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SUMMARY 

Sulphur hexafluoride (SF6) has demonstrated exceptional performance as an insulator in 

switchgear and other substation equipment. However, its technical capabilities have lately been 

overshadowed by its potency as a greenhouse gas, with severe regulatory penalties incurred 

from its escape. From an asset management perspective, escape of SF6 is undesirable as it 

requires an additional level of maintenance and oversight with a level of uncertainty which can 

be resource intensive; from an operational perspective, the primary concern is the escape of 

SF₆, as avoiding this is what leads to the asset management activity. Escapes challenge network 

resilience, as they can render an asset inoperable, with switchgear locking out if gas pressure 



Type here the email address of the main author as a footnote. 

 

 

drops below a particular level. Assets containing SF6 are still highly prevalent in high voltage 

applications to the extent that wide scale monitoring is not yet feasible to support asset 

management. Condition assessment is often conducted by proxy through gas top up records 

from which gas escape mass can be inferred. As a utility company may have several hundred, 

if not thousands, of such assets of various ages, from various manufacturers and under various 

duty cycles, manual assessment of these is impractical and prone to inaccuracy. Accordingly, 

the work described in this paper develops a machine-learning, domain-knowledge and physics-

informed predictive modelling framework for anticipating SF6 gas escape. This framework 

automatically learns trends from historical maintenance records to operate at the asset, asset 

family and asset fleet level over various time horizons for both operational and planning 

purposes. Domain specific knowledge has been harnessed to select predictive covariates that 

can be related to gas vessel escape rates based on geography, past asset behaviour and network 

application. Additionally, short to medium term behavioural analysis has been investigated 

from limited sets of online gas density monitoring data to understand the pathologies of leak 

development and incorporate these findings into predictive models for unmonitored assets. The 

framework has been developed and tested on the fleets of the three transmission network asset 

owners of Great Britain with results from the individual and combined predictive models 

presented. In use, this informs both asset replacement strategies as well as targeting of 

maintenance effort for increased network resilience. 
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1 Introduction 

Ensuring the safe and reliable operation of high-voltage equipment is a critical concern in the 

power network industry. One of the major risks associated with gas-insulated systems is the 

leakage of sulfur hexafluoride (SF₆), a gas widely used for its excellent insulating and arc-

quenching properties [1]. SF₆ insulated equipment typically includes disconnectors, circuit 

breakers, surge arresters, transformers, grounding switches, bushings, and busbars, which is 

commonly deployed across substations and transmission networks [2]. Leakage from these 

components can compromise system performance, raise environmental concerns, and result in 

regulatory consequences. 

SF₆ is a potent greenhouse gas (GHG) with a significant climate impact, the global warming 

potential (GWP) of SF₆ over a 100-year time horizon has varied across different 

Intergovernmental Panel on Climate Change (IPCC) assessment reports and regulatory 

frameworks due to evolving scientific understanding. The Second (1995) Assessment Reports 

(AR) of the IPCC reported a GWP over a 100-year time horizon (GWP100) of 23,900 [3]. In the 

EU regulations, the value was 22,800 [4]. while the Sixth Assessment Report (AR6, 2024) 

increased it further to 24,300 [5]. In early studies, Ravishankara (1993) reported an atmospheric 

SF₆ lifetime of 3200 years [6], but more recent models suggest lower values, around 2000 years. 

The most recent estimates are 600–2900 years [7] and 2100 years [8], benefiting from 
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significantly higher atmospheric SF₆ concentrations than were available in 1993. While the 

precise methods for determining the GWP or atmospheric lifetime of SF₆ may still involve 

uncertainties, SF₆ is significantly more potent as GHG than others, such as CO₂. Even relatively 

small emissions of SF₆ can have a disproportionately large impact on climate change. As a 

result, it is strictly regulated under international frameworks such as the Kyoto Protocol and the 

European F-gas regulations, which mandate emission reductions and promote the use of 

alternative insulation technologies [9], [10]. 

Most SF6 emissions in the power industry are associated with operational leakage, scheduled 

maintenance activities, and equipment decommissioning [11]. Leakage from equipment occurs 

as seals and fittings deteriorate over time through chemical interactions, structural fatigue, and 

corrosion, especially under long-term operating conditions [12]. Over time, improper handling, 

component aging, and operational stress accelerate the degradation of these assets, leading to 

increased failure rates [13]. Moreover, studies have demonstrated that the presence of humidity 

and other contaminants within SF₆-insulated systems can exacerbate leakage by promoting the 

formation of corrosive by-products, which weaken the structural integrity of sealing materials 

[14], [15]. The significance of these leakages extends beyond operational concerns, as they pose 

severe environmental, regulatory, and financial challenges. 

Although SF₆ online gas density monitoring technology has been in use for decades, it still faces 

many challenges in actual deployment, especially for long-serving equipment that has been in 

operation for 20-50 years and is more likely to experience elevated leakage risks [16], [17]: 

high installation and maintenance costs, lack of compatibility with old equipment, sensor 

accuracy degradation over time, and monitoring systems are susceptible to communication and 

hardware failures. Moreover, conventional monitoring tools are designed for real-time 

detection and offer limited support for long-term forecasting or strategic asset replacement 

planning.  

In contrast, historical SF₆ top up data, which utilities routinely record, remains significantly 

underutilized. Blackman et al. conducted surveys on SF₆ top-up practices, analyzing high-

voltage circuit breakers to quantify leakage frequency and estimate lower- and upper-bound 

weighted-average annual leak rates [12]. Similarly, Castro Aranda et al. developed an algorithm 

leveraging historical SF₆ top-up records to estimate leakage in power substation assets, 

demonstrating the practical value and limitations of top-up data for predictive maintenance [18]. 

Despite widespread availability, there is currently limited research directly utilizing top up 

records for leak rate prediction and proactive asset management. 

Recognizing this gap, work presented here introduces a model that leverages existing 

operational records, such as top-up histories and state-based survival analysis, to model state 

transitions and estimate the probability of future deterioration, including transitions between 

hypothesised latent leak states. Without requiring additional hardware for monitoring, this 

approach enables risk quantification, prioritization of high-risk assets, and supports data-

informed planning that aligns with emerging SF₆ replacement policies and operational goals. 

This paper is structured to present the methodology of proposed model in section 2, result 

demonstrating in section 3, conclusion and discussions in section 4. 
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2 Methodology 

The proposed SF₆ escape model is used to predict leakage behaviour and support maintenance 

planning. It follows a structured workflow: (1) preprocess historical top-up data, (2) Domain 

knowledge, (3) pathology of leak development from limited sets of online gas density 

monitoring data (4) calculate the leak rate of each asset over time, (5) classify these leak rates 

using predefined thresholds, thereby converting each asset’s leakage history into a sequence of 

categorical latent states representing scale of escape, (6) Markov chain model, (6.1) construct 

a Markov chain of leak state transitions, (6.2) estimate the leak state transition matrix, (6.3) 

calculate the probability of transitioning to a state ≥ critical threshold, (7) evaluate prediction 

accuracy and benchmark with naive and linear model, (8) Weibull model, (8.1) calculate Dwell 

times, (8.2) fit Weibull distribution to dwell times, (8.3) use Weibull cumulative distribution 

function (CDF) to estimate risk probability, (9) trigger prediction if the chance of entering a 

high-risk state is above the threshold (10) maintenance schedule. The workflow is illustrated in 

Figure 1. 

 

Figure 1 Workflow of multi-modal machine learning prediction of fleetwide switchgear SF6 

escape from historical maintenance records, online monitors and domain expertise 

Domain knowledge: For the existing history SF6 top up records, there are three potential 

assumptions regarding the relationship between top up and leakage rate: (1) the leakage rate 

can be calculated by dividing the top-up amount by the initial gas volume and the time elapsed 

since the last maintenance operation. However, due to the absence of real-time or recent gas 

inventory measurements, the total leakage is estimated as the initial gas volume minus the 

remaining gas volume, plus the total top up amount. (2) the refill does not restore the gas to its 

initial level but only to a certain working pressure. In this case, the leakage rate is related to the 

current gas volume, and if leakage occurs proportionally, the leakage amount decreases over 

time as the gas volume decreases. (3) each top up restores the gas to its initial amount, so the 

refilled amount equals the leakage during that period, and the leakage rate can be calculated by 

dividing the top up amount by the initial amount and the time interval. Due to the lack of current 

gas volume data, this study adopts the third assumption for estimating the relative leakage rate. 

The relative leakage rate equation can be expressed as follows, following function also used in 

[18].  
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 (1) 

 

where 𝐹 is the relative leak rate in %/year; ∆m is the top up amount in kg. m0 is the initial 

amount in kg. ∆t: the time interval between top-ups in year. 

The IEC standard specifies a maximum permissible annual SF₆ relative leakage rate of 0.5% 

for closed-pressure systems at filling pressure or density [19]. For each asset, the relative 

leakage rate is calculated based on mass loss relative to the total gas mass under the condition 

of constant volume. This approach is mathematically equivalent to the density-based method 

defined in the standard. Based on this, a threshold can be set to support maintenance scheduling 

plans. Leak state classification is used to categorize SF₆ gas relative leak rates calculated by 

function (1) into discrete leakage states, assigning each to one of five leakage state categories 

shown in Table 1: 

Table 1 – Relative Leak State Classification 

State Relative Leak Rate Range  

S0 F < 0.2%  

S1 0.2 ~ 0.5%  

S2 0.5 ~ 1.5% Critical leak level 

S3 1.5 ~ 2.5%  

S4 F ≥ 2.5%  

 

The classification is based on predefined thresholds: if the leak rate is below 0.2% per year, it 

is categorized as state 0 (S0); if it falls between 0.2% and 0.5%, it is level 1; the range between 

0.5% and 1.5% defines state 2 (S2). These thresholds are chosen starting from 0.5, which 

corresponds to the IEC standard, to provide a basis for alert generation and action planning; 

between 1.5% and 2.5% is level 3 (S3); and if the leak rate is equal to or exceeds 2.5%, it is 

classified as state 4 (S4). This step converts the numerical leak rate values into categorical states, 

which can then be used in state-based Markov Chain model. 

This study introduces monthly correction factors (α_month) derived from limited online gas 

density monitoring data to correct for monthly biases in SF₆ leak rate estimation. These factors 

are calculated by analysing online pressure measurements (or converting density to pressure 

using the SF₆ state Beattie Bridgman equation). By extracting timestamps and grouping the data 

by calendar month, the median pressure for each month is computed and compared to the 

overall median pressure to quantify the relative deviation of each month. These correction 

factors effectively capture pressure variation trends caused by ambient temperature or 

environmental changes throughout the year. Each top-up record is then assigned a 

corresponding monthly correction factor based on its calendar month. This factor is combined 

with the proposed model to adjust the standard annual leak rate and produce an enhanced leak 

rate,  

 (2) 

 

𝐹 = (
∆𝑚 

𝑚0
) /∆𝑡 ∗ 100 

𝐹𝑒𝑛ℎ𝑎𝑛𝑐𝑒𝑑 = 𝐹 ∗ 𝛼𝑚𝑜𝑛𝑡ℎ 



Type here the email address of the main author as a footnote. 

 

 

where 𝐹𝑒𝑛ℎ𝑎𝑛𝑐𝑒𝑑 is the enhanced relative leak rate (%/year). 𝐹 is the relative leak rate (%/year), 

calculated from historical top-up records. 𝛼𝑚𝑜𝑛𝑡ℎ is the monthly pressure-based bias, derived 

from online gas density monitoring data. 

This enhancement improves the model’s temporal accuracy and provides a more realistic 

reflection of leak behaviour under actual operating conditions. The method is especially useful 

for identifying high-risk periods such as winter months. Nazarčík reports that most SF₆ leaks 

occurred in February, the coldest month in the Czech Republic [13]. 

Using these enhanced leak states, a first-order Markov chain is constructed by counting 

transitions between leak levels and normalizing them to create a transition probability matrix. 

This matrix reflects the likelihood of an asset moving from one leak state to another. For 

prediction, the model uses the last known state of an asset to forecast the most probable next 

state by selecting the transition with the highest probability. The model’s predictive accuracy 

is evaluated by comparing these predictions against actual observations, such as Mean Absolute 

Percentage Error (MAPE).  

This study also estimates SF₆ leak risk and predicts future maintenance needs by combining 

Weibull dwell time modelling with Markov chain state transitions. First, it calculates how long 

assets typically stay in each leak level (dwell times) and fits a Weibull distribution to model 

those durations. Using the fitted Weibull parameters, it computes the current risk of transition 

for each asset based on how long it has been in its current state. Then, it uses the Markov 

transition matrix to estimate the probability of moving to a critical leak level. If this probability 

exceeds a defined risk threshold, then forecasts the expected number of days remaining before 

reaching that state and predicts the date when maintenance will be scheduled. 

3 Result demonstration 

The model utilizes historical SF₆ gas top-up records collected from 3 network transmission 

operators. A total of 545 assets and 6598 top-up events are used in the model. The asset type 

includes Circuit Breakers (CB) and Gas-Insulated Switchgear (GIS).  

 

Figure 2: Transition probability matrix, state transition diagram 
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Figure 2 shows the example of transition probability matrix and state transition diagram from 

a fleet based on the state-based Markov chain model. The transitions are recorded in a 5×5 

transition count matrix, where each cell represents the number of observed transitions from one 

leak rate state to another. This count matrix is then normalized by the total number of transitions 

from each current state, resulting in a transition probability matrix. Each value indicates the 

probability of moving from one state to another in a single time-step (i.e., from one top-up event 

to the next) [20]. The diagonal of the transition matrix represents the probability of remaining 

in the same leak level state between consecutive top-up events. 

The state transition diagram depicts the Markov chain as a state diagram with directed arrows 

showing transition probabilities. Each node represents a leak state, and arrows denote transition 

probabilities between state 0, state 1, state 2, state 3 and state 4 per top-up event, looping arrows 

indicate the probability of staying in the same state.  

 

 

Figure 3: Comparison of time series evolution of leak state 

 

The figure 3 illustrates the historical leak level trend for a specific asset over time, with the y-

axis representing discrete leak states (ranging from 0 to 4) and the x-axis indicating each top-

up date. The blue line traces the actual leak states based on recorded data calculated by Equation 

(1), while the red dot marks the predicted state generated using the Markov chain model. The 

model uses the most recent known state to forecast the most probable next state based on 

transition probabilities learned from past behaviour. In the graph, the prediction aligns with the 

asset’s recent trend. 

 

Table 2– Leak Prediction Performance Benchmark (MAPE%) 
Fleet Naive model Linear model Proposed model 

TNO fleet #1 692.64 1691.88 90.96 

TNO fleet #2 744.68 1641.27 81.05 

TNO fleet #3 199.61 1258.20 97.15 

Combined 897.24 1780.58 90.79 

 

Table 2 summarizing the performance comparison between the naive model, linear model, and 

Markov chain model. Each model is trained using an 80/20 split, where 80% of the data is used 
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to build the model and 20% is used for validation and prediction assessment. A naive model 

that assumes the next relative leak rate remains the same as the current one, a linear model that 

fits a trend line through historical relative leak rates to forecast future values, and the proposed 

Markov chain model that converts state predictions into relative leak rate using state averages. 

To maintain the integrity of each modelling approach, the original output formats are preserved: 

numerical for the naive and linear models, and categorical for the Markov Chain model. This 

reflects their distinct modelling objectives and avoids conversion bias. Evaluating each model 

within its native predictive framework enables a more meaningful comparison across distinct 

aspects of asset management. 

 

Figure 4 : Ranked fleet risk probabilities from Weibull model 

 

Figure 4 presents the relationship between risk probability and asset ID ranking for a fleet based 

on Weibull model, ordered from high to low. The graphs highlight the importance of focusing 

maintenance efforts on assets with the highest risk probabilities, allowing for better resource 

allocation and timely intervention. By prioritizing assets ranked higher in risk, the model helps 

reduce the chances of unexpected failures and ensures more efficient maintenance planning. 

 

Table 3– Examples of Predicted Future Risk & Maintenance vs Intervention 

Current 
State 

Risk Probability 
(Weibull model) 

Probability Next 
State ≥ critical leak 

level (Markov 
chain model) 

Predicted 
Maintenance 

Date 

Actual 
Intervention 

Date 

4 0.8644 0.9927 26/11/2018 01/02/2019 

4 0.6703 0.9927 02/03/2024 12/04/2024 

4 0.6332 0.9927 14/09/2023 19/08/2023 

4 0.648 0.9927 16/03/2024 19/06/2024 

4 0.8031 0.9927 18/10/2023 14/01/2024 

4 0.6234 0.9927 08/04/2024 12/05/2024 

4 0.6586 0.9927 04/02/2021 24/01/2021 

3 0.7901 0.9682 14/04/2019 03/05/2019 

2 0.9405 0.8826 01/03/2022 04/03/2022 

0 0.6127 0.6538 11/11/2023 17/08/2023 
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Table 3 compares the predicted risk of SF₆ leak escalation and estimated maintenance dates 

against actual intervention events. It includes assets identified by the model as high-risk based 

on a combination of Weibull dwell time expectations and Markov chain state transition 

probabilities. For each asset, the table presents the current leak level, the probability of state 

transitioning to a critical leak level (threshold≥S2), and the predicted date when maintenance 

should occur. By contrasting these predictions with actual top-up or repair interventions, it helps 

evaluate the model's ability to anticipate maintenance needs accurately and highlights cases 

where early action could have prevented further deterioration.  

4 Conclusion and discussion 

This study presents multi-modal approach of fleetwide SF6 escape from historical maintenance 

records, online gas density monitors and domain expertise to predict SF₆ leak states and estimate 

the probability of transitioning to a state exceeding a critical leak threshold, enabling the 

development of maintenance plans by integrating Markov chain state transition modelling with 

Weibull-based dwell time analysis. This integrated methodology captures both operational and 

environmental effects on leak progression, quantifies the probability of future leak state and 

estimates expected maintenance dates, enabling early intervention planning. 

This framework demonstrates that classical statistical methodologies provide a robust and 

secure foundation for critical infrastructure asset management that effectively balances 

predictive capability with operational requirements. It complements with existing monitoring 

systems, enabling asset management assessments that integrate historical top-up records with 

operational data while maintaining inherent cybersecurity advantages through offline, isolated 

analysis. The security-first predictive maintenance methodology establishes that foundational 

probability theory, enhanced by modern computational capabilities, delivers practical and 

interpretable asset management solutions particularly suitable for utilities prioritizing both 

analytical effectiveness and cyber resilience in their critical infrastructure operations. 

While the proposed model achieved better performance than the Linear and Naive benchmarks, 

it is limited by its reliance on discrete historical top-up events and the sparsity of available 

online gas density monitoring data. Future improvements will include incorporating continuous 

monitoring data with asset matching, adopting higher-order Markov models and applying 

machine learning techniques to refine leak progression pathways. Future work will also focus 

on systematic assumption validation using MAPE-based threshold rules for evaluating Markov 

property violations, Weibull fit quality, and seasonal correction effectiveness to ensure 

prediction confidence intervals accurately reflect underlying uncertainties. 
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