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Figure 7. View of the multi-objective application (MSE and ROP) featured with Al and
FLOW for drilling efficiency improvement based on dynamic pre-operational drilling
tests.
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X Length weighted: here the data is normalized by the cumulative BO length
x Number weighted:  here the data is normalized by the cumulative BO number

For both methods the mean azimuth of the breakouts and standard deviations are calculated
using the circular statistics of Mardia (1972). The implementation follows the World Stress
Map methodology (Heidbach et al., 2016), treating values between 180°- 360° as equivalent
to 0°-180° (Heidbach et al., 2016).

Results

The main fault in the study area trends WSW-ENE at around 70°, with a maximum
displacement of approximately 80 meters within the central segment of the Chattian Main
Sandstones. The thickness of the Chattian Sandstone in this area ranges between 70 to 80
meters, resulting in the entire unit being displaced northward against the Aquitanian.
Secondary fault branches exhibit comparatively smaller throw magnitudes.

Borehole breakout (BO) analysis indicates a heterogeneous stress field across the study
area. The majority of breakout data are derived from the Aquitanian and Chattian Marls,
whereas breakouts in the Chattian Sands are observed in only two boreholes (locations 1
and 3, Fig. 2). A pronounced stress orientation deviation is evident within the Chattian Sands
relative to the overlying Aquitanian units, with rotations exceeding 70°. Despite the presence
of fault zones at the depths where these deviations occur, no direct correlation between fault
proximity and stress rotation is observed.

A spatial trend in stress orientations is discernible across the borehole dataset in the
Aquitanian units:

X In the western part (locations 1 and 2), SHmax is predominantly oriented NNW.

X In the eastern part (location 4), SHmax predominantly follows a N-S orientation, with
one strong deviation where the stress field is nearly perpendicular.

X In the central region, stress orientations appear more variable and irregular.
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Fig. 2: Orientation of maximum horizontal stress in the Chattian Sands (yellow arrows) and the
overlaying Chattian Marls and Aquitanian (red arrows). The borehole trajectories are shown in
black while the SHmax orientations are shown as deviation to North. The fault is displayed in
the depth of the Chattian Sands and is color coded by the heave. Red lines show where a fault
intersects the boreholes. The grayish colors show the depth relative to a reference level.

Discussion

Several factors influence the stress orientation in a former gas field formed by a three-way
dip structure with a sealing fault. The fold axis is oriented SW-NE parallel the antithetic main
fault, which was active during syndepositional deformation (Erhard & Krauss, 1975). The
interaction of deformation governed by compression and resulting in gently folding and
sedimentation generated local morphological maxima and minima, shaping the three-way dip
closure. Consequently, fault displacement and structural configuration are closely
interrelated. In anticlinal structures, stress trajectories bend in response to morphological
variations, with SHmax aligning parallel to the fold axis at the crest, which is perpendicular to
the far field stress (Jarosinski et al., 2024). Therefore, the most pronounced stress rotations
occur in the central part of the structure, while along the flanks, stress orientations gradually
revert toward the regional stress field. This can also result in a locally inclined stress tensor.
This effect is particularly pronounced due to lateral mechanical heterogeneities, notably
between the Chattian sands and Aquitanian marls, which exhibit significant competency
contrasts. At such contrasts the stresses in the harder material rotate parallel to the contact,
while the stresses in the weaker material are oriented perpendicular to it (Reiter, 2021). In
the three-way dip structure these contacts are inclined, which results in an inclined stress
field, where locally the vertical stress is not a principal stress anymore.

Besides folding also faulting can introduce vertical and lateral material discontinuities. These
contrasts are generated by juxtaposed lithological units with different material properties by
fault slip, that induce localized stress rotations. In addition, the fault slip itself can generate
stress rotations as well (Barton and Zoback, 1994; Shamir and Zoback, 1992). Both cases
are observed in the study area. Stress rotation at location 2 is attributed to fault slip. The
stress orientation rotates in close proximity to the fault. Above the fault, the rotations are
counterclockwise with depth; below the fault, they rotate back clockwise with depth (Fig.
3a,c). At location 3 the stress rotations do not occur at the intersection with the fault but
rather where the fault juxtaposes hard against soft material. Rotation is observed only in the
lower lithology which describes the much more competent Chattian Sandstone (Fig. 3b,c).
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Fig. 3: a) Stress rotation caused by fault slip; b) stress rotation caused by lithologic contrast;
¢) schematic stress orientations for a) and b).
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As fault activity diminishes within the Aquitanian, the underlying morphology becomes more
subdued, allowing stress orientations to progressively realign with the far-field stress regime.
In mechanically heterogeneous sequences, where competent Chattian sandstones are
juxtaposed with weaker Aquitanian marls, similar effects are observed, with stress rotations
exceeding 90° in some cases.

To better isolate these effects, more data on stress orientation are required, particularly from
the transition zone between Chattian sandstones and Aquitanian marls and from areas north
of the fault. However, breakouts in borehole sections drilled in direction of Shmin would not
be evaluated due to the likelihood of a key seat and breakouts along these trajectories
remain undetected. Therefore, the method used contain a certain sampling bias which limit
the breakout data.

However, in many instances, breakout orientations cannot be determined due to the absence
of azimuthal measurements (Fig. 4). Some of these boreholes also exhibit significant
variations in the longer to shorter caliper axis (HDmax/HDmin). The ovalization of the
borehole, which could be an indicator for possible borehole breakouts is quantified as the
ratio of the caliper axis. The azimuthal orientation would have been beneficial for further
analysis.

However, Fig. 4 shows that the ovalizations occur in multiple boreholes independent of the
spatial orientation of the borehole trajectories.
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Fig. 4: Overview of borehole ovalization and fault displacement. Black trajectories show
boreholes where BO are observed (Fig. 2). Gray lines show the trajectories of the remaining
boreholes with unoriented caliper information.

Additionally, reservoir depletion significantly alters both the magnitude and orientation of the
stress field, making the timing of drilling and logging a critical consideration.

Conclusions

The applied methodology facilitates borehole data analysis across multiple wells, confirming
the regional stress orientation while elucidating localized stress perturbations in fault-
proximal zones. The findings contribute valuable data to the World Stress Map yet also
highlight deviations from the far-field stress regime induced by fault proximity or lithological
mechanical contrasts. In addition, the timing of drilling and logging is a critical consideration
as reservoir depletion significantly alters both the magnitude and orientation of the stress
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field. The data demonstrate that in structurally complex settings, where progressive pore
pressure reduction occurs, the stress field exhibits substantial spatial and temporal
heterogeneity. As a consequence for fault stability assessments, such as those based on
slip-tendency analyses, static models assuming a uniform stress field are insufficient.
Furthermore, the assumption that vertical stress (Sv) universally represents a principal stress
direction does not always hold. To accurately capture the evolving stress regime, dynamic
finite element (FE) models are necessary, providing a more robust framework for evaluating
stress field variability and fault integrity over time.
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Evaluation of Downhole Completion Technology and Material Samples Following a
Successful Underground Hydrogen Storage Demonstration in the Netherlands

F. Murray?, A. Verma?, D. Adkins?, S. Thatathil*, S. Shukla!, B. De Vries®, P. Roordink*
!Halliburton, Singapore, Singapore, 2Halliburton, Dallas, United States of America,
3Halliburton, Emmen, Netherlands, *Gasunie, Groningen, Netherlands

A project was conducted in the Netherlands to demonstrate safe storage of hydrogen in an
underground salt cavern. This pilot represents one of the first global fast-cyclic energy
system demonstrations to prove the feasibility of pure hydrogen storage using methods
analogous to underground natural gas storage. Downhole completion technology was
supplied including a 9 5/8-in. SP™ tubing retrievable safety valve (TRSV), 13 3/8-in. X-
Trieve™ HC production packer, OTIS® RPT® No-Go landing nipples, and a material test
sub. The well was exposed to hydrogen for a period of 11 months with surface pressure and
temperature up to 200 bar (2,900 psi) and 42°C (149°F). The production packer
demonstrated annular integrity throughout the demonstration project and even under well
cycling. The safety valve was manually cycled more than 75 times with zero leakage across
the high-performance rod piston seals or body connections. The safety valve was also inflow
tested seven times and demonstrated performance far exceeding current oil and gas (0&G)
acceptance criteria.

Following conclusion of demonstration activities, the well was de-completed and the
downhole technologies, including safety valve, production packer and material test sub were
retrieved for further evaluation. Initial inspection and testing activities were performed at a
nearby field location and within hours of recovery from the well. The technologies were then
returned to the Halliburton Completion Tools Centre of Excellence in Singapore for a more
rigorous study. There, the safety valve successfully underwent a suite of testing, largely
replicating that performed on a newly manufactured valve. Both the safety valve and
production packer underwent post-test inspection and disassembly with observations driving
new design and material-based recommendations.

The material test sub included a total of 64 pre-stressed metallic material samples including
low-alloy steel, stainless steel, Ni- and Co-base superalloy, weldments, and coatings, which
were subjected to stresses within a range of 67 to 90% yield strength. Additionally, 150 non-
metallic samples including HNBR, FKM, FEPM, FFKM, PTFE, and PEEK were included. All
material samples were returned to the Halliburton Material Science Centre of Excellence in
Singapore for further evaluation. Metallic material samples were scrutinized through visual,
LPI, laser scanning and X-ray CT methods, while non-metallic specimens underwent visual
and X-ray CT with mechanical and analytical property change evaluation through FTIR
(Fourier Transform Infrared Spectroscopy), DSC (Differential Scanning Calorimetry) and TGA
techniques (Thermogravimetric Analysis). The outcome of this effort defined a path for future
material studies which are currently under execution phase.

This paper/presentation will focus on the operational performance, post-test evaluation and
recommendations related to the completion tools and material samples included in this
demonstration project.
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Invisible Loss Time Identification of Micro Stuck Pipe Detection using Multi-
Well Model using Gaussian Process

Sreelekshmi Jayalekshmi, Sai Venkatakrishnan
SLB Cambridge Research, Cambridge, United Kingdom

Abstract

Stuck pipe events are a major cause of Non-Productive Time (NPT) in the well construction
during tripping operations. These stuck pipes are reported when they are of longer duration
(> 15 minutes) and catastrophic. But there are short durations stuck pipes which occur when
the BHA passes through a tight spot in the borehole or bad formation conditions and
contribute to the Non-Productive Time and increased overall risk. The micro stuck pipe
events, defined as short stuck pipe events (<= 15 minutes) accumulate as part of the
Invisible Lost Time (ILT) and are typically only visible from the sensor data. The drill string
gets stuck for a duration but gets freed and typically as the event is not considered
catastrophic these events aren’t reported as well. This paper is about an innovative method
we developed to model and identify the micro stuck pipe events using data driven technique
of gaussian process, a non-parametric regression model.

We addressed the problem with a data driven drag prediction model which is a reduced order
model of Torque and Drag (T&D) physics-based model. The data driven model has the
similar fidelity as the T&D model for the problem domain but has the advantage of utilizing
the well construction domain knowledge and learning from the multi well data with only
reduced configuration and achieves the goal of detecting micro stuck pipe events. We
successfully demonstrate the application of this technique on data sets and help in
identification and explanation of ILT which helps in optimizing operations and increasing
operational safety. We also discuss the extended use of this approach in creating better early
warning systems to prevent catastrophic stuck pipe events.

Introduction

Well construction and drilling operations are complex processes that require precise
execution to ensure efficiency, safety, and cost-effectiveness. One of the most critical
challenges encountered during these operations is the occurrence of stuck pipe events.
Historically, stuck-pipe events have been shown to cost the industry several hundred million
dollars annually and over 25% of non-productive time. (Ahmed Tagqi, 2024). The drillstring is
considered to be stuck when it loses the freedom of movement; that is, it can neither rotate
nor move axially (Tsuchihashi, et al., 2021). Such incidents not only lead to significant delays
but also impose substantial financial burdens due to Non-Productive Time (NPT), potential
damage to expensive equipment, and, in some cases, the complete loss of the wellbore.

According to the physical characterestics of sticking mechanisms, stuck events are roughly
classified into three types, namely mechanical stuck, differential stuck, and geometrical stuck
(Alshaikh, Magana-Mora, Gharbi, & Al-Yami, 2019). These conditions are exacerbated by
bad BHA design, poor hole-cleaning and connection practices, improper mud properties, and
high-pressure differential zones, making early detection and prediction of stuck pipe risks a
crucial aspect of drilling optimization. Traditional monitoring techniques often fail to identify
early warning signs of stuck pipe incidents, leading to sudden and severe disruptions.

One promising approach to mitigating these risks is the detection and analysis of micro stuck
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pipe events. Micro stuck pipe events refer to small-scale obstructions or increases in
resistance experienced by the drill string, which, while not immediately catastrophic on their
own, often serve as precursors to full stuck pipe occurrences. By accurately identifying and
guantifying these micro stuck pipe events, drilling engineers can implement corrective
actions.

To detect these micro stuck pipe events, in this paper we introduce a data-driven multi-well
model utilizing Gaussian Process (GP) regression. Unlike traditional deterministic full scale
physical models, which rely on predefined parameters, this approach leverages historical
well construction data and real-time drilling parameters to identify subtle patterns that
indicate early stuck pipe conditions. The multi-well learning framework enables the model to
generalize across different well trajectories, Bottom hole assembly (BHA) configurations, well
bore fluids and drilling environments, enhancing its predictive capability. By quantifying micro
stuck pipe occurrences, the model provides an adaptive framework that helps optimize
drilling operations, reduce Non-Productive Time (NPT), and mitigate the risk of catastrophic
stuck pipe events.

Torque and Drag Model

Torque and Drag analysis remains an important evaluation process for assessing drilling
feasibility of directional wells, minimizing the occurrence of catastrophic drill string failures
and avoiding premature termination of the drilling operation before reaching planned target
(Adewuya, 1998). Torque and Drag software model was originally developed by Dawson and
Morehead (C.A. Johancsik, 1984). The physics-inspired torque and drag (T&D) model offers
accurate predictions of the forces acting on the drill string, considering factors like friction,
contact forces, fluid properties, BHA configuration and the geometry of the wellbore.
However, this model is computationally expensive, as it requires solving complex equations
for every segment of the drill string, accounting for variations in the drilling environment,
including wellbore trajectory, mud properties, and drill bit dynamics.

To address the computational challenges, we developed a reduced-order data-driven model
to predict the drag forces more efficiently. By leveraging machine learning techniques and
historical drilling data, this model simplifies the complex relationships between the various
factors influencing the forces, reducing the need for intensive computations. The data-driven
approach enables faster predictions while maintaining a high level of accuracy, allowing for
real-time decision-making and optimization during drilling operations without compromising
on the reliability of the results.

Single well learning Model

The aim of single well learning method is to create a model from sparsely populated pre and
post connection samples that can predict the hookload during free rotation for different
desired depths.

The surface data is available for whole well which can be segmented for each run, but there
is no variable that can identify surface data for different operations. Therefore, surface data
(hookload and depth) is given to a time series segmentation algorithm called the Partitioner
to identify the post connection and pre connection data. Partitioner is an internal framework
which can segment the surface data based on operations during drilling. The samples from
pre connection and post connection operations are filtered for specific free rotation
calibration points. These calibration points are sparsely distributed and have noise. So, to
make these data usable for training of data driven model, a gaussian process regression
model is developed which inputs these data and outputs hookload for a grid of 100ft for the
whole well profile.
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Gaussian process (GP) is a non-parametric, Bayesian approach to regression which is often
thought of as a Gaussian over functions (Carl Edward Rasmussen, 2005). The gaussian
process models the output as a function of different predictor variables. Using the prior on
the function’s values, GP can be used to create a distribution over functions. The prior is
defined based on the covariance matrix which is specified through a positive definite kernel.
A stationary kernel defines the covariance as the function of distance between the input
space, while a nonstationary kernel defines covariance function considering the actual input
along with the difference between the adjacent inputs. A GP prior is defined by its mean and
covariance function. As per (Carl Edward Rasmussen, 2005) we define mean function
m(x) and the covariance function k(x, x") of a real process f (x) as

m(x) = E[f (x)] (1)
k(x,x") = E[((x) = m())(f (x") = m(x"))] @

And GP prior can be represented as

fx)~ GP(m(x},k(x,x’}) (3)

The mean function determines the expected value of the function at each point in the input
space, and the covariance function specifies how correlated the function values are at
different points in the input space. Together, these functions define a multivariate normal
distribution over the function values at all inputs. The prior distribution represents our prior
beliefs about the smoothness, complexity, and general behavior of the well we are modeling.

Once the prior beliefs are set, the observed data D = {(xllyl), (x5 v5)} is introduced where
Xy, X2IiS @ combination of features maximum depth, inclination, vertical depth, and mud

density while v;, v, is the recorded hookload from field. As we observe data the prior is
updated to become posterior distribution. The posterior distribution represents our updated
beliefs about the parameters of the model, after observing the data. If more datapoints were
added one would see the mean function adjust itself to pass through these points, and that
the posterior uncertainty would reduce (Stein, 2012) close to the observations (Carl Edward
Rasmussen, 2005). The process of updating the prior to obtain the posterior is done using
Bayes' theorem. Bayes' theorem states that the posterior distribution is proportional to the
product of the prior distribution and the likelihood of the data, that is:

Posterior « Prior x Likelihood

Pre-connections
[ Surface data ] - » Partitioner —_— Post-connections

Data identified.

l

[ Single well GP ]

|

[ Hookload for every 100ft for whole well ]

Figure 1 Design framework of single well model

For single well learning model, the mean is set to zero, and the covariance functions are
defined as a combination of Matern kernel and multi-layer perceptron (MLP) kernel. The
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mean and covariance function together defines the prior beliefs to the model. Once the
calibrated data from pre connections and post connections are introduced to the model
(Figure 1), the prior conditions itself become the posterior distribution. The test data consists
of depth from 0 ft to maximum depth of the well with a step change of 100, and the
respective inclination and mud density for these depths. The model is sampled for
constructing the prediction of hook load for every 100ft (Figure 2).

01 + recorded data 0 - ® predicted HKLD
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Figure 2 Recorded noisy hookload (left), single well model predicted hookload (right)

Multi well learning Model

The data driven model for drag prediction is a multi-well learning GP. The aim of multi well
learning GP is to have a posterior distribution which represents the totality of different
configurations of well. To create a 3D space of all these configurations the data selection
process was manually done with strict conditions,

1. Wells drilled with different mud density ranges were identified and included.

2. The hook load data with calibration shifts were avoided.

3. Wels with different trajectories were selected — currently horizontal wells and vertical
wells are added.

4. BHA configurations vary for different wells.

To define the prior, mean was set to zero and covariance function was selected as a

323
DGMK-Tagungsbericht 2025-1



DGMK/OGEW Friihjahrstagung 2025

combination of Matern kernel and multi-layer perceptron kernel. The observed data is the
predicted hook load for every 100ft from a single well GP.

In Gaussian Process (GP) regression, the mean function is typically assumed to be zero.
This is because the GP model is flexible enough to model complex patterns and structures in
the data without the need for a mean function. In other words, the GP model can capture the
mean of the data using the kernel function itself.

Furthermore, assuming a zero mean function simplifies the GP model and reduces the
number of hyperparameters that need to be estimated during the model training process
(Wang, 2022) This is particularly useful in situations where the number of data points is
limited or where the data has a high dimensionality, since it reduces the risk of overfitting and
improves the computational efficiency of the GP model.

In both single well learning GP and multi-well learning GP, the covariance function is a
combination of Matern kernel and MLP kernel. Matern kernel is used on features inclination
and mud density only while MLP kernel is used on all 3 features. Matern kernel tends to
account for the global trends in data while MLP kernel accounts for the local variations.

Covariance function = Matern kernel + MLP kernel

The class of Matern kernels are a generalization of RBF kernels with an additional positive

parameter  which controls the level of smoothness of the resulting function (Pulong Ma,
2019). As v —«, we recover exactly the RBF kernel. For lower values of v, we obtain
rougher functions. The Matern kernel can identify the smooth and non-smooth variations. In
both single well GP and multi well GP, Matern kernel is used only for the features inclination
and mud density (Carl Edward Rasmussen, 2005). The form of Matern class of functions is
given by (Moreno Bevilacquaa, 2022).

21-¢ (v’ﬂx— xr|)'9 K (v’mx— xf|)

(4)

Where s the length scale and is the positive parameter which is set to  which defines
the kernel as:

g , V3|x—xr V3|x—xr
KZ () = (14 2 exp(— =) ©)

The hyperparameter length scale was set by automatic relevance determination. Automatic
Relevance Determination (ARD) is a technique used in the Matern kernel to automatically
determine the relevance of each input feature for the kernel. (David P. Wipf, 2007) Matern
kernel has a global length scale hyperparameter that determines the distance over which the
kernel's value changes significantly. In contrast, the ARD Matern kernel allows for a separate
length scale hyperparameter to be learned for each input feature. This means that each
feature can have its own distance scale that controls how strongly it influences the kernel's
value. By allowing each feature to have its own length scale, the ARD Matern kernel can
better capture the varying importance of each feature in the input space, which can lead to
improved model performance. During model training, the length scale hyperparameters for
each input feature are learned using optimization technique (Joseph Isabona, 2021). The
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length scale hyperparameters that produce the best model fit are set as the final values in
the model, allowing for a more flexible and accurate representation of the underlying data.

VB (e (), VB (x—an)T (x—ar)

k(o x', D) = o®[1+ ; Jexpl ; ] (6)

Multi-Layer Perceptron (MLP) kernel also known as the neural network covariance or the
arcsine covariance, is derived by considering the infinite limit of a neural network. In a neural
network, each layer applies a linear transformation to the outputs of the previous layer,
followed by a non-linear activation function. The output of the final layer is then used as the
prediction (Rauber & Berns, 2011). The weights of the linear transformations are learned
through a process of optimization.

In the infinite limit of a neural network, the number of hidden units in each layer goes to
infinity, while the weights of the linear transformations are scaled in such a way that their
norm is kept constant. In this limit, the neural network can be seen as a function that maps
inputs to outputs in a continuous and smooth way.

The MLP covariance function is derived by considering the covariance between the outputs
of the neural network for two different inputs. This covariance is calculated by integrating
over all possible weights of the neural network. The resulting integral can be expressed in
terms of a series of hyperbolic functions, which can be approximated by the arcsine function
in the limit of infinite hidden units.

The arcsine function has the property that it is symmetric and bounded between -1 and 1,
which makes it well-suited for use as a covariance function. The MLP covariance function
derived in this way has been shown to be effective in capturing complex non-linear
relationships between inputs and outputs and is used in a variety of machine learning
applications.

wxT xr+b

J(@xTx+b+1)(wxrTxr+b+1)

k(x,x) = aarcsin( )

The hyperparameters that controls the behaviour of the MLP kernel are:

1. Variance - The variance hyperparameter controls the overall amplitude of the kernel
function. It determines how much the kernel function can vary from its mean value.

2. Weight variance (w)- This hyperparameter controls the variance of the weights in the
MLP neural network. It determines how much the individual weights in the network
can vary.

3. Bias variance(b) - This hyperparameter controls the variance of the biases in the MLP
neural network. It determines how much the individual biases in the network can vary.

RESULT

The input features selected are important for the performance of data driven model. To
validate the understanding of data driven model and to check whether the model has learned
the underlying physics of the process, synthetic data was created, and the model was
gueried on hypothetical conditions.

In drilling operations, the mud density and hook load are two important parameters that are
related to each other. The mud density refers to the weight of the drilling fluid used in the
wellbore, while the hook load refers to the weight applied to the drill string by the drilling rig.
The relationship between the mud density and hook load is governed by the principle of
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buoyancy. The mud exerts an upward force on the drill string, which reduces the weight that
the rig needs to apply to keep the string in tension. Therefore, as the mud density increases,
the buoyant force also increases, which leads to a decrease in the hook load required to
maintain tension on the drill string. Conversely, if the mud density decreases, the buoyant
force decreases, and the hook load required to maintain tension on the drill string increases.

So, to test whether the model responds to the changes in mud density. A synthetic data with
all other features same but with a mud density change of +300 and -300 was created and the
model was queried to predict the hook load. The results showed significant shift in the hook
load responding to the variation in mud density (Figure 3).

The kick-off point in drilling refers to the depth at which the wellbore deviates from the
vertical and starts to follow a horizontal or angled trajectory. When the kick-off point is
changed, it can affect the weight and distribution of the drill string, which in turn can cause
changes in the hook load. Inclination is the physical feature that accounts for the change in
kick-off point. When a well trajectory changes from a vertical to horizontal section, the
inclination changes from 0 to 10 deg in vertical to 85 to 90 deg in horizontal. A horizontal well
can typically have 3 sections — vertical section where the hook load linearly increases, a
bend section where the kick-off happens, and the hook load go to a higher value and a
horizontal section — where the hook load bends back to a lower value and stays constant.

To test whether the model understands the change in kick off point, synthetic data with all
features same but the inclination was changed to 90 deg at different depths were introduced
to the model. The model responds well to the change in inclination and identified the kick-off
points (Figure 4).
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Figure 3 Hookload response to change in mud density
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Figure 4 Hookload responding to change in inclination

The data driven model predicted the hook load for different depths when the bit is off bottom
with flow and rotating that is during free rotation. Micro stuck-pipes are most likely to occur
during tripping, while pulling out the drill string from the well which is called as overpull or
during running in the drill string for a new run called slack-off. So, to identify micro stuck
pipes it is necessary to predict the hook load for these depths during overpull and slack-off.
Hook load during these operations is called drag.

As the drill string is having a contact with the wellbore during overpull and slack-off, there is
the presence of a new physical force in this prediction which can be accounted as friction.
Friction is the force that resists motion between two surfaces that are in contact with each
other. Friction has a significant impact on the efficiency and performance of the drilling
system. Friction varies from well to well and run to run. It is a variable component as it
depends on factors like contact surface area, surface roughness, drilling fluid properties,
weight on bit, drilling speed, temperature, and type of drilling tool. So, the best possible way
(adopted from Torque and drag modelling) to predict the drag during overpull and slack-off is
to consider the hook load predicted for the operation free rotation as a case with friction
factor 0 and then calculate the drag for different friction factors from this.

Comparing the hook load during free rotation and the drag during tripping analysis, the main
effective component that gets added which can affect the force is the contact between
surfaces. And this surface contact keeps increasing with the increase in depth. Therefore,
friction is modelled as a parameter combining a constant friction factor and parametrized
length.

During overpull or while pulling out the drill string from wellbore, the hook load will be higher

than the hook load during free rotation due to the presence of friction.
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Drag,, = HKLDg. + (f = 1) (8)

Drag,, — Drag during overpull
HKLDg, - Predicted hook load during free rotation by data driven model

f - friction factor
[ - parametrized length which is (depth/100)

Using the above equation, drag during overpull for different friction factors are calculated
(Figure 5).
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Figure 5 Drag during overpull for different friction factors.
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During slack-off or running in the drill string, the hook load will be lesser than the actual
weight of components hanging from hook which is predicted as hook load during free
rotation. The reduction in weight measured by the hook load sensor is due to the contact
force between two surfaces. Therefore, it can be calculated as

Drags! = HKLD_:’?" - (f * l} )

Drag., - Drag during slack-off

HKLD¢, — Predicted hook load during free rotation by data driven model
f - friction factor

[ - parametrized length which is (depth/100)

Using the above equation, drag during slack-off for different friction factors are calculated
(Figure 6).
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Figure 6 Drag during slack-off for different friction factors.

As the drag with different friction factors are obtained, now the final step is to infer the friction
factor during drilling. For this, the calculated drag must be compared with the observed hook
load data and see with which drag fits closest to the observation (Figure 7).
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Figure 7 Predicted drag overlaid to infer friction factor

In Figure 7 the drag with a friction factor of 0.2 aligns with the recorded data, thus we can
infer, in this well for this run the friction factor during overpull was 0.2. Now if the recorded
value for a window of 200ft has more than 50% of values greater than the calculated drag, it
is considered as a behaviour anomaly or it is flagged for the presence of micro stuck pipes.

In Figure 8, the recorded hook load aligned with the drag during overpull with a friction factor
0.4. Therefore, it is inferred that that run for this well was drilled with a friction factor 0.4. And
there are 2 events during trip out where the recorded data for a window of 200ft was greater
than the calculated drag for 50% entries. These events are flagged and recorded as micro
stuck pipes.
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Figure 8 Anomaly flags identified

These micro stuck pipes were not reported because the nonproductive time due to these
events were not long enough to get reported, also the field operators were able to free the
pipe with some operations. But these short events if calculated for a whole well account for a
chunk of NPT that goes unreported and that is what we are trying to capture. Another
importance of identifying these events is, if there were multiple micro stuck pipes happened
during overpull, it can cause problems during casing run. The differential sticking happened
can obstruct the casing from reaching the bottom. Therefore, identifying these events in real
time can also help in reducing the risk during casing run by doing hole cleaning before casing
run. In conclusion identifying behaviour anomalies are a crucial step in reducing cost,
increasing productivity and efficiency.
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CONCLUSION

An original data driven technique was developed to identify micro stuck pipe events which
provide an early warning before the catastrophic events develop. This technique of data
driven physics model although applied to this specific problem was also generalizable and is
being used in various problem domains where physical models are complicated but also
partially constructed because of the incompleteness of the understanding of the domain.

Further work based on the framework constructed above is being carried out in
understanding the procedural changes necessary to avoiding these near miss situations and
improving the productivity of well construction and safety.
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Abstract

Direct Lithium Extraction (DLE) offers a promising range of extraction techniques for the
recovery of lithium from a wide variety of resources. In the field of geothermal energy in
particular, only a small range of applications for the simultaneous separation of lithium have
now been realised on a technical scale. The lithium content in produced water of oil and gas
deposits proves to be relevant for utilization, linking these traditional energy sources to
enhanced sustainability.

In a previous joint DGMK project, we set a focus on answering the question if lithium
extraction from reservoir waters could be economically feasible by using enhanced
separation techniques besides geothermal sources. For this purpose, produced waters of
different partners have been comprehensively analysed and evaluated to derive a pilot plant
design.

Focussing on the construction of a multifunctional mobile container system at pilot scale for
on-site investigations the most efficient DLE-method related to the site-specific speciation of
reservoir waters was taken into account. The resulting treatment system with as many
degrees of freedom as possible enables the ‘best case’ for deriving a production process.
The results obtained provide site-specific parameters that can be used to plan a DLE plant
on a pilot scale. Thanks to its multifunctionality, the treatment system can be flexibly adapted
to the site-specific material flows and thus derive the key parameters for the scale-up for the
co-operation partners involved.

For the technical implementation of the multifunctional mobile container system in the next
project phase, co-operation partners for financial support and for access to relevant
produced water sources are required for an overall realisation.
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