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Optimizing offshore pipeline routes is a challenging problem, especially in environments with significant 
uncertainty, where site characterization data is limited. Current approaches in offshore pipeline design and
optimization typically involves three stages: identifying the components of relevant geohazards, creating 
composite maps by pixel-per-pixel aggregation techniques of geohazards, and computing likely least-cost paths
between any two points of reference (i.e., origin and destination). Dijkstra’s algorithm remains the algorithm of 
choice in pipeline optimization as it is the default least-cost path determination implemented in most GIS software. 
However, such implementation can be computationally intensive for a large grid problem. Recently, Q-learning, a 
Reinforcement Learning (RL) method, was proposed to optimize subsea pipeline route design. Nonetheless, the 
current approaches assume that the ‘cost’ map that is used as the foundation for the optimization algorithm is 
fixed. This study proposes the modelling of pipeline routing based on a physics-based model (i.e., infinite slope 
model), the Bayesian paradigm, and the use of Policy Iteration. This results in a dynamic programming algorithm 
which uses a probability of failure field as a prior, and then optimizes any pipeline routing given a designated 
origin and destination positions. Preliminary results indicate that the optimized model consistently identifies the 
most optimal path between the given origin and destination positions, and that the training procedure is more 
computationally efficient than other competing algorithms.
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1. Introduction
Comprehensive risk assessment for offshore infrastructure development is necessary as billions of dollars of 
capital is in jeopardy due to its likely impact of natural threats. The development of offshore pipelines is critical 
in maintaining a consistent supply of oil and gas. This proves to be challenging as advancement in offshore is 
riddled with uncertainty coming from geological, hydrological and even biological threats (Haneberg 2015),
which increase the potential costs due to these likely impacts during construction and operation. Comprehensive 
planning on pipeline routing considers both optimization on the pipeline installation, and the total distance from 
one point to interest to another (i.e. origin and destination), among other constraints that are intrinsic to the 
design and operation of pipeline’s systems.

Pipeline routing is typically framed as an optimization problem, where the goal is to determine the most 
efficient path across a given ‘cost’ surface between its origin and destination. The cost surface is generally 
constructed by integrating multiple feature maps into a composite cost map (Haneberg, 2015; Devine et al., 
2016; Devine and Haneberg, 2016). Despite the significant uncertainty associated with offshore features, most 
composite cost maps are deterministic in nature. Moreover, these composite geo-cost maps rely on a singular 
weighted index to represent features (e.g., slope) and potential hazards. A key limitation of this approach is that 
the index is not directly linked to a physical model describing submarine landslide vulnerability (or fragility),
which is known to be one of the most unpredictable risk components. Consequently, the inherent 
unpredictability of submarine landslides underscores the importance of incorporating uncertainty into pipeline 
route optimization.

Most GIS-based software incorporates least-cost path optimization algorithms rooted in Dijkstra’s algorithm 
(ESRI, 2024). While Dijkstra’s algorithm is effective for identifying optimal routes between any given two 
points, it can be computationally intensive for large-scale systems and is not well-suited for simulating multiple 
realizations of potential optimal routes. In contrast, recent advancements have utilized Reinforcement Learning 
to address engineering challenges, including optimal control (Diveev et al., 2023), mechanical and structural 
design (Brown et al., 2022; Yang et al., 2022), and offshore pipeline route optimization (Bhowmik, 2021).

A comprehensive methodology for conducting Bayesian inference on the parameters of a physical model to 
derive their posterior distributions in a remote offshore setting, was introduced in previous research by Varela et 
al.(2025) and Das et al. (2019). This approach was later extended to map the probability of failure (PoF) derived 
from the posterior distributions by Alvarado-Franco (2023). In this study, the joint posterior distribution, 
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representing the PoF of the remote offshore location was used to generate an ensemble of PoF maps and identify 
optimal pipeline routes for each map using Policy Iteration (Sutton & Barto, 2018). Preliminary results of the 
pipeline routing are presented in this paper, demonstrating that the proposed approach is computationally more 
efficient than current least-cost path routing methods.

2. Methodology

2.1. Joint Posterior Distribution
Varela et al. (2025), Das et al. (2019), and Alvarado-Franco et al. (2023) integrated probabilistic calibration of 
the infinite block model using Markov Chain Monte Carlo (MCMC), to prove the use of randomly sampled 
observations of geotechnical slope stability design parameters and retrieved posterior distribution of each design 
parameter (i.e.,  , , , , ). They showed as well that the posterior distribution of the infinite block 
model dynamically adjusts depending on the set of observations. Through multiple calibrations with varying 
observation sets, the probability of failure for a given slope angle can be computed through Monte Carlo 
sampling.

In this study, soil sediments between depths of 0 to 5 meters areassumed to belong to the same statistical 
populations, and as a result pipeline optimization does not account for depth as a factor. Although Varela et al. 
(2025) proposed a probabilistic calibration of the infinite slope model by dividing the soil depth into 1-meter 
subsets, this approach lies outside the scope of this paper. The specific geographical and geological 
characteristics of the offshore location remain undisclosed but further discussion can be found in previous 
research (Varela et al., 2025). Figure 1 highlights the specific point of interest from the entire map used for the 
probabilistic of the slope model calibration. The specific point was selected due to its topographical features that 
shows two peaks, a distinguishable valley and part of a linear fault.

Figure 1. Offshore topography used in this study and the specific area of interest.

Figure 2a depicts the raw joint posterior distribution of a slope angle and its corresponding probability of failure, 
while Figure 2b presents the associated beta distribution-fitted probability density function (PDF). The 
distribution's shape reflects the behavior of the infinite slope model: the probability of failure (PoF) increases 
monotonically up to a threshold slope angle and then decreases as the slope becomes steeper beyond the 
threshold. Further details and analysis of this phenomenon are provided in prior work by Varela et al. (2025),
Das (2019) and Alvarado-Franco (2023).
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(a) (b)

Figure 2. Joint posterior distribution of slope angle and probability of failure retrieved from probabilistic calibration (a) raw 
surface and (b) smoothened surface.

2.2. Policy Iteration
Pipeline routing on a gridded surface can be reformulated as a Markov Decision Process (MDP) problem (Chen 
et al., 2023). MDP is a mathematical framework to model decision-making under uncertain events,and is 
defined by the variables States ( ), Actions ( ), Transition Probability ( ( | , )), Reward ( ( , )) and 
Discount Factor ( ). The overall goal of MDP is to find an optimal policy that maximizes the cumulative 
expected reward (or minimizes cumulative PoF) and the cumulative reward can be expressed as

= =0 + (1)

Policy Iteration, pioneered by Howard (1960), seeks for (i.e., the best policy) by alternating between policy 
evaluation and improvement until convergence to optimality. For a given policy , the state-value function 
( ) satisfies the Bellman equation (Sutton & Barto, 2018) below:

( ) = , ( ) [ ( , ( ), ) + ( )] (2)

Eq. 2 is computed during the policy evaluation and can be reduced to linear system of equations to accelerate 
convergence. The policy iteration algorithm is given below:

Algorithm 1: Policy Iteration

For every iteration less than training steps

Do Policy Evaluation: Solve ( ) = for 

Do Policy Improvement: ( ) argmax ( | , ) [ ( , , ) + ( )]

If policy stops changing, terminate process

In policy iteration, plays a critical factor in the importance of long-term future awards. For a large-grid 
surface, using a high value of emphasizes long-term rewards to ensure convergence and reaches the terminal 
point. For this case study, a value of 0.99 was considered to account for long-term rewards for a large grid 
problem. For this study, the reward is PoF for each pixel.

3. Results
Monte Carlo sampling from the joint posterior distribution was performed to generate multiple realizations of 
the ‘cost surface’ or probability of failure maps(PoF), which were subsequently used for policy iteration. The 
starting and terminal points were set hypothetically located at the northwesternmost and southeasternmost points 
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of the map, respectively. To illustrate the applicability of the proposed methodology, a total of 100 PoF map 
realizations were sampled, with the raw optimized paths shown in Figure 3a. Figure 3b illustrates the smoothed 
pipeline routes, accounting for maximum curvature limits imposed by pipe geometry, material constraints, and 
geological factors. Smoothing was achieved by applying a univariate spline to each pipeline route realization.

The optimization process aimed to minimize the PoF along the shortest path from the starting to the ending 
point. The distribution of the cumulative PoF along the optimized paths is presented in Figure 4which shows a
right-skeweddistribution. This can serve to assess the degree of confidence in risk assessment and decision 
making when defining the pipeline route. While most of the summed PoF are clustered around lower values 
(i.e., 76 to 79), the tail on the right of this distributionsuggests presence of a few realizations that lead to 
significantly higher values of summed PoF.

(a) (b)

Figure 3. Topographical map with (a) raw optimized pipeline route and (b) smoothed pipeline route.

(a) (b)

Figure 4. Summed PoF distribution (a) relative frequency histogram and (b) empirical cumulative distribution function. 

4. Conclusion
This study presents preliminary results of a probabilisticreinforcement learning (RL)-based offshore pipeline 
optimization methodology. For a comprehensive risk assessment in pipeline routing, additional geological, 
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economic, and environmental factors can be integrated into a composite cost map, as outlined in previous works 
(Hanneberg, 2015; Makrakis et al., 2020). Policy iteration optimization remains applicable for any cost map 
configuration. Future implementation can integrate other relevant factors to compute a composite reward.

The area of interest was selected to minimize computational costs and facilitate the creation ofmultiple 
optimized routes.A notable challenge encountered in this study was scaling the grid size for optimization over 
larger surfaces. Although faster than the least-cost approach, policy iteration faces convergence issues when 
applied to excessively large grids. Future work will explore alternative Reinforcement Learning techniques to 
handle larger grids effectively while incorporating feasible pipeline geometry and material constraints to 
enhance the smoothing criteria (Lucena et al., 2014). Additionally, implementing the Bayesian framework to 
produce joint posterior distributions for each discrete depth, as previously proposed (Varela et al., 2025), could 
enable the integration of depth considerations into the pipeline routing optimization process.
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