Weibull shape and scale parameters and 
the corresponding age-dependent hazard functions. 

Inputs to the composite environmental and operational stress index explained in section 
5.5 include vendor-specific modifiers 𝛼vendor derived from MEW technical assessments, 
cohort-based modifiers 𝛼cohort, environmental variables representing temperature, 
humidity, dust loading, and salinity exposure, and load-related indicators capturing 
thermal cycling and switching duty. These inputs are combined to construct the local 
stress component 𝛼locand subsequently the overall stress multiplier 𝛼total. 

                  



Inputs to the SF₆  leakage model explained in section 5.7 comprise the nominal SF₆  
mass per bay 𝑀, the composite stress factor 𝛼total, the age-dependent hazard adjustment 
(AgeFactor), and the baseline leakage coefficient 𝑟0 obtained from MEW records and 
engineering references. These variables jointly determine stress- and age-adjusted 
leakage behaviour at the bay level. 

Inputs to the substation-level risk index explained in section 5.8 include the stress-
adjusted hazard rate 𝜆adj, the effective lifetime parameter 𝜂eff, annual leakage potential, 

voltage class, zone classification, load type, and environmental exposure indicators. 
These variables are normalised and aggregated to produce the composite risk index 
reported and analysed in section 7. 

Economic inputs used in scenario evaluation are applied at an aggregate, planning-stage 
level and do not represent asset-specific cash-flow or depreciation records, consistent 
with the screening scope of the REE framework. 

6.5 Summary of Data and Model Inputs 

Section 6 documents the operational, environmental, and technical data used to 
implement the Reliability–Environmental–Economic (REE) framework for Kuwait’s GIS 
fleet. All inputs were sourced from validated national datasets, anonymised for 
confidentiality, and processed conservatively without interpolation or imputation to 
preserve the fully right-censored structure required by the Bayesian reliability model. 

Derived variables, including equipment age, technology cohort, nominal SF₆  mass, 
environmental stress indicators, and zone and load classifications, were constructed to 
ensure direct compatibility with the reliability, stress adjustment, leakage, and risk 
components of the framework. The explicit mapping of inputs to each model component 
ensures transparency and reproducibility and provides a coherent foundation for the 
results presented in section 7. 

7. Results and Analysis 

This section reports the results obtained from application of the probabilistic Reliability–

Environmental–Economic (REE) framework to Kuwait’s gas-insulated switchgear (GIS) 

fleet. Results are presented in a structured manner, progressing from stress-adjusted 

ageing and SF₆  leakage behaviour to substation-level risk ranking and scenario-based 

comparisons. All reported quantities are derived from the Bayesian modelling framework 

described in section 5 and the dataset and model inputs documented in section 6. Unless 

otherwise stated, results are expressed as posterior summary statistics obtained through 

Monte Carlo simulation. 

                  



7.1 Stress-Adjusted Leakage Structure 

Annual SF₆  leakage at the bay level was estimated using the multiplicative formulation 
presented in Equation (10). 

Leakage
𝑖

= 𝑟0,𝑖  𝑀𝑖  𝛼total,𝑖  AgeFactor
𝑖
     (10) 

where: 
𝑟0,𝑖 denotes the baseline leakage coefficient. 

𝑀𝑖 the nominal SF₆  mass per bay. 

𝛼total,𝑖 the composite environmental and operational stress multiplier. 

AgeFactor is derived from the posterior Weibull hazard trajectory. 

Figure 3 presents the posterior mean hazard function with 95% credible intervals obtained 
from the Bayesian reliability model. Across the observed service-age range 
(approximately 6-52 years), the posterior mean hazard exhibits a gradual upward trend. 
Uncertainty increases at higher ages due to the fully right-censored nature of the dataset 
and the absence of observed end-of-life failures [31,32]. Consequently, the hazard tail 
beyond approximately 40 years should be interpreted as a model-based extrapolation 
rather than a prediction of physical lifetime [31,32]. In this study, the hazard function is 
used exclusively to scale relative ageing and leakage behaviour within the stress-adjusted 
framework. 

Consistent with zero-failure Bayesian practice, β is interpreted here as a probabilistic 
indicator of hazard regime relative to the threshold β = 1 (decreasing, constant, or 
increasing hazard) rather than as an empirical failure-frequency estimator, and the 
resulting hazard trajectory is used only for comparative scaling within the REE framework 
[33,34]. 

                  



Fig. 3. Posterior Weibull hazard function with 95% credible interval. 
Note: Widening uncertainty bands at higher ages reflect posterior uncertainty under full right-censoring. β 
is used as a hazard-regime indicator (relative to β = 1), not a failure-frequency estimator, and  the hazard 
curve is used only for comparative scaling. 
 

Aggregating bay-level leakage estimates yields a posterior mean baseline fleet-wide 
emission level of approximately 6.24 t SF₆ yr⁻¹, corresponding to (≈1.52 × 10⁵ t CO₆-eq 
yr⁻¹, IPCC GWP100) [6]. This value represents a reference condition against which 
scenario-based mitigation outcomes are evaluated in subsequent sections. 

7.2 Vendor and Technology Effects on Composite Stress 

Variation in composite environmental and operational stress across the GIS fleet was 
examined as a function of vendor lineage and technology generation. Differences in 
composite stress arise through the vendor- and cohort-specific modifiers incorporated 
into the REE framework and reflect how design generation interacts with Kuwait’s 
operating environment. To avoid circular interpretation, 𝛼vendor  and 𝛼cohort  are treated as 
fleet-normalised scaling factors derived from documented procurement and maintenance 
records and applied multiplicatively alongside independently derived ageing and local 
stress terms; they are not subjective preference weights and cannot, on their own, 
determine risk classification. 

Figure 4 summarises the posterior mean composite stress index 𝛼total across anonymised 
vendor families (G1-G7). The distribution of stress multipliers shows systematic variation 
between vendor groups, with higher mean values observed for certain families and lower 
values for others. These differences reflect heterogeneity in design generation and 
sealing approaches as represented within the fleet-normalised scaling formulation. 

                  



Vendor families G1–G3 exhibit higher posterior mean stress multipliers relative to families 
G4–G7, while the latter display comparatively lower and more compact stress 
distributions. This pattern is consistent across Monte Carlo realisations and persists after 
accounting for differences in voltage class, equipment age, environmental exposure, and 
load characteristics. The resulting stress differentiation contributes directly to variation in 
stress-adjusted ageing behaviour and leakage potential at the bay level. 

The composite stress index 𝛼total serves as an intermediate quantity linking environmental 
exposure, vendor characteristics, and operational loading to the ageing and leakage 
processes quantified in subsequent analyses. Differences observed at the vendor-family 
level therefore propagate through the leakage model and influence both baseline 
emissions and scenario-based mitigation outcomes examined in sections 7.3 and 7.4. 

 

Fig. 4. Posterior mean composite stress index 𝛼totalby vendor family (G1–G7). 

7.3 Scenario-Based Emissions Distributions 

Scenario-based SF₆  emissions outcomes were evaluated using Monte Carlo simulation 
to quantify the probabilistic impact of alternative mitigation pathways on fleet-wide 
leakage. For each scenario, 10,000 realisations were generated, propagating uncertainty 
associated with ageing behaviour, environmental stress, vendor lineage, and SF₆  
inventory.  

Figure 5 presents the simulated annual fleet-wide SF₆  emissions distributions under the 
baseline, cooling retrofit, and SF₆ -free replacement scenarios. The baseline scenario 
exhibits a relatively concentrated distribution centred on the posterior mean reference 
level reported in section 7.1, reflecting the combined effects of heterogeneous bay 
characteristics under unchanged operating conditions. 

Under the cooling retrofit scenario, the emissions distribution shifts toward lower values 
relative to the baseline. The reduction is accompanied by a modest narrowing of the 

                  



distribution, indicating decreased variability in fleet-wide emissions as local environmental 
stress multipliers are reduced at targeted substations. The overall shape of the 
distribution remains unimodal, with overlap between baseline and cooling retrofit 
outcomes reflecting uncertainty in the magnitude and spatial extent of stress reduction. 

The SF₆ -free replacement scenario yields the lowest emissions distribution among the 
evaluated cases. The distribution is characterised by both a reduced mean and a 
narrower spread compared with the baseline and cooling retrofit scenarios. This reflects 
the structural removal of leakage sources associated with older GIS units within the 
simulation horizon. Residual emissions arise from the remaining SF₆ -containing 
equipment retained under the scenario assumptions. Across all scenarios, differences in 
emissions distributions arise from the combined effects of stress modification, equipment 
replacement thresholds, and uncertainty in ageing and environmental exposure. These 
probabilistic distributions form the quantitative basis for subsequent comparison of 
mitigation effectiveness and economic screening outcomes. 

 

Fig. 5. Simulated annual fleet-wide SF₆  emissions distributions (n = 10,000) under baseline, cooling retrofit, 
and SF₆ -free replacement scenarios. 

 

7.4 Sensitivity Analysis 

A global sensitivity analysis was conducted to quantify the influence of key model 
parameters on annual fleet-wide SF₆  emissions. Each parameter was independently 
perturbed by ±20% around its baseline value, while all other inputs were held constant. 
The analysis was performed within the Monte Carlo framework to ensure consistency with 
the probabilistic structure of the REE model. 

                  



Table 3 reports the resulting changes in annual SF₆  emissions under each parameter 
perturbation. Variations in the composite stress index 𝛼total, nominal SF₆  mass per bay 
𝑀, and the baseline leakage coefficient 𝑟0produce the largest absolute changes in 
emissions outcomes. Perturbations in the Weibull shape parameter 𝛽 and scale 

parameter 𝜂 yield smaller changes over the examined range. 

The relative ranking of parameters in Table 3 reflects their contribution to variability in 
simulated emissions outcomes under the specified perturbation bounds. Additional 
testing shows that a ±10% variation in 𝑟0  produces an approximately proportional change 
in absolute fleet-wide emissions while preserving relative rankings, confirming that 𝑟0  
functions as a global scaling coefficient rather than a structural driver. These results 
provide a quantitative basis for assessing parameter influence within the REE framework 
and inform the interpretation of uncertainty propagation discussed in subsequent 
sections. Sensitivity results confirm that SF₆  inventory and 𝛼loc-driven stress dominate 
emissions variability, while vendor and cohort terms act as secondary modifiers that 
refine, rather than dictate, relative rankings. Because 𝑟0 functions as a fleet-level scaling 
parameter, uncertainty in its absolute value affects magnitude but does not alter 
comparative risk conclusions. 

 

Table 3. Sensitivity of annual SF₆  emissions (t yr⁻¹) to ±20% parameter perturbations 

Parameter –20% +20% Range Ranking 

𝜶total 0.214 0.296 0.082 1 

𝑴 0.205 0.305 0.100 2 

𝒓𝟎 0.224 0.286 0.062 3 

𝜷 0.242 0.271 0.029 4 

𝜼 0.244 0.267 0.023 5 

 

7.5 Distribution Shape and Uncertainty Characteristics 

The probabilistic structure of the Monte Carlo simulations allows direct examination of the 
shape and dispersion of fleet-wide SF₆  emissions outcomes under each evaluated 
scenario. Differences in distribution shape and uncertainty reflect the combined influence 
of ageing behaviour, stress modification, and structural changes to the fleet composition. 

Under baseline conditions, the simulated emissions distribution exhibits relatively limited 
dispersion, consistent with aggregation across a large number of bays operating under 
similar ageing regimes. The cooling retrofit scenario shows a reduction in distribution 
spread relative to the baseline, indicating decreased variability in emissions outcomes as 
local environmental stress multipliers are reduced at selected substations. 

The SF₆ -free replacement scenario produces the narrowest emissions distribution 
among the evaluated cases. This reduced dispersion arises from the structural removal 

                  



of leakage contributions associated with older GIS units, leading to lower variability in 
aggregate fleet-wide emissions within the simulation horizon. 

Across all scenarios, emissions uncertainty reflects the interaction between stress 
adjustment, SF₆  inventory, and ageing-related factors. The relative differences in 
distribution width observed here are consistent with the parameter sensitivity patterns 
reported in section 7.4 and provide context for the emissions trajectories examined in 
section 7.6. 

7.6 Emission Trajectories (2025–2035) 

Projected fleet-wide SF₆  emissions were evaluated over the 2025–2035 horizon to 
examine the temporal evolution of emissions under alternative mitigation pathways. 
Projections were generated using the probabilistic Reliability–Environmental–Economic 
(REE) framework, with uncertainty propagated through Monte Carlo simulation. Results 
are reported using posterior mean trajectories with associated percentile envelopes to 
characterise the range of plausible outcomes. 

 

Fig. 6. Annual fleet-wide SF₆  emission projections for baseline, cooling retrofit, and SF₆ -free replacement 
scenarios. 

Figure 6 presents the projected annual fleet-wide SF₆  emissions under the baseline, 
cooling retrofit, and SF₆ -free replacement scenarios. Shaded bands represent the 5th–
95th percentile range across Monte Carlo simulations. 

Under baseline conditions, emissions exhibit a steady upward trend across the projection 
horizon, reflecting the cumulative effect of ageing within an unchanged SF₆ -containing 
asset base. As equipment continues operation beyond its initial design period, stress-
adjusted ageing leads to progressively higher leakage rates at the fleet level. 

                  



The cooling retrofit scenario moderates this growth relative to the baseline. Emissions 
continue to increase over time, but at a reduced rate, indicating that thermal stress 
mitigation slows leakage escalation without eliminating the underlying SF₆  inventory. 
Residual growth persists because ageing continues in non-retrofitted assets and stress 
reduction does not address structural leakage mechanisms. 

In contrast, the SF₆ -free replacement scenario yields a substantially lower and stabilised 
emissions trajectory across the full horizon. Once SF₆ -containing equipment is replaced, 
emissions no longer increase with age, resulting in a near-constant fleet-wide leakage 
profile. The absence of a late-horizon rebound reflects the progressive phase-out of SF₆  
inventory rather than reliance on stress mitigation alone. Emissions remain consistently 
well below those observed under both the baseline and cooling retrofit scenarios. 

Differences between scenarios become increasingly pronounced toward the latter part of 
the projection horizon, highlighting the cumulative advantage of structural replacement 
over incremental mitigation. These trajectories provide temporal context for the 
comparative mitigation performance and cost-effectiveness metrics reported in Section 
7.10. 

7.7 Environmental Driver Effects on the Local Stress Component 

Because the local stress component 𝛼loc is deterministically constructed from 
environmental and operational drivers, the regression analysis presented in this section 
is intended as a decomposition of driver contributions rather than as an inferential or 
predictive model. The contribution of individual environmental and operational drivers to 
the local stress component 𝛼loc was quantified using a regression-based analysis. Due to 
collinearity between ambient temperature and relative humidity, temperature was 
excluded from the regression specification. All remaining drivers were retained as 
continuous variables. 

Table 4 reports the estimated regression coefficients, standard errors, test statistics, and 
goodness-of-fit metrics. The fitted model explains a large proportion of the variance in 
𝛼loc, which is expected given that 𝛼loc  is deterministically constructed from these same 
drivers; the regression therefore serves as a diagnostic decomposition of stress 
contributions rather than an inferential or predictive model. 

Estimated coefficients for relative humidity (𝛼H) and load-related thermal stress (𝛼L) are 
positive, while coefficients associated with dust (𝛼D) and salinity (𝛼S) are negative under 
the adopted normalisation and aggregation scheme over the observed range. All reported 
coefficients are statistically significant at conventional levels. The sign and magnitude of 
the coefficients reflect the direction and relative scale of association between each driver 
and the constructed stress component within the REE framework. Although the 
regression is not intended for variable selection, the relative coefficient magnitudes 
indicate that humidity and load-related thermal stress dominate variability within the 
constructed index, while dust and salinity act as secondary modifiers. This suggests that 

                  



future simplified screening formulations could prioritise dominant drivers without 
materially altering relative stress patterns. 

Table 4. Regression summary for drivers of the local stress component 𝛼loc. 

Variable Coefficient Std. Error t-Statistic p-Value 

Intercept −0.283 0.030 −9.45 <0.001 

𝜶𝑯 1.410 0.026 53.77 <0.001 

𝜶𝑳 0.765 0.041 18.47 <0.001 

𝜶𝑫 −0.106 0.049 −2.14 0.032 

𝜶𝑺 −0.800 0.031 −25.91 <0.001 

Model 𝑹𝟐 0.9975 — — — 

 

The high coefficient of determination (R² = 0.9975) is expected because 𝛼locis constructed 
directly from the same environmental inputs; accordingly, the regression is interpreted as 
an explanatory decomposition rather than an inferential or predictive validation and 
therefore carries no independent statistical interpretive meaning. 

Figure 7 presents the regression-derived importance of environmental components 
corresponding to the standardised regression coefficients (αT, αH, αD, αS), providing a 
normalised comparison of driver contributions to variation in the composite stress index 
𝛼loc. 

 

 

 

 

                  



Fig. 7. Standardised regression coefficients for drivers of 𝛼loc. Temperature is excluded from the 
regression visualisation due to collinearity with humidity; thermal effects remain incorporated in the 
composite stress formulation through 𝛼T and load-driven thermal cycling terms. 

7.8 Bay-Level Emission Patterns 

Bay-level SF₆  emissions exhibit substantial variability across the fleet due to differences 
in equipment characteristics and operating conditions. Analysis of simulated bay-level 
outcomes indicates that environmental variables alone explain a limited fraction of the 
variance in annual emissions when considered in isolation. 

Regression diagnostics show that variation in bay-level emissions is primarily associated 
with the combined influence of nominal SF₆  mass per bay, ageing behaviour encoded 
through the stress-adjusted hazard function, vendor lineage, and the composite stress 
multiplier. When these factors are considered jointly within the REE framework, 
substantially greater explanatory power is achieved compared with models relying solely 
on environmental classification. 

The observed dispersion in bay-level emissions underscores the importance of a 
multiplicative modelling structure that integrates ageing, inventory, and stress effects 
rather than attributing emissions outcomes to single drivers. These patterns motivate the 
aggregation and prioritisation analyses presented in the subsequent subsection. 

7.9 Substation Risk Index and Prioritisation 

A composite substation risk index was constructed to aggregate stress-adjusted ageing 
behaviour, emissions potential, and contextual operational attributes at the substation 
level. The index combines the stress-adjusted hazard rate, effective lifetime parameter, 
annual SF₆  leakage potential, voltage class, environmental zone, and load type into a 
single normalised metric, as defined in section 5.8 . 

Based on this index, GIS substation sections were ranked across the fleet. The Top-100 
highest-risk sections were selected for focused analysis to characterise the distribution of 
technical and environmental risk across voltage classes and operating contexts. Selection 
was based solely on the composite risk score and does not imply operational thresholds 
or intervention decisions, consistent with the use of asset-management indices as 
screening and prioritisation tools rather than decision rules [24]. Although voltage class 
is not consequence-weighted within the screening index, extra-high-voltage sections 
remain concentrated in the upper tail of the ranking because higher-voltage GIS typically 
carries larger SF₆  inventories and higher stress-adjusted hazard exposure, which are 
embedded in the physical drivers of the risk score. 

Table 5 summarises the distribution of the Top-100 highest-risk GIS sections by voltage 
class. The majority of high-risk sections are associated with 132 kV substations, reflecting 
their numerical dominance within the fleet, while higher-voltage classes account for a 
smaller share of the ranked subset.  

                  



 

Table 5. Distribution of Top-100 highest-risk GIS sections by voltage class. 

Voltage (kV) Count Percentage (%) 

132 60 60.0 

300 32 32.0 

400 8 8.0 

Total 100 100.0 

The top 15-highest-ranked individual GIS sections are reported in Table 6 using 
anonymised identifiers. For confidentiality and system security, only voltage class, zone 
classification, load type, and the normalised risk index 𝑅𝑖are presented. Absolute risk 
values are not reported; rankings are preserved through normalisation. 

 

Table 6. Top-15 highest-risk anonymised GIS sections 

Rank Anonymised 
ID 

Voltage 
(kV) 

Zone Load Type Normalised 
Risk Index 𝑹𝒊 

1 S001-400 400 Inland 
Industrial 

Industrial 1.00 

2 S002-400 400 Coastal Urban Commercial / Mixed 0.689 

3 S003-400 400 New Towns Development / New 
Towns 

0.579 

4 S004-400 400 New Towns Development / New 
Towns 

0.579 

5 S005-400 400 New Towns Development / New 
Towns 

0.579 

6 S006-400 400 New Towns Development / New 
Towns 

0.579 

7 S007-400 400 New Towns Development / New 
Towns 

0.579 

8 S008-300 300 Coastal 
Industrial 

Refinery / Industrial 0.544 

9 S009-300 300 Coastal 
Industrial 

Refinery / Industrial 0.497 

10 S010-300 300 Coastal 
Industrial 

Refinery / Industrial 0.497 

11 S011-300 300 Coastal Urban Commercial / Mixed 0.476 

12 S012-300 300 Coastal Urban Commercial / Mixed 0.476 

13 S013-300 300 Coastal Urban Commercial / Mixed 0.476 

14 S014-300 300 Coastal 
Industrial 

Refinery / Industrial 0.471 

15 S015-300 300 Inland 
Industrial 

Industrial 0.460 

 

7.10 Scenario Comparison and Mitigation Metrics 

                  



Scenario outcomes were compared using aggregated emissions and discounted cost-
effectiveness metrics to assess the relative mitigation performance of the evaluated 
pathways. Consistent with the revised economic framework (Section 5.11), scenario costs 
and emissions reductions were evaluated on a present-value basis using discounted 
cash-flow (DCF) analysis. Table 7 reports posterior mean annual SF₆  and CO₂ -eq 
outcomes and the associated discounted abatement cost under the baseline 5% discount 
rate and 10-year planning horizon. Table 8 summarises the sensitivity of present-value 
outcomes to alternative discount rates (3%, 5%, and 8%). All values are derived from 
Monte Carlo simulations. 

 

Table 7. Discounted cost-effectiveness comparison of mitigation scenarios (baseline discount rate 5%, 10-
year horizon). 

Scenario SF₆  
emissio
ns (t/yr) 

CO₂ -
eq 
(t/yr) 

Reducti
on vs 
baseline 
(%) 

Annualise
d 
interventi
on cost 
(KD/yr) 

NPV(cos
t), 5% 
(KD)ᵃ 

Annua
l CO₂ -
eq 
avoide
d (t/yr) 

PV(CO
₂ -eq 
avoide
d), 5% 
(t)ᵇ 

Discount
ed 
abateme
nt cost 
(KD/tCO
₂ -eq)ᶜ 

Baseline 6.24 142,88
7 

0.00 — — — — — 

Cooling 
retrofit 

5.19 118,82
4 

16.84 461,364 3,562,53
1 

24,063 185,808 19.17 

SF₆ -free 
replaceme
nt 

4.60 105,52
7 

26.35 681,818 5,264,81
8 

37,360 288,484 18.25 

Notes: a) NPV(cost) is computed from the annualised scenario cost using a 5% discount rate over 10 years. 
b) PV(CO₂ -eq avoided) is computed from annual CO₂ -eq avoided relative to the baseline using the same 
discount rate and horizon. 
c) Discounted abatement cost is defined as NPV(cost) / PV(CO₂ -eq avoided). 
d) CO₂ -eq values and scenario emissions correspond to the outputs reported in this section; the baseline 
scenario is the reference case. 

The use of discounted present-value metrics follows standard public-sector and 
infrastructure appraisal guidance, in which near-term capital expenditure is weighted 
more heavily than deferred operational savings, consistent with life-cycle costing and 
government appraisal practice [36, 38]. 

 

Table 8. Sensitivity of present-value results to discount-rate selection (3%, 5%, 8%; 10-year horizon). 

Discount 
rate 

Scenario Annualised 
cost (KD/yr) 

NPV(cost) 
(KD) 

Annual 
CO₂ -eq 
avoided 
(t/yr) 

PV(CO₂ -
eq 
avoided) 
(t) 

Discounted 
abatement 
cost (KD/tCO₂ -
eq) 

3% Cooling 
retrofit 

461,364 3,935,529 24,063 205,262 19.17 

                  



3% SF₆ -free 
replacement 

681,818 5,816,046 37,360 318,688 18.25 

5% Cooling 
retrofit 

461,364 3,562,531 24,063 185,808 19.17 

5% SF₆ -free 
replacement 

681,818 5,264,818 37,360 288,484 18.25 

8% Cooling 
retrofit 

461,364 3,095,790 24,063 161,465 19.17 

8% SF₆ -free 
replacement 

681,818 4,575,054 37,360 250,689 18.25 

Note: NPV(cost) and PV(CO₂ -eq avoided) are computed over 10 years using the stated discount rate; 
discounted abatement cost is calculated as NPV(cost) / PV(CO₂ -eq avoided). 

Across the tested discount-rate range, present values vary as expected, while the relative 
ordering of discounted abatement cost remains stable, reflecting the use of annualised 
cost streams and proportional emissions reductions. This stability supports the 
robustness of the comparative economic screening. 

Under baseline conditions, fleet-wide emissions increase over the planning horizon due 
to stress-adjusted ageing of the remaining SF₆ -containing asset base. Cooling retrofits 
reduce emissions by moderating the temperature-related contribution to local stress, 
yielding moderate but persistent reductions without eliminating SF₆  inventory. In 
contrast, SF₆ -free replacement produces the lowest emissions trajectory by structurally 
removing leakage sources and resetting ageing exposure for replaced units. 

Discounting explicitly penalises capital-intensive replacement strategies relative to retrofit 
measures; however, SF₆ -free replacement remains competitive on a discounted 
abatement-cost basis due to sustained emissions reductions over the analysis horizon, 
reinforcing its role as a long-term mitigation pathway within a phased modernisation 
strategy. 

7.11 Summary of Results  

Section 7 reports the quantitative outcomes of the Reliability–Environmental–Economic 
(REE) framework applied to Kuwait’s GIS fleet. Stress-adjusted ageing and leakage 
modelling indicates a baseline fleet-wide SF₆  leakage of approximately 6.24 t yr (≈1.52 
× 10⁵ t CO₂ -eq yr⁻¹, with emissions governed by the combined effects of equipment age, 
SF₆  inventory, vendor lineage, and environmental stress. 

Scenario-based Monte Carlo analysis reveals systematic differences in emissions 
distributions and temporal trajectories across the evaluated pathways. Environmental 
hardening interventions (represented by the cooling-retrofit scenario) reduce both the 
mean and dispersion of emissions relative to baseline conditions by approximately 16–
17%, reflecting mitigation of composite environmental stress rather than structural 
removal of SF₆  inventory. In contrast, SF₆ -free replacement yields the largest and most 
persistent emissions reduction, lowering annual fleet-wide emissions by approximately 
26–31% relative to baseline conditions over the 2025–2035 planning horizon, with the 
narrowest uncertainty envelope. 

                  



Sensitivity analysis identifies the composite stress index 𝛼total and nominal SF₆  mass per 
bay as the dominant contributors to emissions variability, while Weibull ageing 
parameters exert a secondary influence within the examined bounds. This confirms that 
emissions behaviour is primarily governed by physical inventory and environmental 
exposure rather than by statistical ageing uncertainty alone. Regression-based 
decomposition of the local stress component shows strong associations with humidity and 
load-related thermal stress, with dust and salinity acting as secondary but non-negligible 
contributors under Kuwait’s climatic conditions. The high coefficient of determination 
reflects deterministic index construction rather than inferential causality. 

At the substation level, aggregation of stress-adjusted ageing, emissions intensity, and 
contextual operational attributes produces a ranked composite risk index that consistently 
identifies a limited subset of high-risk GIS sections across voltage classes. Although 
voltage class is not explicitly weighted within the screening index, extra-high-voltage 
substations systematically appear among the highest-risk assets due to larger SF₆  
inventories and elevated stress-adjusted hazard exposure. 

Comparative mitigation metrics demonstrate clear trade-offs between intervention 
pathways. Discounted economic screening indicates that cooling retrofits offer moderate 
emissions abatement with lower near-term financial burden, while SF₆ -free replacement 
remains competitive on a discounted abatement-cost basis despite higher upfront capital 
requirements. These findings confirm that incremental environmental hardening and 
structural replacement play complementary roles in phased transmission-network 
decarbonisation strategies. 

Together, these results provide a coherent probabilistic characterisation of ageing 
behaviour, emissions dynamics, uncertainty structure, and mitigation trade-offs under 
extreme climatic exposure. The implications for policy design, capital-allocation strategy, 
and phased GIS modernisation under Kuwait’s operating conditions are discussed in 
Section 8. 

 

8. Discussion 

This study developed and applied an integrated Reliability–Environmental–Economic 
(REE) framework to examine ageing behaviour, environmental stress, leakage dynamics, 
and mitigation pathways for Kuwait’s high-voltage gas-insulated switchgear (GIS) fleet. 
Unlike temperate transmission systems, Kuwait’s GIS fleet operates under sustained 
ambient temperatures exceeding 45 °C, frequent dust storms, and coastal salinity, 
conditions under which seal ageing and pressure cycling dominate leakage behaviour. 
These findings are consistent with earlier planning-level analyses conducted for Kuwait’s 
transmission network [39], while providing a deeper probabilistic interpretation of ageing–
environment interactions. This section interprets the probabilistic results presented in 
Section 7 in relation to Kuwait’s operating environment and the methodological objectives 
defined in Section 4, without reiterating numerical outcomes already reported. 

                  



8.1 Interpretation of Stress-Adjusted Ageing and Leakage Behaviour 

The stress-adjusted reliability analysis indicates that the GIS fleet predominantly operates 
within a wear-out–dominated hazard regime, consistent with a population containing a 
substantial share of assets exceeding three decades of service. Within a censored-data 
Bayesian Weibull setting, this manifests as β > 1 indicating an increasing hazard regime 
rather than an empirically observed failure-rate trend [31–35]. Under full right-censoring, 
the Weibull-based formulation does not yield deterministic end-of-life predictions; instead, 
it characterises relative ageing tendencies and sensitivity to stress. Accordingly, the 
Weibull shape parameter is interpreted as an indicator of the prevailing hazard regime (β 
> 1) rather than as an empirical failure-rate estimator. This interpretation is consistent with 
established Bayesian reliability practice for high-reliability infrastructure operating under 
zero-failure or heavily censored conditions [33–35]. Leakage behaviour emerges from the 
interaction between ageing state and local environmental and operational stress. 
Elevated stress levels increase leakage potential primarily when they coincide with older 
equipment generations, vendor-specific sealing characteristics, and larger SF₆  
inventories. This interaction explains why emissions are concentrated within a limited 
subset of GIS bays rather than being uniformly distributed across the fleet. Environmental 
stress therefore acts as an amplifier of ageing-driven degradation, rather than as an 
independent leakage mechanism, reinforcing the need for integrated modelling 
approaches [24,25]. 

8.2 Environmental Drivers and Vendor-Related Heterogeneity 

Regression-based decomposition of the local stress component 𝛼locdemonstrates strong 
associations with relative humidity and load-related thermal stress over the observed 
operating range. These associations are consistent with known degradation mechanisms 
in sealed GIS systems exposed to sustained thermal cycling and moisture ingress. The 
very high coefficient of determination reflects the deterministic construction of 𝛼locfrom 
these same variables and should therefore be interpreted strictly as a diagnostic 
decomposition rather than inferential validation, consistent with best practice for 
composite indices. 

Vendor lineage introduces an additional layer of heterogeneity through differences in 
design generation, sealing approaches, and materials performance. Vendor- and cohort-
related modifiers act as secondary scaling factors rather than dominant drivers of risk, as 
confirmed by sensitivity analysis showing the primary influence of SF₆  inventory and 
environmental stress. This interaction-based structure avoids circular reasoning and 
aligns with asset-management literature that treats manufacturer lineage as a contextual 
modifier rather than a primary determinant of failure or replacement decisions [24]. 

8.3 Integrated Interpretation of Scenario Outcomes and Uncertainty 

The REE framework integrates stress-adjusted ageing, emissions estimation, and 
uncertainty propagation within a single probabilistic structure. Scenario analysis reveals 
distinct mitigation mechanisms across the evaluated pathways. Cooling retrofits primarily 

                  



reduce local stress intensity, leading to moderate reductions in emissions and associated 
uncertainty. 

Although labelled “cooling retrofit” for brevity, this scenario is implemented as a 
proportional reduction in the composite local stress term 𝛼loc, which explicitly incorporates 
humidity, dust loading, and salinity exposure in addition to temperature. This preserves 
the physical thermodynamic mechanism while avoiding statistical collinearity in 
regression diagnostics. It therefore represents a broader environmental hardening 
intervention rather than a purely thermal measure, consistent with contamination-
mapping and insulation-coordination practice reported in the CIGRÉ literature [2–4] [21–
23]. SF₆ -free replacement reduces emissions by structurally eliminating leakage 
pathways, producing larger reductions and narrower uncertainty envelopes over time. 
Sensitivity analysis confirms that emissions outcomes are governed primarily by stress 
amplification and SF₆  inventory, while ageing parameters exert a secondary influence 
under fully right-censored data. 

8.4 Asset-Level Prioritisation, Voltage Criticality, and Risk Aggregation 

Aggregation of stress-adjusted ageing behaviour, leakage potential, and contextual 
operational attributes into a composite risk index enables consistent fleet-wide screening. 
Although voltage class is not explicitly weighted, higher-voltage substations inherently 
carry larger SF₆  inventories and greater absolute emissions potential. As a result, 300–
400 kV assets systematically emerge among the highest-risk sections through physical 
drivers rather than imposed weighting. 

This screening-first philosophy aligns with modern asset-management practice, where 
neutral indices are used to identify candidate assets prior to consequence-weighted or 
MCDA-based prioritisation in downstream planning stages [24,40]. 

8.5 Economic Interpretation and Budgetary Reality 

Incorporation of discounted cash-flow analysis provides a more realistic appraisal of 
trade-offs between capital-intensive replacement and incremental retrofit strategies. 
Discounting explicitly penalises high upfront capital expenditure, reflecting the higher 
near-term budgetary burden of SF₆ -free replacement relative to operational retrofits. 

While discounting reduces the short-term financial attractiveness of replacement, its 
discounted abatement cost remains competitive due to sustained emissions elimination 
over the planning horizon. This supports a phased implementation logic in which retrofits 
address near-term stress hotspots, while replacement is pursued through dedicated 
capital programmes. This interpretation is consistent with established infrastructure life-
cycle costing and public-sector appraisal guidance [36–38]. 

                  



8.6 Maintenance Quality, Infant Mortality, and Modelling Boundaries 

The framework is intentionally designed as a fleet-level screening tool rather than a unit-
specific condition diagnostic model. While maintenance quality can cause individual older 
units to outperform younger neglected assets, incorporating such heterogeneity would 
require consistent bay-level condition-monitoring data that are not uniformly available 
across the fleet. 

Early-life “infant mortality” associated with installation defects is a recognised 
phenomenon. However, in the Kuwaiti transmission context, warranty regimes and early 
preventive maintenance substantially suppress such effects. Fleet-level leakage 
behaviour is therefore dominated by mid- to late-life degradation, consistent with 
infrastructure reliability literature [40, 41]. 

8.7 Methodological Strengths and Limitations 

The REE framework offers several strengths, including explicit treatment of right-
censored reliability data, integration of environmental stressors, probabilistic uncertainty 
propagation, and planning-stage economic screening. Limitations include reliance on 
indirect leakage coefficients, static representation of environmental exposure, and the 
absence of unit-level maintenance feedback. 

These limitations reflect deliberate modelling choices aligned with strategic screening 
rather than operational diagnostics. The framework therefore provides a transparent and 
extensible foundation for future work incorporating sensor-based condition monitoring, 
dynamic environmental inputs, and consequence-weighted decision frameworks. These 
findings are directly relevant to Kuwait’s national energy-transition and emissions-
reduction objectives, including infrastructure modernisation targets under Kuwait Vision 
2035, where prioritised replacement of high-stress assets can deliver measurable 
reductions in transmission-sector greenhouse-gas emissions. Taken together, these 
findings demonstrate that reliability-informed emissions modelling provides a defensible 
engineering basis for prioritising transmission-level decarbonisation investments. 

 

9. Conclusion 

This study presented an integrated Reliability–Environmental–Economic (REE) 
framework for evaluating ageing behaviour, environmental stress, and emissions 
mitigation pathways in Kuwait’s high-voltage gas-insulated switchgear (GIS) fleet. The 
framework combines Bayesian reliability modelling under full right-censoring with a 
composite environmental stress formulation and a physically grounded leakage 
representation, enabling probabilistic assessment of ageing-driven SF₆  emissions and 
comparative evaluation of mitigation scenarios under uncertainty.  

                  



Application of the framework indicates a baseline fleet-wide SF₆  leakage of 
approximately 6.24 t yr⁻¹, corresponding to about 1.52 × 10⁵ t CO₆-eq yr⁻¹. The results 
demonstrate that SF₆  leakage behaviour in Kuwait’s transmission network arises from 
the combined interaction of ageing state, environmental stress, vendor and technology 
generation, and installed SF₆  inventory. Environmental stress alone is insufficient to 
explain observed emissions patterns; leakage intensification occurs primarily where 
elevated local stress coincides with older equipment generations and larger gas 
inventories. This interaction explains the concentration of emissions within a limited 
subset of GIS bays and substations rather than uniform fleet-wide behaviour. 

Scenario analysis highlights contrasting mechanisms of emissions reduction. Measures 
that reduce local environmental stress primarily moderate leakage intensity and 
variability, whereas replacement with SF₆ -free technology structurally removes leakage 
pathways, resulting in lower emissions levels and narrower uncertainty envelopes over 
time. Quantitatively, cooling-retrofit interventions achieve moderate reductions 
(approximately 16–17% relative to baseline), while phased SF₆ -free replacement yields 
substantially larger reductions (approximately 26–31% relative to baseline) over the 
analysis horizon. Sensitivity analysis further indicates that emissions outcomes are 
governed mainly by stress amplification and SF₆  inventory, with ageing parameters 
exerting a secondary influence within the fully right-censored dataset. 

Incorporation of discounted cash-flow analysis confirms that capital-intensive 
replacement strategies are more sensitive to the time value of money than operational 
retrofits, reflecting their higher upfront financial burden. Nevertheless, SF₆ -free 
replacement remains competitive on a discounted abatement-cost basis due to sustained 
emissions elimination over the planning horizon. These findings highlight the importance 
of distinguishing between short-term operational mitigation and long-term structural 
decarbonisation when planning transmission modernisation under budget constraints. 

At the substation level, aggregation of stress-adjusted ageing, leakage potential, and 
contextual attributes into a composite risk index enables consistent and neutral 
comparison across heterogeneous assets. Although explicit consequence weighting by 
voltage class is not imposed, higher-voltage substations inherently exhibit larger SF₆  
inventories and greater absolute emissions potential, causing them to emerge among the 
highest-risk assets within the screening framework. This demonstrates that system 
criticality is implicitly captured through physical and operational characteristics rather than 
imposed through arbitrary weighting. 

Overall, the REE framework provides a transparent, internally consistent, and 
reproducible basis for analysing ageing-related emissions behaviour in hot-arid 
transmission systems and for comparing alternative mitigation pathways under 
uncertainty. The framework is intentionally designed as a fleet-level screening and 
prioritisation tool, rather than a unit-level diagnostic or investment-optimisation model. 
The findings should therefore be interpreted within the stated assumptions and scope and 
are intended to support comparative analysis, policy sequencing, and phased 
modernisation planning, rather than prescriptive asset-level decisions. 

                  



From an implementation perspective, the results translate into three operational priorities 
for transmission stakeholders. First, asset-management strategies should prioritise 
integrated ageing–environment indicators rather than chronological age alone, ensuring 
that replacement and retrofit decisions reflect actual stress exposure and leakage risk. 
Second, monitoring and intervention resources should be concentrated on high-stress 
substations where emissions are disproportionately concentrated, enabling targeted 
mitigation with measurable system-level impact. Third, transition roadmaps should 
combine near-term environmental hardening measures with phased deployment of SF₆ -
free technologies, aligning capital planning with long-term emissions reduction 
trajectories and infrastructure resilience objectives. 

 

By linking probabilistic reliability modelling with emissions estimation and economic 
screening, the REE framework therefore functions as a structured decision-support tool 
for transmission planning, supporting evidence-based prioritisation, cost-effective 
decarbonisation pathways, and long-horizon network reliability management. 

10. Limitations and Future Research Directions 

This study is subject to several limitations that arise from its scope, data structure, and 
intended application as a fleet-level planning tool. First, the reliability dataset is fully right-
censored, as all GIS bays remain in service at the time of analysis. Consequently, Weibull 
ageing parameters are interpreted as relative indicators of degradation sensitivity and 
hazard amplification, rather than as predictors of absolute failure timing or remaining 
service life. This limitation is inherent to long-lived transmission assets and is explicitly 
addressed through Bayesian inference under full right-censoring, which permits 
probabilistic characterisation of ageing behaviour without requiring observed end-of-life 
failures. 

Second, the SF₆  leakage formulation represents steady-state, ageing-driven emissions 
and does not explicitly resolve short-duration episodic releases or commissioning-phase 
effects. Scenario outcomes should therefore be interpreted as representative of medium- 
to long-term operational behaviour, rather than immediate post-installation or event-
driven leakage dynamics, and should not be interpreted as short-term incident forecasting 
outputs. 

Third, maintenance quality and condition-based interventions are not modelled as 
dynamic feedback mechanisms at the individual bay level. While vendor generation, 
technology cohort, and environmental stress effects are captured, the framework does 
not differentiate between exceptionally well-maintained older assets and poorly 
maintained younger units. The model is therefore intended for fleet-level screening and 
prioritisation, rather than unit-specific diagnostic or forensic assessment, and is not 
designed to replace condition-based maintenance tools or protection-system diagnostics. 

                  



The economic component of the Reliability–Environmental–Economic (REE) framework 
is likewise formulated as a planning-stage comparative assessment. Discounted cash-
flow analysis is applied to account for the time value of money, but detailed lifecycle 
optimisation, financing structures, depreciation schedules, and failure-cost modelling are 
beyond the scope of the present study. Similarly, the composite risk index adopts equal 
weighting to preserve transparency and neutrality and does not encode policy-driven or 
consequence-based prioritisation, which should be incorporated only at downstream 
decision-analysis stages once screening results are obtained.  

Future research will focus on extending the REE framework toward dynamic decision-
support applications, including integration of online condition-monitoring data, time-
varying environmental stress, maintenance feedback effects, and commissioning-phase 
behaviour. Additional extensions may include stochastic maintenance modelling, 
adaptive parameter updating using streaming sensor data, and probabilistic consequence 
weighting for critical substations. These extensions would enable progression from 
comparative screening toward full lifecycle optimisation and digital-twin–enabled asset-
management planning, while preserving the probabilistic structure established in this 
study. 
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