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Abstract: Blow-outs occurred on offshore platform and associated fires have been recurrent during the 

previous few decades, and poses a potential safety hazard to humans, property and the surrounding 

environment. Although the real-time forecast based on deep learning have shown promise in the fields 

of fire modelling and hazardous area evaluations, jet fire spatio-temporal modelling has not yet 

undergone sufficient investigation in complex ocean engineering cases like offshore platforms. This 

research therefore proposes a deep learning-based framework for jet fire spatio-temporal probabilistic 

real-time forecast by developing the Hybrid-VB-ConvSTnn model integrating ConvGRU and 

variational Bayesian inference. And the significant hyperparameters were locally optimized through 

sensitivity analysis and finally identified as Monte Carlo (MC) sampling number m=100 and dropout 

probability p = 0.1. By performance comparison with different models, the Hybrid-VB-ConvSTnn 

model shows competitive spatio-temporal forecasting capabilities in terms of both real-time (Inference 

time =0.83s) and accuracy (R2 = 0.982). Moreover, the Hybrid-VB-ConvSTnn model could provide the 

additional uncertainty inferences based on the probability density of the Bernoulli distribution, which 

avoids the inherent shortcomings of “overconfidence” for traditional point-estimate models and lends 

credibility to flame boundary identification. The proposed framework could support the digital twin-

based fire emergency management on offshore platforms by more comprehensive and robust risk 

evaluation. 

Keywords: Offshore platform, Natural gas, Jet fire spatiotemporal probability forecast, Deep learning, 

Variational Bayesian inference, Digital Twin 

1. Introduction

Offshore platforms are the mainly sites for oil and natural gas production, which is exposed to an 

inevitable risk of fire accidents during long-term operation because of leakage in pipelines or facilities, 

potential ignition source, the presence of flammable substances, or blowouts (Li et al., 2020; Seghier et 

al., 2021). In the event of an uncontrolled fire crisis on an offshore platform, both high temperatures 
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and thermal radiation will cause severe casualties and facilities damage (Wang et al., 2017). Meanwhile, 

the chain of accidents, such as explosions and toxic leakage, will lead to consequences escalation, such 

as the platform capsizing and ecological environment pollution. There are multiple fire and explosion 

accidents (e.g. The Piper Alpha; Deepwater Horizon) occurred on offshore platform during the previous 

few decades, which result in irreversible loss (Mannan, 2013; Seo et al., 2017). Therefore, real-time 

spatio-temporal modeling of fire development is quite essential for emergency management of offshore 

platforms. Accurate forecasting of fire hazard areas can help emergency decision making and mitigate 

fire accidents that pose a significant risk to humans, property and the surrounding environment. 

 

Considerable attention has been devoted to methodologies for evaluating jet fire consequences, leading 

to the development of various approaches for fire shapes prediction (Mashhadimoslem et al., 2020; Sun 

et al., 2019). Full-scale fire experiments have emerged as one of the most precise and reliable 

approaches for collecting flame data, as they recreate realistic scenarios to conduct iso-scale 

experiments. Multiple fire experiments have been historically performed to learn about the behavior of 

high temperature flames, and the resulting realistic data are invaluable for fire modelling (Gopalaswami 

et al., 2016; Liu et al., 2023; Zhang et al., 2018). The experimental approach, however, does have 

inherent drawbacks, including high construction costs, dangerous operating procedures and limited 

generalization capability(Ahammad et al., 2016; Li et al., 2018). Subsequently, along with advances in 

computer science, high-fidelity numerical simulations have become the effective way for fire prediction. 

As one of the representative approaches, Computational Fluid Dynamics (CFD) can model realistic 

physical phenomena by iteratively solving the given government equations. Several CFD software such 

as FLACS (Hansen et al., 2005; Shi et al., 2021; Zappone, 2021), FDS (Feenstra et al., 2018; Ji et al., 

2017; Lan et al., 2023) and FLUENT (Gu et al., 2020; Li et al., 2020; Sun et al., 2017) have been 

developed to predict the spatiotemporal evolutionary mechanisms of fires. Although the accuracy of 

CFD software has been extensively demonstrated, its implementation requires high computational 

power and lengthy simulation times due to iterative calculations (Hodges et al., 2019). Nowadays, deep 

learning-based approach has been proposed for risk analysis on accident evaluation and emergency 

management (An et al., 2023; Liu et al., 2024; Shi et al., 2019; Zhang et al., 2023a), and some of them 

could serve as the promising alternative for predicting fire behavior by employing artificial neural 

networks(ANN) (Franke et al., 2017; Lattimer et al., 2020; Shi et al., 2023; Zhang et al., 2022). By 

constructing complex mapping relationships between low-dimensional fire scenario parameters and 

high-dimensional temperature spatiotemporal distributions, the deep learning approach can avoid 

iteratively physical solving and are characterized by rapid calculation and high accuracy (Laubscher, 

2018; Seltz et al., 2019). Emami and Fard (2012) utilized ANN to construct the stable laminar 

combustor model for the turbulent jet of chemicals like methane. Lattimer et al. (2020) developed the 

deep learning-based surrogate mode for efficient fire scenarios anticipation in real time, with an 

inference time 2~3 orders of magnitude less than that of CFD tools.  
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Furthermore, the spatial and temporal characteristics of fire need to be considered when the jet fire 

propagate in complex scenarios with congested structures and intricate facility layouts. Several research 

has demonstrated that Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) neural 

networks are capable of predicting temporal sequence accurately (Bai et al., 2018; Chung et al., 2014; 

Zhang et al., 2023b). Singh et al. (2018) developed a data-driven framework based on neural networks 

for spatial-temporal fire risk prediction. Shi et al. (2022) proposed a physics-guided VBSTnn neural 

network to discover the spatio-temporal distribution of the released natural gas, demonstrating its high 

accuracy in concentration boundaries. Jin et al. (2020) integrated Variational Auto-Encoders (VAE) and 

sequence generative models to develop the FSFN model that handles correlations between information 

and spatio-temporal aspects. Wu et al. (2021); (2022) constructed a comprehensive database of tunnel 

fires by numerical simulations, and adopted LSTM and TCNN based fusion neural networks to forecast 

the fire accidents in tunnel. However, majority of researches primarily focus on fire monitoring and 

forecasting the spread of forest fires or urban fires. Deep learning-based jet fire spatio-temporal forecast 

has not yet undergone sufficient investigation, especially in ocean engineering cases like offshore 

platforms where highly congested facilities exist within limited areas.  

 

Moreover, real-time forecasting based on traditional point-estimation deep learning has some 

limitations in process risk management. For example, the solution process are only guided by maximum 

likelihood estimation(MLE) and maximum a posterior(MAP), which could rarely explains the real 

mechanism of the relationship among modeled variables (Kasiviswanathan et al., 2016). Consequently, 

deep learning-based prediction approaches also have their potential shortcomings such as the 

overconfident estimations provide by these models. As a result, the forecast credibility of consequence 

will be undermined, which poses a challenge to an emergency management system for offshore 

platforms constructed by deep learning especially in cases where prediction deficiency exist(Shi et al., 

2022). Kongsvik et al. (2015) emphasises the importance of knowing the quality of factual information 

and the corresponding probabilistic information when making snap decisions. Paltrinieri et al. (2019) 

illustrated how the correct use of deep learning models to reduce false positives is an important 

prerequisite for risk prediction on offshore platforms. To address this limitation and enhance the 

comprehensiveness and reliability of model outputs, the method of uncertainty quantification has drawn 

increasing attention within the academic community (Ahmed et al., 2023; Khosravi et al., 2011). Due 

to the challenge of solving for the true posterior distribution required to quantify uncertainty, an 

approximate continuous distribution is proposed as an alternative. This approach has been proven to 

hold up by making Kullback-Leibler (KL) divergence of these two variables converges to zero during 

the deep learning training(Blei et al., 2017; Gal and Ghahramani, 2016). In contrast to conventional 

Bayesian inference methods like Monte Carlo simulation, neural networks that incorporate variational 

Bayesian inference retain real-time capability and estimation accuracy (Kou et al., 2022; Liu et al., 2020; 
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Ni et al., 2021; Shi et al., 2021). However, as far as the authors are aware, there has been limited research 

on spatiotemporal probabilistic forecast of jet fire accidents from offshore platforms in real-time. 

 

This research aims to address the deficiencies of real-time risk evaluation and management of jet fire 

accidents on offshore platforms by developing an approach framework for spatio-temporal probabilistic 

forecast. The framework consists of several key components. Firstly, a database of jet fires occurring 

on offshore platforms is constructed deploying the high-fidelity CFD tools, which serves as the 

foundation for subsequent analysis and modeling. Subsequently, a spatio-temporal neural networks 

namely Hybrid-VB-ConvSTnn is proposed where ConvGRU was employed to capture the temporal 

relationship between the temperature spatial distribution and variational Bayesian inference is 

integrated to enable probabilistic modeling. This integration allows for the uncertainty quantification in 

the prediction results through Bernoulli-based analysis and multiple sampling. Ultimately, the accuracy 

and robustness of the proposed hybrid probabilistic deep learning model are validated by comparison 

with other alternative models. The following are the main contributions of this study: 

(1) The proposed framework offers a novel probabilistic spatiotemporal modeling approach for jet fire 

risk management on offshore platforms. A hybrid deep learning model is constructed to capture the 

spatio-temporal evolution law of jet fires and output the prediction ahead of time. 

(2) The developed model offers extra forecasted uncertainty by leveraging the probability density of 

the Bernoulli distribution, thereby enhancing the robustness of hazardous area evaluations and 

providing more reliable support for subsequent contingency planning. 

(3) Deep learning-based model achieves a trade-off between forecast accuracy and real-time output 

through local optimisation of hyperparameters, including the number m in Monte Carlo (MC) 

sampling and dropout probability 𝑝 in model training. 

Therefore, our proposed framework could serve as a more comprehensive and robust alternative for 

accident emergency management and digital twin construction by probabilistically forecasting the 

spatiotemporal evolution patterns of jet fires on offshore platform. 

2. Real-time spatiotemporal probability forecast approach 

2.1 Problem formulation 

The proposed approach for spatiotemporal probabilistic forecast approach involves not only capturing 

the spatial distribution features of jet fire temperatures in various scenarios, but also learning their 

evolution rule over time. Besides, the addition prediction uncertainty should be modelled to improve 

the reliability and accuracy of jet fire development forecasts. 

 

Mathematically speaking, the deep learning model is developed to forecast the jet fire spatiotemporal 

evolutionary patterns Y after K-steps in advance based on the previous J-steps historical temperature 
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series X, and performed with the supporting uncertainty inference P(Y|X). Therefore, X contains the 

temperature spatial distribution for J moments, which can be expressed as X=[X1,X2,…,XJ]. Y, the 

forecasted time-series dataset, represents the temperature spatial distribution for a total of K moments 

starting from moment J as [YJ+1,YJ+2,…, YJ+K]. The mathematical expressions are as follows:  

𝑋𝐽 = (

𝑋1,1
𝐽

… 𝑋1,𝑛2
𝐽

⋮ ⋱ ⋮

𝑋𝑛1,1
𝐽

⋯ 𝑋𝑛1,𝑛2
𝐽

) , 𝑌𝐽+𝐾 = (

𝑌1,1
𝐽+𝐾

… 𝑌1,𝑛2
𝐽+𝐾

⋮ ⋱ ⋮

𝑌𝑛1,1
𝐽+𝐾

⋯ 𝑌𝑛1,𝑛2
𝐽+𝐾

) (1) 

where (n1, n2) represents the interested two-dimensional slice of a three-dimensional space consisting 

of length, width and height. Meanwhile, the probability density of predicted consequences P(Y|X) is 

modeled through the density forms of Bayesian formulations as follows: 

𝑃(𝑌|𝑋) = ∫𝑃(𝑌|𝑤,𝑋)𝑃(𝑤)𝑑𝑤,𝑤 ∼ 𝑃(𝑤|𝑋𝑖𝑛𝑝𝑢𝑡, 𝑌𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛)  (2) 

where P(Y|w, X) indicates probability density where Y denotes forecasted temperature spatio-temporal 

data,  X denotes previous temperature spatio-temporal sequence and w denotes hyperparameters (Shi et 

al., 2022). And w~P(w|Xinput,Yprediction)represents the probability density of w, which can be determined 

in the train procedure of deep learning model base on the training dataset [Xinput, Yprediction]. Subsequently, 

the required P(Y|X) can be calculated from Eq. (2). This addresses the problem that the current fire 

prediction deep learning models simulate the consequences of fire without considering the conditional 

probability density distribution. 

2.2 Procedure of spatiotemporal probability forecast approach 

This paper proposed the approach framework for the real-time spatiotemporal consequence forecast to 

accomplish the above goals. Fig. 1 illustrates the detailed steps, which will be applied to the subsequent 

case of offshore platform. 

Step 1. Data Generation and Processing. The initial step involves 3D numerical model construction 

of offshore platforms and database development of the jet fire spatiotemporal evolution based on CFD 

tools. Subsequently, the temperature data is extracted from the constructed database, focusing on the 

relevant spatio-temporal slices. The dataset is then divided into two sets, namely training dataset 

required for Step 2 and Step 3, and test dataset required for Step 4 and Step 5. 

 

Step 2. Convolutional Spatio-temporal Neural Networks Development. The real-time spatio-

temporal probabilistic forecast model is developed with the Python-based Keras framework. The 

proposed neural network incorporates various functions, such as spatio-temporal feature extraction and 

reverting, forecast uncertainty evaluation. By utilizing the training dataset from Step 1, the model 

undergoes supervised training to enhance its predictive capabilities. Subsequently, the well-trained 

model can forecast the subsequent fire temperature spatio-temporal distribution Yprediction based on the 

prior spatio-temporal information Xinput. The information flow is shown as follows: 

𝑋𝑠𝑝𝑎𝑡𝑖𝑎𝑙𝑓𝑒𝑎𝑡𝑢𝑟𝑒 = 𝐶𝑜𝑛𝑣_𝑒𝑛𝑐𝑜𝑑𝑒𝑟𝑤1(𝑋𝑖𝑛𝑝𝑢𝑡) (3) 
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𝑋𝑠𝑝𝑎𝑡𝑖𝑜𝑡𝑒𝑚𝑝𝑜𝑟𝑎𝑙_𝑐𝑜𝑟𝑟 = 𝐶𝑜𝑛𝑣𝐺𝑅𝑈𝑤2(𝑋𝑠𝑝𝑎𝑡𝑖𝑎𝑙𝑓𝑒𝑎𝑡𝑢𝑟𝑒 , 𝐻0) (4) 

𝑌𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 = 𝐶𝑜𝑛𝑣_𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑤3(𝑋𝑠𝑝𝑎𝑡𝑖𝑎𝑙𝑡𝑒𝑚𝑝𝑜𝑟𝑎𝑙_𝑐𝑜𝑟𝑟) (5) 

𝑌𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 = 𝐶𝑜𝑛𝑣_𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑤3(𝐶𝑜𝑛𝑣𝐺𝑅𝑈𝑤2(𝐶𝑜𝑛𝑣_𝑒𝑛𝑐𝑜𝑑𝑒𝑟𝑤1(𝑋𝑖𝑛𝑝𝑢𝑡), 𝐻0)) (6) 

where Conv_encoder, ConvGRU and Conv_forecast represent the different type of the neural network. 

w= {w1, w2, w3} are the corresponding hyperparameters inside different neural networks. 

 

Step 3. Variational Bayesian-based Loss Function Construction. According to Eq. (2), the requested 

posterior distribution P(Ynew|Xnew, D) of the model with uncertain information is as follows: 

𝑃(𝑌𝑛𝑒𝑤|𝑋𝑛𝑒𝑤, 𝐷) = ∫𝑃(𝑌𝑛𝑒𝑤|𝑋𝑛𝑒𝑤 , 𝑤)𝑃(𝑤|𝐷)𝑑𝑤 (7) 

where Xnew denotes the input data from the test dataset, and Ynew denotes the corresponding output of 

model. Thus, the solution of P(w|D) is a critical step for the calculation of P(Ynew|Xnew, D), where 

D=(Xinput, Yprediction). 

 

Given the inherent difficulty in modeling the true distribution P(w|D), the variational Bayesian inference 

is an alternative which proposed a normalized function of variational distribution qφ(w) to replace the 

true distribution. For the substitution to be held, the DKL(q(w)||P(w|D)) represents the KL divergence 

between these two distributions, which needs to be minimized. According to the contributions from Liu 

et al. (2019), the following Eq. (8) is valid: 

𝑙𝑛 𝑃 (𝑌|𝑋) = ∫𝑞(𝑤) 𝑙𝑛 (
𝑃(𝑌,𝑤|𝑋)

𝑞(𝑤)
) 𝑑𝑤 + 𝐷𝐾𝐿(𝑞(𝑤)||𝑃(𝑤|𝑋, 𝑌)) (8) 

where DKL(q(w)||P(w| X,Y)) is desired to be minimized. For each scenario, the first term lnP(Y|X) is fixed 

because X, Y are specific and invariable. Therefore, the minimization of the third term can be 

equivalently interpreted as the maximization of the second term, which indicates the variational 

evidence lower bound (ELBO). 

 

The ELBO can be further described as Eq. (9), and more details can be referred to (Kingma and Welling, 

2013; Shi et al., 2022; Wen et al., 2018). 

𝐸𝐿𝐵𝑂 ≈
𝑁

𝑀
∑ 𝑙𝑛𝑃 (𝑌𝑚|𝑌𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛

𝑚 )

𝑀

𝑚=1

− (
𝑝

2
𝜑2𝜑 + 𝐾(𝜎2 − 𝑙𝑛 𝜎2 − 1) + 𝑐) (9) 

The demand for maximizing ELBO can be fulfilled by incorporating its opposite number into the loss 

function during the model training, and subsequently determine the loss function as:  

𝐿𝑜𝑠𝑠 = −𝑀𝑆𝐸(𝑌, 𝑌𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛) + (
𝑝

2
𝜑2𝜑 +𝐾(𝜎2 − 𝑙𝑛 𝜎2 − 1) + 𝑐) (10) 

Step 4. Parameter Optimization. During the process of loss function inference, careful consideration 

should be given to the hyperparameters determination that greatly influence both the training 
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effectiveness and the convergence of uncertainty. According to Eq. (10), the loss function is affected by 

the following hyperparameters(Liu et al., 2019): 

𝐿𝑜𝑠𝑠 = −
1

𝑚
∑(𝑌𝑖 − 𝑌𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛

𝑖 )2
𝑚

𝑖=1

+ (
𝑝

2
𝜑2𝜑 + 𝐾(𝜎2 − 𝑙𝑛 𝜎2 − 1) + 𝑐) (11) 

where m stands for the number of MC sample. p is the pre-defined dropout probability. φ denotes 

variational parameters. σ and c are constants. As can be seen, the accuracy of the proposed model could 

be improved as m continues to increase. However, frequent sampling will result in higher computational 

cost and longer output time of the model. Additionally, as the component of the loss function, dropout 

probability p needs to be optimized as well to guarantee that the model training is effective. Therefore, 

hyperparametric analysis and optimisation is an essential part of the model development process, which 

can ensure the trade-off between the real-time and accuracy. The optimised hyperparameters allows 

qφ(w) to take place of P(w|D) in Eq. (7). 

 

Step 5. Model Validation and Application. Since solving P(Ynew|Xnew) analytically is challenging, the 

issue can be addressed by the non-parametric estimation method of kernel density estimation (He and 

Li, 2018). The sampling results of the proposed model can be shown as follows: 

[𝑌𝑛𝑒𝑤
1 , 𝑌𝑛𝑒𝑤

2 , … , 𝑌𝑛𝑒𝑤
𝑚 ] = 𝐻𝑦𝑏𝑟𝑖𝑑_𝑉𝐵_𝐶𝑜𝑛𝑣𝑆𝑇𝑛𝑛𝑚𝑜𝑑𝑒𝑙

[𝑤1,𝑤2,…𝑤𝑛]𝑚(𝑋𝑛𝑒𝑤), [𝑤
1, 𝑤2, …𝑤𝑛]𝑚~𝑞𝜑(𝑤) (12) 

where n denotes the hyperparameters number of the proposed model.  

 

As shown in Eq. (12)., the forecasted later spatio-temporal sequence Ynew with m groups will be obtained 

given the previous spatio-temporal sequences Xnew,. The fire temperature output 𝑌𝑛𝑒𝑤
𝑚𝑒𝑎𝑛 of the hybrid 

deep learning model is obtained by averaging m sets of temperature data from the same spatio-temporal 

scenario as: 

𝑌𝑛𝑒𝑤
𝑚𝑒𝑎𝑛 = (

𝑌1,1
𝑚𝑒𝑎𝑛 … 𝑌1,𝑛2

𝑚𝑒𝑎𝑛

⋮ ⋱ ⋮
𝑌𝑛1,1
𝑚𝑒𝑎𝑛 ⋯ 𝑌𝑛1,𝑛2

𝑚𝑒𝑎𝑛
)

𝑛𝑒𝑤

 (13) 

𝑌𝑛1,𝑛2
𝑚𝑒𝑎𝑛 =

1

𝑚
∑𝑌𝑛1,𝑛2

𝑖

𝑚

𝑖=1

 (14) 

where 1, 2

i

n nY  represents the forecasted fire temperature corresponding to the ith sample at the spatial 

location (n1, n2). In addition, the uncertainty evaluation 𝑌𝑛𝑒𝑤
𝑢𝑛𝑐of the model forecasting is the variance 

based on Bernoulli distribution to achieve reliable prediction of the edge of the flame hazard area, which 

can be shown as: 

𝑌𝑛𝑒𝑤
𝑢𝑛𝑐 = (

𝑌1,1
𝑢𝑛𝑐 … 𝑌1,𝑛2

𝑢𝑛𝑐

⋮ ⋱ ⋮
𝑌𝑛1,1
𝑢𝑛𝑐 ⋯ 𝑌𝑛1,𝑛2

𝑢𝑛𝑐
)

𝑛𝑒𝑤

 (15) 
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𝑌𝑛1,𝑛2
𝑢𝑛𝑐 =

𝑛𝑇(𝑚 − 𝑛𝑇)

𝑚
 (16) 

where nT represents the number of times where the temperature is above T during the MC sampling. 

 

Fig. 1. Framework of the spatio-temporal real-time probabilistic forecasting approach 
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3. Benchmark dataset construction 

3.1 Numerical modelling and simulation 

Since real-world jet fire accidental dataset is challenging to gather and deep learning demands large 

amount of data, numerical dataset is thereby generated by the well-established and widely-validated 

CFD tool as a substitute for real-world data (Lee et al., 2004; Ye and Hsu, 2022). As the widely-validated 

CFD software, FLACS fits realistic jet fire development by integrating multiple models such as RANs 

equations, k-ε turbulence models and combustion models (Pedersen, 2012; Yeoh and Yuen, 2009). The 

RANs equations serve as the controlling equations to ensure that the fluid is conserved in terms of mass, 

momentum, energy and chemical substances. Meanwhile, the k-ε turbulence model makes the set of 

control equations closed and solvable through Boussinesq assumption. Combustion consequences such 

as thermal radiation will be modelled through Eddy dissipation model and discrete transfer model. More 

details can be referred to Pedersen (2012). 

 

Fig. 2 illustrates the 3D numerical model of the offshore platform with FLACS. As for the boundary 

conditions set of the computational domain considering the ventilation, the inflow and outflow 

boundaries of the computational domain are set to Wind and Euler, respectively. Simultaneously, the 

size of the computational domain should be large enough, which can avoid the calculation distortion on 

core domain caused by the result convergence at the boundaries. The size of computational domain is 

thereby set to X=160m, Y=160m, and Z=200m, respectively. In addition, the core domain grid size is 

determined as 1m by a pre-mesh sensitivity analysis (Xie et al., 2023). Beyond the core area, the grid 

size gradually expands by a factor of 1.2 until reaching the boundaries of the computational domain. 

The initial values of CFLC and CFLV are 20 and 2, which indicates that fluid propagation advances by 

2 units when the sound speed propagates by 20 units. Nevertheless, the automatically adjustments of 

CFLC and CFLV values are authorized because of the refined operation of the mesh at the leakage 

location in order to maintain a balance between accuracy and computational effort. Table. 1 

demonstrates the specific parameters set by the model. 

 

Fig. 2. 3D numerical model for jet fires on offshore platforms 
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Table. 1 Parameterization of the offshore platform 3D model 

Parameters Value 

Offshore Platform Dimensions(m) 82(X)×78(Y)×140(Z) 

Computational Domain Size(m) 160(X)×160(Y)×200(Z) 

Core Domain Grid Size(m) 1 

Mesh Expansion Factor 1.2 

Inflow Boundary Condition Wind 

Outflow Boundary Condition Euler 

CFLC 20 

CFLV 2 

 

The spatial and temporal evolution of jet fire scenarios is affected by multiple factors, for instance, leak 

position, leak rate, leak direction, wind speed, wind direction and ignition position etc. To mainly 

examine the impact of wind speed and leakage rate on the spatio-temporal evolution of jet fire, a total 

of 100 scenarios are constructed. Given the severity of the blowout, the spatiotemporal database of jet 

fire was established in the background of natural gas blowout. The leakage location is set near the 

wellhead (40,38,10) and is jetted vertically upwards (+Z). Table 2 summarizes the detailed parameters 

configuration of the numerical simulation that required for benchmark database construction. 

 

Table. 2 Parameterization of jet fire numerical simulation 

Parameters for simulation settings Value 

Natural gas component 94% CH4, 4% C2H4 and 2% C3H8 
Leakage type Jet 

Leakage duration (s) 120 

Leakage position (m) (40,38,10) 
Leakage rate (kg/s) 5, 10, 15, 20, 25, 30, 35, 40, 45, 50 

Leakage direction +Z 

Wind speed (m/s) 0, 2, 4, 6, 8, 10, 12, 14, 16, 18 

Wind direction +Y 

Ignition time (s) 4 

Ignition position (m) (40,38,12) 

Data extraction time (s) 1, 2, 3, 4, 5, 6, 7, 8, 9, 10 

Data extraction slicing YZ (X=40) 

 

3.2 Dataset processing and classification 

To represent the distribution characteristics of the flame in the spatial dimension, the temperature slicing 

(X=40) is extracted using a plane formed by the direction of wind and leakage. The dimensionality of 

the temperature slicing is 104×101. Furthermore, 80% of the slicing is collated as the training dataset 

for model training and the remaining 20% is defined as a test dataset for model validation and 

performance comparison. For each jet fire scenario, 2 spatiotemporal evolution sequences were 

extracted separately. The 1st sequence, which included the temperature data for the previous 5 time-

steps, is taken from 1 s to 5 s with the interval of 1 s. Similarly, the 2nd sequence captures the temperature 

data for the later 5 time-steps from 6 s to 10 s with a 1 s interval.  
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The training dataset will be substituted to the hybrid probabilistic spatiotemporal neural network for 

model training. It contains 80 scenarios and can be express as D=[X, Y], where X represent 1st sequence 

and Y represent 2nd sequence. Thus, the dimensionality of X as the input can be further expressed as X

∈ℝ80×104×101×5. And Y∈ℝ80×104×101×5 will be substituted into the above model as the target label for 

supervised training. 

4. Hybrid-VB-ConvSTnn model development 

4.1 Hybrid-VB-ConvSTnn model construction 

The real-time spatio-temporal probabilistic forecast neural network proposed in this paper consists of 

three key components, namely the Convolutional encoder, ConvGRU, and De-convolutional decoder. 

Fig. 3. demonstrates architecture of proposed hybrid probabilistic spatial-temporal forecast nurual 

network. Within the constructed model framework, the 1st spatiotemporal evolution sequences X can be 

employed as the input to forecast the 2nd spatiotemporal evolution sequences and corresponding 

uncertainly Y. When the time-series dataset is adopted as input, the spatial distribution features of 

temperature could be extracted by Convolutional encoder neural network. Afterwards, the ConvGRU 

neural network is connected for temporal correlation modeling of the extracted features. Ultimately, the 

De-convolution decoder convers the forecasted features back into the original spatio-temporal 

dimension of the fire distribution. In addition, the theory of variational Bayesian inference is employed 

to construct the loss function to quantify model uncertainty P(Y|X). And the proposed integrated deep 

learning neural network is named as Hybrid- Variational Bayesian Convolution Spatial-Temporal 

neural network (Hybrid-VB-ConvSTnn). 

 

 

Fig.3. Architecture of proposed hybrid probabilistic convolution spatial-temporal neural network 

(Hybrid-VB-ConvSTnn) 
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In addition, Table. 3 presents the specific configuration of our proposed model (Shi et al., 2022). For 

the 1st part, Conv_Encoder consists of 3 Time Distributed convolution layers. The first layer connected 

to the input layer is configured as 128 filters and kernel size as 7×7. The remaining two layers are set 

to 64 filters, 7×7 kernel size. Activation function is set to ‘ReLU’, Stride is set to 1 and Padding is set 

to ‘Same’. For the 2nd part, Conv_GRU2D consists of 3 neural network layers. The filters of each layer 

are configured as 32 and the kernel size of each layer are 7×7, 5×5 and 7×7, respectively. Activation 

function is set to ‘ReLU’, Stride is set to 1 and Padding is set to ‘Same’. For the 3rd part, De-

Conv_Forecasting consists of 3 Deconvolution layers. The first two layers are configured as 64 filters 

and kernel size as 7×7. The remaining layer are set to 128 filters, 11×11 kernel size. Activation 

function is set to ‘ReLU’, Stride is set to 1 and Padding is set to ‘Same’. At the end, a 3D convolution 

layer is connected as the output layer with 1 filter and 1×1×1 kernel size. Activation function is set to 

‘Linear’, Stride is set to 1 and Padding is set to ‘same’. In addition, each layer of neural network was 

configured with 2 layers of Batch Normalization and Bayesian Dropout between them. The computer 

server we compile the model is configured with CPU of AMD R7-3700X CPU and GPU of NVIDIA 

RTX 2080Ti. 

 

Table. 3 Configuration of Hybrid-VB-ConvSTnn 

Part 1: Conv_Encoder → Part 2: Conv_GRU2D → Part 3: Deconv_Forecasting 

11×11 128 Time Distributed 

Conv2D. ↓, ReLU 

 7×7 32 ConvGRU2D↓, 

ReLU 

 7×7 64 Time Distributed 

DeConv2D ↓, ReLU 

7×7 64 Time Distributed 

Conv2D. ↓, ReLU 

 5×5 32 ConvGRU2D↓, 

ReLU 

 7×7 64 Time Distributed 

DeConv2D ↓, ReLU 

7×7 64 Time Distributed 

Conv2D. ↓, ReLU 

 
7×7 32 ConvGRU2D↓, 

ReLU 

 11×11 128 Time Distributed 

DeConv2D ↓, ReLU 

1×1×1 1 Conv3D, Linear 

 

4.2. Sensitivity analysis of MC sampling number m 

The hyperparameters of the model are required to be optimised by sensitivity analysis for the ideal 

performance. The test dataset serves as the benchmark for hyperparametric sensitivity analysis, and the 

benchmark temperature of the specific jet fire scenario is selected as demonstrated in Fig. 4. As the 

reference, the monitoring point at position (40, 35) has a temperature of 1627°C and the jet height L of 

jet fire is 86.58 m. In addition, there is a portion of flame propagating horizontally at a height of around 

75 m due to the obstruction of the derrick. 
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Fig. 4. Benchmark jet fire temperature distribution (Scenario under leak rate = 30 kg/s and wind 

speed = 4 m/s) 

 

The MC sampling number m plays an important role in the accuracy and convergence of the model 

forecasting. Thus in Fig. 5, 10 groups of Cumulative Density Function curves of forecasted value at the 

monitoring point under m = 10, 100 and 500. By setting the number of MC samples, m groups of weights 

will be sampled randomly from the variational posterior distribution qφ(w) for the same scenario(Shi et 

al., 2022). Therefore, a group of distributions with m forecasted data is generated for the monitoring 

point. As in the example of Fig. 5 (b) when m =100, the red curve represents the CDF for the first MC 

sampling process where 100 temperature values were extracted. Afterwards, this process is repeated 10 

times and accordingly 10 CDF curves is obtained marked by various colors.  

 

The convergence characteristics of the prediction uncertainty under different m were assessed by 

examining the temperature interval when the CDF reaches 0.5. As indicated, the temperature forecasted 

interval is 140 ℃ when m = 10. It is evident that as m increases, the range of predicted temperatures 

interval narrows, indicating improved convergence of the proposed model. With the MC sample number 

m continuously growing from 10 to 100, the interval of the forecasted temperature value for the 

monitoring point keeps getting narrowing until 30 K. Moreover, when m reaches 500, the uncertainty 

interval is only 13K. The prediction convergence becomes less sensitive to further increases in m. 

However, it is important to assess whether the prediction accuracy of the model meets the desired level 

for the given m, because continuously increasing m not only fails to significantly enhance prediction 

accuracy but also increases the output time due to sampling operations. As shown in Fig. 6, the 

Probability Density Function curve of model forecast is generated when m= 100. As can be seen from 

the chart, the probability distribution of the forecasted temperature follows a Gaussian distribution with 

a mean value = 1677.3 °C and normalized variance = 0.0517. The mean value represents the temperature 

output of the proposed model, which an error of only 3.09% compared to the benchmark temperature, 

indicating satisfactory accuracy. The normalized variance represents the dispersion degree of the 

predicted data from the mean, and the small value of 5.17% implies good convergence of the model. 
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(a) MC sampling number m=10 

 

(b) MC sampling number m=100 

 

(c) MC sampling number m=500 

Fig. 5. Curves of Cumulative Density Function for forecasted temperature values under various MC 

sampling number 
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Fig. 6. Curve of Probability Density Function for forecasted temperature values when m=100  

 

Apart from the convergence confirmation of point estimates in model, the uncertainty convergence of 

the spatial forecasting when m =100 is further investigated. Under the same benchmark scenarios, Fig. 

7 compares the forecasted result and uncertainty information under two independent MC samplings 

(m=100) performed. As can be demonstrated, the spatial distribution characteristics of the temperature 

at m=100 are highly similar for both sampled outputs. In terms of the uncertainty contour, the lower 

limit of visualization for temperature forecast (115°C) , i.e. T in Eq. (27), is selected as the uncertainty 

output for the model forecast. By comparing the spatial distribution characteristics beween forecasted 

temperature and uncertainty information, it can be clearly observed that higher uncertainty values are 

present at the edges of the forecasted flame. Moreover, the uncertainty distributions obtained from two 

separate samples exhibit similarity, indicating the satisfactory forecast convergence and uncertainty 

inferences under this sampling size. We thereby consider m = 100 as the optimal hyperparameter, which 

can reduce the negative impact of uncertainty convergence on the real-time output. 
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(a) Predicted uncertainty under 1st MC sampling 

 

(b) Predicted uncertainty under 2nd MC sampling 

Fig. 7. Comparisons of 2 groups of forecast result (m=100) 

 

4.3. Sensitivity analysis of dropout probability p 

Once the MC sampling number is determined to assure the convergence and accuracy of the proposed 

model, the practical value of forecasting uncertainty is subsequently discussed to aids in future 

emergency decision-making. In this part, the uncertainty inferences obtained from different dropout 

probability p will be analyzed. 

 

 

(a) Dropout probability 𝑝=0.1 

 

(b) Dropout probability 𝑝=0.2 

https://doi.org/10.1016/j.oceaneng.2023.116658
https://doi.org/10.1016/j.oceaneng.2023.116658
https://doi.org/10.1016/j.oceaneng.2023.116658


W. Xie, X. Zhang, J. Shi, X. Huang, Y. Chang, A. Usmani, F. Xiao, G. Chen (2024) Real-time spatiotemporal forecast of natural gas jet fire from 

offshore platform by using deep probability learning, Ocean Engineering, 116658. https://doi.org/10.1016/j.oceaneng.2023.116658   

17 
 

 

(c) Dropout probability 𝑝=0.3 

 

(d) Dropout probability 𝑝=0.4 

 

(e) Dropout probability 𝑝=0.5 

Fig. 8. Comparisons of forecasted temperature distribution and corresponding uncertainty inference 

of boundary under various dropout probability 

 

Fig. 8 illustrates the comparisons of forecasted temperature distribution and the corresponding 

uncertainty inference of boundary under various dropout probability p. The graph demonstrates that the 

forecasted temperature, at different p values, almost correspond well to the spatial distribution features 

of the temperature in the benchmark dataset. However, as the p increases from 0.1 to 0.5, the forecasted 

uncertainty L of fire jet height initially decreases and then increases. Staring from p =0.2, the model 

predicts an increasing height of the flame jet. And the uncertainty evaluation for the end area of the 

flame becomes increasingly divergent and distorted with p increasing, which can be observed especially 

in Fig. 8 (d) and (e). Furthermore, by comparing the L values under different p values, it can be 
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demonstrated that the forecasted uncertainty for fire jet height is 86.92 m when p=0.1, which is most 

approximate to that of 86.58 m in Fig. 4. Based on these observations, p = 0.1 is determined as the ideal 

hyperparameter to guarantee the competitiveness of Hybrid-VB-ConvSTnn model in terms of 

prediction accuracy and uncertainty convergence. 

5. Validation and comparison 

The proposed Hybrid-VB-ConvSTnn model can be constructed once the structure and hyperparameters 

of the neural network are determined. By comparing with other models based on the benchmark test 

dataset, the applicability to offshore platform jet fire high-fidelity forecasting is analysed in term of 

spatio-temporal evolution. Table. 4 presents the comparative analysis of performance among the 

proposed Hybrid-VB-ConvSTnn, point-estimation based model and benchmark CFD data. The point-

estimation based model differs from the proposed Hybrid-VB-ConvSTnn model in that there is no 

variational Bayesian inference in backbone. Therefore, the outcome from point-estimation based model 

is deterministic and there will be no variation for the same input. The accuracy of the models can be 

measured by the correlation coefficient R2, which is calculated by Eq. (17).  

𝑅2(𝑋𝑏𝑒𝑛, 𝑋𝑓𝑜𝑟𝑒) =
𝐶𝑜𝑣(𝑋𝑏𝑒𝑛 , 𝑋𝑓𝑜𝑟𝑒)

√𝑉𝑎𝑟[𝑋𝑏𝑒𝑛]𝑉𝑎𝑟[𝑋𝑓𝑜𝑟𝑒]
 (17) 

where Xben represents the benchmark temperature data in CFD simulation and Xfore is the forecasted 

temperature data by averaging multiple MC samples. Cov(*) demonstrates the covariance while Var[*] 

demonstrates the variance. Additionally, the inference time, which serves as the criterion of real-time 

capability, is obtained by averaging the output time for each scenario.  

 

It is evident form Table. 4 that Hybrid-VB-ConvSTnn model achieves a higher correlation coefficient 

R2 of 98.2% than that of point-estimation based model. Hybrid-VB-ConvSTnn model with higher 

accuracy incurs a more expense in terms of inferencing time. The average time for the Hybrid-VB-

ConvSTnn model output forecast is 0.83 s, whereas the point-estimation based model requires 0.27 s. 

Such a delay is due to the multiple sampling that Hybrid-VB-ConvSTnn required to calculate the 

uncertainty. However, it is noteworthy that the proposed model is significantly faster than the CFD 

model by several orders of magnitude. The real-time inference speed of Hybrid-VB-ConvSTnn is 

maintained at less than 1 s, which enables spatio-temporal forecasting of fire development in advance.  

 

Table. 4 Comparison of forecasting performance among different models 

Model R2 Inference time 

Hybrid-VB-ConvSTnn model 98.2% 0.83 s 

Point-estimation mode 97.9% 0.27 s 

CFD model Benchmark test dataset 6 hr 
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Fig. 10 demonstrates the comparison among the three models for the temperature values at the position 

(65, 50) from 6 s to 10 s. Meanwhile, the Hybrid-VB-ConvSTnn model provides the uncertainty interval 

for prediction based on uncertainty inference. As shown in Fig. 10, Hybrid-VB-ConvSTnn model and 

the point-estimation model can forecast the development rule in flame temperature over the following 

5 seconds. However, when comparing the forecast specific values for the same points, it is apparent that 

the forecasting error of our proposed model is generally equal to or lower than that of the point-

estimation model. Moreover, due to the application of variational Bayesian inference, Hybrid-VB-

ConvSTnn model can provide a range of forecast uncertainty, which represents the range of 

temperatures possible at this point. This additional uncertainty interval enables a more comprehensive 

forecasting for the spatiotemporal evolution patterns of jet fires. The comparison at 9 s in Fig (a) and 

(b) fully demonstrate the application value of the uncertainty inference. It can be observed that the 

point-estimation model is too 'overconfident' to avoid error when deficiency exist. However, the 

uncertainty interval can compensate for this drawback by encompassing the actual temperature within 

the model's prediction interval. Therefore, in terms of single-point forecast, our proposed approach can 

generate more robust prediction for the spatiotemporal evolution of jet fires compared to traditional 

point estimation models. 

 

 

(a) Scenario under leak rate = 20 kg/s and wind speed = 12 m/s  
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(b) Scenario under leak rate = 45 kg/s and wind speed = 18 m/s 

Fig. 3. Comparison of the temperature values from 6 s to 10 s between Hybrid-VB-ConvSTnn with 

uncertainty and point-estimation model 

 

Selecting the fire development scenario under 35 kg/s leak rate and 2 m/s wind speed as the example, 

the comparison of temperature spatiotemporal evolution between the model forecasted values with 

uncertainty and benchmark CFD data is conducted in Fig. 11. The benchmark temperature shows the 

spatiotemporal evolution of the jet fire from 6 s to the 10 s. As can be seen, the jet fire experiences 

obstruction at a height of approximately 78m due to the top derrick, leading to irregular spreading along 

the horizontal direction. Subsequently, the flame converges again and propagates upwards due to the 

momentum provided by the constant jet fire. The temperature comparison between the benchmark data 

and forecasted value shows that the deep learning-based model have the strong ability to learn and 

forecast such evolutionary features over time. In addition to the temporal characteristics, the similar 

isotherm shapes shows that the proposed model can effectively forecast the majority characteristics of 

spatial distribution of flame. Nevertheless, when it comes to identifying the boundaries of high-

temperature regions of the flame, the temperature contours may not provide precise and reliable forecast 

information. In cases where the temperature region forecasted by the model does not closely align with 

the actual region, the additional uncertainty contours can serve as a crucial reference for determining 

the boundary of temperature region. Specifically, the proposed model accurately forecasts the high 

temperature boundary near the fire source, resulting in low uncertainty values and narrow uncertainty 

contour in this range.  
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For example, the presence of the derrick causes a considerable variation at the flame's end. While the 

proposed model can forecast the flame variation trend, however, it cannot accurately determine the 

exact distribution of high temperature regions, such as Area A and Area B when t = 6 s and t = 7 s. Since 

the deep learning-based model struggles to accurately forecast such regions, there is an inevitable high 

uncertainty of forecasting in these regions. The comparison between the uncertainty contours and the 

benchmark high temperature region reveals significant overlap. This suggests that regions outside the 

uncertainty contours are unlikely to have high temperatures, while regions within the contours are more 

likely to experience high temperatures. The areas covered by the uncertainty contours indicate the 

likelihood of high temperature occurrence according to the model. Therefore, the proposed model could 

forecast the fire shape more reliably by utilizing the outer border of the uncertainty contour to determine 

the distribution of high temperature zones. And in contrast to the point-estimation model that ignores 

uncertainty, the provided Hybrid-VB-ConvSTnn model offers more reliable and conservative 

information on recognition about the jet fire high temperature region. 

 

The preceding analysis highlights that the additional uncertainty offered by the Hybrid-VB-ConvSTnn 

model can prevent negative impacts due to inaccurate forecasts at the boundary. Such additional 

information is an important support in the event of the fire on offshore platform. For instance, when 

examining the region in Area B at time t = 7.0 s, large uncertainty values indicate the presence of high 

temperature injuries. This observation aligns with the benchmark dataset. However, if the region were 

solely forecasted by the point-estimate deep learning model without this uncertainty information, 

emergency decision-makers would not be aware of the potential damage caused by high temperatures 

in advance. Such inaccurate predictions could significantly cloud subsequent decision-making and pose 

significant risks to firefighting. Unpredictable flames have the potential to cause structural damage, 

injuries, or even trigger chain accidents that result in extensive damage. Overall, the approach 

framework we proposed for jet fire spatiotemporal probabilistic forecast have the great application 

value for accident management and emergency decision-making. 
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Fig. 4. Temperature spatiotemporal evolution comparison between benchmark data and forecasted 

values with uncertainty(Scenario under leak rate = 35 kg/s, wind speed = 2 m/s) 

6. Conclusions 

For the risk management of jet fire accidents on offshore platform, this study proposed the approach 

framework for fire spatiotemporal consequence forecasting in real-time through the hybrid probabilistic 
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deep learning model, named Hybrid-VB-ConvSTnn model. The model's ability to capture both spatial 

and temporal dynamics, along with its quantification of uncertainty, contributes to more accurate and 

comprehensive predictions compared to traditional point-estimation models. The proposed approach 

framework consists of five steps: Data generation and processing, Deep learning model development, 

Loss function construction, Model parameters optimization, Validation and application. The main 

conclusions are as follows: 

(1) For the risk management of jet fire accidents on offshore platform, the proposed approach 

framework not only accurately forecasts the spatiotemporal evolution of jet fire, but also provides 

advance forecast of jet fire accidents consequence on offshore platform within a short inference 

time. 

(2) For more reliable support of fire emergency management on offshore platforms, the developed 

hybrid model can quantify the uncertainty of consequence forecast by leveraging the probability 

density of the Bernoulli distribution. This approach enhances the robustness and accuracy for risk 

management compared to point-estimation based models, particularly in flame boundary forecast. 

(3) Sensitivity analysis is performed to guarantee the application value of uncertainty while modelling 

accurately output the forecast results in the real-time. The representative hyperparameters MC 

sampling number m and dropout probability p are separately identified as m=100 and p=0.1 through 

the local optimisation.  

 

In the future, certain efforts could be supplemented to further enhance the performance of fire 

emergency management systems for offshore platforms under the proposde framework.  

(1) More comprehensive dataset of offshore platform jet fire incidents that accounts for multi-hazard 

scenarios and impact factors could be constructed, which can improve the generalisation capability 

and support the transfer application for accident emergency management.  

(2) Further integration of IoT-based sensing of environmental information is required for the proposed 

framework in order to advance the deployment on realistic ocean platforms.  

(3) Based on the hyperparameter sensitivity analysis, investigations that consider more variables and 

interactions between hyperparameters will hopefully further improve the predictive accuracy and 

robustness of the model. 
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