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Abstract 

This paper presents an innovative digital twin for dynamically positioned vessels, created using advanced 
machine learning techniques and trained with simulations from a robust physics-based model and metocean 
hindcast data. This digital twin enhances operational support for DP operations by predicting crucial 
response parameters such as thruster loads, vessel 6 DOF motions, but can be expanded to cover special 
equipment such as gangway dynamics or riser responses. 

The core of this innovation lies in physics-informed neural networks, trained with second-order time 
domain simulations incorporating environmental factors such as waves, wind, and current, along with a 
dynamic positioning control system model. The paper highlights the importance of this approach for 
accuracy and digital twin development costs. 

Validation shows promising alignment between predicted and observed vessel motions and thruster 
utilization during drilling campaigns, with discrepancies within expected machine learning model 
uncertainty. The paper discusses ways to enhance model accuracy further. 

This digital twin represents a significant advancement in offshore rig operations, improving safety, 
efficiency, and decision-making. Its predictive capabilities allow crews to anticipate and mitigate risks more 
effectively and allows optimization to reduce both fuel costs and downtime. 

Abbreviation / Definition  

DP – Dynamic Positioning 
DOF – Degrees of Freedom 
RAO – Response Amplitude Operator 
PINN – Physics Informed Neural Network 
MSL – Mean Sea Level 
OIM – Offshore Installation Manager 
WSOG – Well Specific Operating Guidelines 

Introduction 

Marine drilling operations are costly and can potentially carry major risks. Deepwater drillships have 
average day rates around $279,000 USD as of the third quarter of 2023 (Spencer, 2023) and typically carry 
a crew of over 100 members. Ensuring smooth, safe, and efficient drilling operations is critical not only 
economically but for the safety of the crew and the environment. One critical part of drilling operations is 
maintaining the drillship on location (station keeping) for up to several months and making sure vessel 
motions do not exceed set safety limits. This task is accomplished using the vessel’s positioning system 
which could be thruster assisted dynamic positioning, moorings, or a combination of both. 
 
Traditionally, station keeping performance has been assessed through engineering analysis. The analysis 
can range from simple quasi-static analysis of loads to more complex time-domain simulations. However, 
the applicability of traditional analysis often suffers since many assumptions adopted for analysis purposes, 
such as co-linear weather, do not reflect what is occurring in real time (DNV GL 2016). Additionally, 
engineering software used to perform analysis come with licensing fees, manual execution, extended run 
times, and significant post-processing to generate results.  
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This paper proposes an alternative method for assessing station keeping performance, a machine learning 
based vessel digital twin generated using engineering analysis results, capable of predicting vessel motions 
and thruster utilization for any given forecasted environment in near real time. The modeling approach 
outlined creates a performant digital twin even in complex weather scenarios while minimizing 
development time. Validation is done against recorded data from a rig as well as against simulation data. 
Finally, an overview of the operational benefits of using the digital twin is presented. 

Traditional Physics-Based Vessel Model 

A physics-based model of the vessel is used to train the machine learning based digital twin. As such, the 
accuracy of the physics-based model is critical to the success of the digital twin. The model is built using 
vessel specific hydrodynamic data, mass data, and thruster control software. Hydrodynamic data includes 
important information such as wave force RAOs, wave drift RAOs, and wind/current coefficients. The 
thruster control software is extracted from the actual vessel to ensure the same settings are being used in 
the model. The model is used to execute time-domain simulations, which include second-order effects, from 
which prediction targets (6 DOF motions, thruster utilization, etc.) are extracted. This analysis method 
offers significant advantages over frequency domain analysis or displacement RAO based analysis, as those 
methods are not able to properly estimate thruster utilization and vessel offsets. As shown in Fig. 1, four 
environment components are typically considered: wind waves, swell waves, wind, and current. To train a 
machine learning model, capable of predicting in any given weather condition the environmental 
parameters are varied over thousands of simulations. 
 

 
Fig. 1— Directionally independent environmental components and the 6-DOFs considered in a time 

domain physics-based model. 

Physics-Informed Neural Network (PINN) Architecture 

The adopted architecture for machine learning is a physics-informed neural network (PINN), Fig. 2 shows 
the flow of data from inputs to outputs using this architecture. In this context, hydrodynamic data specific 
to the vessel is utilized to compute anticipated loads for each degree of freedom. This choice of model 
architecture offers several advantages. By integrating vessel-specific hydrodynamic data, the digital twin 
becomes firmly grounded in the underlying physical phenomena, which are generally well-understood. 
Furthermore, the architecture facilitates the comprehension and assessment of the environment by enabling 
the compilation of individual loads into an overall load acting on the vessel. Ultimately, the analysis of 
resultant loads on the vessel provides a means to directly compare various environmental load cases in 
relation to the vessel's response. This capability to compare load cases opens avenues for optimizing the 
training matrix, allowing for the selection of distinct cases that contribute to the refinement of the model. 
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Fig. 2— Physics-informed neural network (PINN) architecture for a vessel response machine learning 

model. Physics-based Calculations are performed upfront before feeding into the neural network. 

Calculating the Loads 

Vessel environmental loads may be split into two types: mean (static) loads and dynamic (time varying) 
loads. For example, a wind blowing from north on the vessel will have an average force over time on the 
vessel even though that force may vary over time. The vessel response parameters we are interested in 
depend on both the mean and dynamic loads. We can employ ocean engineering concepts to calculate the 
mean loads and describe the dynamic loads using response spectra for each degree of freedom of the vessel 
(Hughes and Park 2010). 
 
Each environment components have an associated mean load. These may be calculated using the following 
equations: 

 

𝑤𝑖𝑛𝑑௠௘௔௡ ௟௢௔ௗ = 𝐶௪௜௡ௗ(𝜃)𝑈ଵ଴
ଶ (1) 

 

𝑤𝑎𝑣𝑒௠௘௔௡ ௟௢௔ௗ = 2 න 𝑆క(𝜔)𝐶௪௔௩௘ ௗ௥௜௙௧(𝜃, 𝜔) 𝑑𝜔 (2) 

 

𝑐𝑢𝑟𝑟𝑒𝑛𝑡௠௘௔௡ ௟௢௔ௗ = 𝐶௖௨௥௥௘௡௧(𝜃)𝑈௖௨௥௥
ଶ (3) 

 

𝑇𝑜𝑡𝑎𝑙௠௘௔௡ ௟௢௔ௗ =  𝑤𝑖𝑛𝑑௠௘௔௡ ௟௢௔ௗ +  𝑤𝑎𝑣𝑒௠௘௔௡ ௟௢௔ௗ +  𝑐𝑢𝑟𝑟𝑒𝑛𝑡௠௘௔௡ ௟௢௔ௗ (4) 

 

𝐶௪௜௡ௗ(𝜃) − Vessel wind coefficient in direction 𝜃 

𝑈ଵ଴ − Average 1-hour wind speed at 10 meters above MSL 

𝑆క(𝜔) − Wave spectrum in angular frequency 𝜔 

𝐶௪௔௩௘ ௗ௥௜௙௧(𝜃, 𝜔) − Vessel wave drift RAO in direction 𝜃 

𝐶௖௨௥௥௘௡௧(𝜃) − Vessel current coefficient in direction 𝜃 

𝑈௖௨௥௥ − Surface current speed 
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Dynamic loads are defined in the simulation model for both wind and waves; current is only defined a static 
load. Since the model is a time domain simulation it varies the wave elevations and wind speed and 
calculates the corresponding loads at every time step. To understand what the dynamics of the simulation 
look like we may perform frequency domain analysis to calculate vessel response spectrums. 
 

𝑆ௐ௔௩௘ ோ௘௦௣௢௡௦௘(𝜔) =  𝑆క(𝜔)|𝐻(𝜃, 𝜔)|ଶ (5) 

 

𝑆ௐ௜௡ௗ ோ௘௦௣௢௡௦௘(𝜔) =  𝑆ఛ(𝜔)(2𝑈ଵ଴)ଶ𝐶௪௜௡ௗ(𝜃)ଶ (6) 

 

𝐻(𝜃, 𝜔) − Vessel first order wave RAO in direction 𝜃 

𝑆ఛ(𝜔) − Wind spectrum in angular frequency 𝜔 

Optimizing The Training Matrix 

The optimal training matrix should span the environmental parameter space up to the vessel's station-
keeping capacity while minimizing the number of necessary load cases. Given the computational expense 
and prolonged execution times associated with time domain simulations, it is important to maintain a 
manageable number of cases. An excessive number of cases could significantly extend the development 
time of the digital twin. While resultant loads facilitate the comparison across different environment load 
cases, a systematic algorithm is needed for case selection. To address this requirement, a similarity metric 
incorporating cosine similarity and Euclidean distance was implemented. 
 
The cosine similarity is given by: 
 

𝑐(𝑎, 𝑏) =  
𝑎 ∙ 𝑏

‖𝑎‖‖𝑏‖
(7) 

 
It is defined from -1 to 1, however since we have taken absolute values during normalization, we may 
expect the values to remain from 0 to 1 instead. The Euclidian distance between points 𝑎 and 𝑏 in 𝑛-space 
is given by: 
 

𝑑(𝑎, 𝑏) = ඩ෍(𝑎௜ − 𝑏௜)ଶ

௡

௜ୀଵ

(8) 

 
Next, we transform the Euclidian distance into an analogous metric to the cosine similarity, note the scaling 
by √𝑛 to keep the metric between 0 and 1 (since 𝑛 space has been normalized from 0 to 1 previously). 
 

𝑑𝑚(𝑎, 𝑏) = 1 −  
𝑑(𝑎, 𝑏)

√𝑛
(9) 

 
Then the similarity metric is given by: 
 

𝑠𝑚(𝑎, 𝑏) = 𝑑𝑚(𝑎, 𝑏) ∗ 𝑐(𝑎, 𝑏) (10)  
These metrics are used to identify if two sets of features are similar or not. For example, the Euclidian 
distance will be low if two vectors are close in magnitude and direction. However, the downside to the 
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Euclidian distance is that at low magnitudes the distance will be low regardless of direction. This is 
mitigated to some extent by combining the measure with the cosine similarity. The cosine similarity will 
be high if two vectors are close in direction regardless of their magnitudes. For the specific problem we are 
working, vessel responses, it is desired to some extent that the similarities at low loads stay high since the 
response will likely also be low. Fig. 3 visualizes these ideas for a 2-dimensional case. 

 
Fig. 3—Similarity metric results for different vector combinations, illustrating the benefit of combining both metrics. 
 
To finalize the training matrix, we must: 

 iterate through each case,  
 calculate the similarity between that case and the rest,  
 drop similar cases within a certain similarity score threshold.  

 
The score threshold may be arbitrarily chosen with higher scores leading to a larger number of cases left. 
Otherwise, recursive iteration may also be implemented to achieve target number of cases. Fig. 4 shows 
the algorithm works well by showing one low and one high threshold results and by comparison to a k-
means clustering done on the same data. The results are shown in a 2-D plane by using principal component 
analysis to transform the data set into it’s first two principal components. The similarity score approach 
selects cases spread out over the entire feature space of 14M cases. 
 

 
Fig. 4—Load case distribution over first two principal components using two different approaches: K-
Means clustering and similarity score approach. The similarity score approach achieves better coverage 
over the parameter space. 
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Model Outputs 

The outputs from the digital twin are flexible and customizable, any parameter may be extracted from the 
time domain simulations and included as part of the target matrix during training. This feature extends to 
any special equipment that can be modelled such as risers or gangways. Table 1 presents the model output 
parameters for the vessel discussed in this paper. 
 

Parameter Description 
Surge Max three-hour surge (m) 
Sway Max three-hour sway (m) 
Heave Max three-hour heave (amplitude) (m) 
Roll Max three-hour dynamic roll (amplitude) (deg) 
Pitch Max three-hour dynamic pitch (amplitude) (deg) 
Yaw Max three-hour yaw (amplitude) (deg) 
Offset Max three-hour offset (m) 
Heave Velocity Max three-hour heave velocity (m/s) 
MaxThrUtilInst Max three-hour instantaneous thruster force utilization (0 to 1) 
MaxThrUtil3min Max three-hour thruster force utilization (3-min. averaged, 0 to 1) 

Table 1—Digital twin forecast outputs. 
 

A notable feature of the digital twin’s machine learning model architecture is its ability to present 
uncertainty bands, alongside the expected values, for each output. These bands are illustrated as light blue 
lines in Figures 9 and 11. Treating the ocean environment as a random stochastic process introduces 
inherent variability in vessel responses. To address this, a random seed is applied for each load case during 
simulation model runs, facilitating the capture and incorporation of such variability. It is important to 
highlight that, in addition to the inherent variability from the ocean environment, these uncertainty bands 
also encompass uncertainties inherent to the machine learning model. These model uncertainties are 
expected to increase, especially when predicting in environmental conditions at the boundaries of its 
training set. 

Discussion on Uncertainty 

Multiple sources contribute to uncertainty or variability in forecasting vessel responses: 
 

 Variability in environmental forecast parameters such as wind speeds and Significant Wave 
Heights. 

 Inherent variability in random stochastic processes related to the environment, where specific wave 
realizations lead to diverse outcomes. 

 Uncertainty in physics models, encompassing both vessel and environmental aspects. This involves 
questioning the validity of assumed wave spectrums and the accuracy of the vessel model. 

 Uncertainty inherent in the machine learning model. 
 Operational uncertainty, how onboard operations impact vessel responses. 
 

A valid criticism of the presented validation results in this paper is the use of a hindcast weather dataset 
instead of real forecast data. Hindcast datasets, often incorporating measured data, offer increased accuracy 
compared to forecasts. However, this paper primarily focuses on comprehending the performance of the 
machine learning model. Therefore, to minimize forecast uncertainty, the hindcast dataset was chosen, and 
load cases with stable operational settings were selected to mitigate operational uncertainty. Despite the 
importance of scenarios involving real forecast data, the decision was made to prioritize understanding the 
machine learning model’s performance in this study. 
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Application Description 

An application was developed for users to view and interact prediction results from the digital twin. The 
system was implemented on the rig, where it retrieves weather forecast data from a SQL database and reads 
the current setpoint heading from the DP system. The outcomes of the machine learning model are stored 
in the same SQL database, and they can be accessed and viewed through an interactive onboard dashboard 
as shown in Fig. 5.  
 

 
Fig 5—Trend view of forecasting results. Selecting individual points will display uncertainty bounds. 

 
The application emphasizes additional benefits of utilizing a machine learning based digital twin for station-
keeping assessment. Firstly, the speed of the machine learning model surpasses that of running three-hour 
time domain simulations. Secondly, machine learning packages can be more seamlessly integrated into 
backend software. These advantages enable the versatile use of machine learning in various applications. 
Within this specific application, users can edit all environmental settings through the interface as shown in 
Fig. 6. Any modifications to the environments will produce predictions that can be compared to the original 
values. This functionality allows the crew to examine the impact of slightly varied environments or even a 
different heading selection. 
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Fig 6—Editable input parameters allow for checking response under different conditions. For example, the impact 

of heading changes. 

Validation and Case Study 

The case study used for the validation of the proposed application was a drilling campaign conducted in the 
Norwegian Continental Shelf (NCS) at a water depth of approximately 1000 meters. The drilling operations 
were carried out utilizing a typical semi-submersible drilling rig, and the data collection spanned a period 
from late December to mid-January, capturing typical challenges associated with drilling operations during 
the winter months. 
 
Weather data for the wind and waves were obtained from the ERA5 global hindcast dataset by the ECMWF 
(Hersbach 2023). Surface current data was measured onboard via an acoustic doppler current profiler 
(ADCP). Fig. 7 shows the significant weather experienced over the validation period by the rig with wind 
waves and swell waves of around 6 meters and wind speeds of up to 20 meters per second. It is worth noting 
that these hindcast parameters were extracted for the closest model global grid point to the vessel; thus, 
actual weather conditions experienced by the vessel may have been slightly different. 
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Fig. 7—Significant winter weather conditions over validation period in Norwegian Continental Shelf. 

 
A total of 67 cases were chosen from the selected validation period for comparison against the machine 
learning prediction outputs. To make a fair comparison, each case was chosen so that the DP system was 
being operated with no thruster biasing and had constant setpoints for heading and location, the same 
conditions used during training simulation runs. For each of these 67 cases, the corresponding max three-
hour response values were extracted from the measured data. 
 
In Figures 8 and 9 it is shown that the machine learning results generally trend well with the measured 
data. Table 2 presents the machine learning forecast performance, using error metrics based on expected 
values. The table includes the root mean squared error and max absolute error. The machine learning model 
demonstrates performance comparable to the physics-based model, with the exception of thruster utilization 
which shows a clear trend of underprediction. Table 3 examines the error bands of the machine learning 
model, calculating the same metrics and indicating the percentages of measured data above or below the 
bounds. 
 

Parameter ML Expected Value - Measured Physics Model - Measured 
 RMSE MAXAE RMSE MAXAE 
Offset 1.2 m 4 m 1.5 m 3.94 m 
Thruster Util. 9 % 25% 3.2 % 12.29 % 
Heave 0.29 m 1.00 m 0.29 m 0.99 m 
Roll 0.77 deg 2.21 deg 0.82 deg 2.39 deg 
Pitch 0.59 deg 1.75 deg 0.49 deg 1.82 deg 

Table 2—Error metrics of expected values of ML predictions against measured data. RMSE is the root 
mean squared error and the MAXAE is the max absolute error. 
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Parameter ML - Measured 
 RMSE outside 

bounds 
MAXAE outside 
bounds 

% 
Overpredicting 

% 
Underpredicting 

Offset 0.33 m 2.92 m 13% 18% 
Thruster 
Util. 

4.22 % 20% 0% 54% 

Heave 0.08 m 0.82 m 7% 18% 
Roll 0.31 deg 1.38 deg 10% 37% 
Pitch 0.27 deg 1.29 deg 12% 40% 
Table 3—Error metrics of bounds of ML predictions against measured data. Percentages are shown for 

the proportion of cases which are overpredicted or underpredicted. 
 
Although the predictions for vessel motions achieved a good match, when comparing the forecasted thruster 
load to the actual measured thruster load, we could see a consistent underprediction as evidenced in Table 
2. Given the significance of this predicted parameter for diverse energy management decisions aimed at 
emission reduction, we investigated deeper into this discrepancy to understand the source. 
 
It was discovered that the machine learning model's forecast, based on the physical model of the vessel 
alone, neglects the impact of deep ocean currents on the riser connected to the vessel. Given the substantial 
influence of the ocean current through the water column, the horizontal force exerted by the riser on the 
vessel was non-negligible, contributing to the underprediction in the forecast model. A method to quantify 
the riser force on the vessel involved extracting the DP residual force, encompassing all unknown forces 
resisted by the thrusters. This force was discounted by the mean wave drift forces and current forces acting 
on the hull, which were already incorporated into the machine learning predictions. Once the horizontal 
riser force was estimated, it was added to the forecasted thruster force. 
 
To validate this approach, physical model simulations were conducted again, incorporating the measured 
"horizontal riser force" time series, calculated as described above. The results, presented in Fig. 11, show 
an improved correlation with the measured thruster forces in terms of mean and max thruster forces. The 
integration of the "horizontal riser force" into the prediction module will be discussed in the conclusion and 
forward-looking section of the paper. 
 
Although the model’s performance on heave motion is quite good. There are a few peaks in the heave 
response which are not captured by the machine learning results. The most probable cause was determined 
to be incorrect wave parameters coming in from the hindcast data. Heave can be sensitive to slight changes 
in wave periods. This explanation is further reinforced by looking at the physics model results where we 
see similar underprediction of the heave response. 
 
Offset, roll, and pitch performance all show larger spread with increasing offset and evidently more severe 
loads scenarios. This is expected behavior to some extent for the offset as it is highly dependent on specific 
wave trains, with more severe sea states leading to higher spread of possible outcomes. Other possible 
differences could be DP gain settings, number of thrusters online, and wave parameters. However, as seen 
in Table 2, the error metrics are quite similar between the machine learning model and the physics model. 
Roll and pitch motions are difficult to decouple from onboard rig operations and may also be affected by 
the riser string.  
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Fig. 8—Predicted against measured values. 
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Fig. 9—Machine learning model results trending well against measured data. 
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Fig. 10—Physics-based model results showing similar performance as the machine learning against 

measured data. 
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Benefits 

Operating in harsh weather conditions, situation awareness, operational evaluations and performance of the 
station keeping system is paramount to execute the ongoing well operation and plan the upcoming well 
operations in a safe and efficient manner. The motion prediction tool is an enabler to provide this 
functionality, increasing the safety and performance of the operations and provides an efficient tool for 
planning the operations for both offshore and onshore personnel. The motion prediction module is running 
locally on the vessel, enabling fast and direct access for operational evaluations and guidance. The latest 
weather forecast is continuously uploaded into the motion prediction module function, providing an updated 
station keeping performance forecast available for the crew at all times. In addition to forecasted weather, 
manual entry of sea state conditions is also possible. This opens for adjusting the significant wave heights 
(Hs) and wave peak periods (Tp) for any local variations from the forecasted weather, based on observations 
such as from a wave radar. Sensitivity for uncertainty in forecasted weather can thus quickly be calculated 
to an operational consequence, useful for planning the next well activity.   
 
The motion prediction software effectively represent a digital twin of the drilling unit, improving the 
decision-making process for the operational personnel. Unlike traditional response forecast alternatives, the 
motion prediction tool includes 2nd order motions including effects of the thruster and DP system. The surge 
motion is forecasted with good confidence as well as expected thruster loads and further pitch and roll 
motions including thruster induced effects providing a more accurate response forecast. The data from the 
motion prediction tool can be made available for other digital tools, typical usage areas are:  
 

 Optimal heading prediction  
 Power configuration planning to optimize fuel consumption  
 Operational time planners to include weather windows in planning phase  
 Planned maintenance scheduling during non-operational weather conditions  
 Input to an electronic Well Specific Operating Guidelines (eWSOG) system  

 
By running several rig headings in the motion prediction tool, the heading giving the lowest thruster load 
and acceptable offset level can be found. Further predicted thruster loads can be used to evaluate the optimal 
number of generators to be used before the power management system automatically starts up generators 
to cover for power shortage.   
 
Time instances where forecasted offset exceeds the acceptable level for the drilling operation can be 
detected and included in the drilling plans. This allows for scheduling critical maintenance on drilling 
equipment in due time before the actual weather conditions are experienced and the drilling operations are 
stopped.  
 
Today’s industry practice for drilling operations using dynamic positioning is to utilize a WSOG. This 
guideline is normally a paper based instruction to the DP operators setting rules and limits for when the 
system is in a healthy condition and when it's not. Lately, this system is more and more moved over to 
digital frameworks enabling the use of sensor data to guide on system status (Russo 2019). Typical limits 
include maximum power usage, thruster loading and offset for well or target position. The DP system 
typically calculates these values using live sensor data fed into a consequence calculator which runs in real 
time on the rig. The weather conditions are stochastic parameters and the consequence calculator uses the 
data already experienced, not the data which can be expected based on a statistical distribution. Therefore, 
the consequence calculator has no forward looking capabilities and as a result safety margins are added as 
a mitigation. The level of such safety margins has little correlation with established weather statistics. By 
using the motion prediction tool, the forecasted and measured weather conditions can be used to calculate 
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the maximum expected effects of the experienced weather conditions at the desired confidence level. This 
means that expected effects of the weather can be communicated to the operational personnel in a format 
including statistical uncertainty which significantly improves the operators possibility to make more 
informed decisions.  
 
When introducing new tools for operational guidance on a drilling rig it is important to build confidence 
for the operator that the tools are actually predicting accurately not only for the normal situations, but also 
under less common weather conditions. A blind test with an Offshore Installation Manager (OIM) was 
conducted where the OIM referred to an unexpected rig response and the metocean condition of this event 
was recreated in the prediction tool. The prediction tool did indeed predict the same unexpectedly large 
offset as recorded during this event. Even though a blind test like this has no real statistical value, such 
cases help improve the operators confidence in the tools. The event in question was on the Statfjord field 
under the following conditions: Weather: Hs 7.1m, Tp: 12.8s, Wind: 44 kt, Reported offset:10m, Motion 
prediction tool estimated offset: 10m. 

Conclusion 

In conclusion, this paper introduces an innovative model development framework for a vessel machine 
learning model through a physics-informed architecture. The advantages of this approach lie in the model's 
grounding in underlying physics and the systematic optimization of the training matrix. Through validation 
against measured data in challenging environmental conditions, the machine learning model demonstrates 
its capability and exhibits consistent trends with the measured data. Notably, it attains performance 
comparable to the physics-based model it was trained on. Discrepancies were discussed and improvements, 
such as the inclusion of the horizontal riser force, were identified for the next iteration. 
 
The operational benefits, ranging from enhanced decision-making support through forecasting to improved 
energy efficiency via optimized thruster utilization by heading optimization, have been explored. These 
advantages extend beyond offshore drilling, as any vessel operations employing dynamic positioning 
systems can benefit from robust motion prediction tools. 
 
This model development framework serves as a robust foundation for future development. Subsequent work 
could involve further refinement and tuning by incorporating measured data into the training process. As 
shown in Fig. 11, another aspect that will be addressed in upcoming release of the application is a graphic 
visualization of the combined uncertainty level of the response forecast related to weather forecast accuracy 
and machine learning training matrix boundaries. Additionally, the integration of generator power 
simulations may extend predictions to fuel utilization, thereby advancing the energy efficiency benefits of 
the model. 
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Fig. 11—Motion prediction application dashboard updated with uncertainty markers for each data point. 
Green markers represent high confidence, yellow markers represent medium confidence, and red markers 
represent low confidence. 
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