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Abstract

Geothermal energy systems often require drilling to multi-kilometre depths to access
and extract heat. Thisis an expensive process, and the risk of unforeseen drilling
problems can significantly affect the long-term economic sustainability of such
projects. Moreover, the low availability of drilling data from geothermal development
impedes efforts to improve drilling processes and mitigate this risk. Here, we
demonstrate that publicly accessible legacy data from hydrocarbon exploration and
development drilling can be used to develop an effective, generalisable system for the
early identification of drilling problems. The system, based on the Isolation Forest
algorithm, identifies problems that interrupted drilling at a rate significantly greater than
random chance (detection rate 29% compared to 8.6% baseline, p=0.012), even when
applied to new measurements in new geological contexts. Whilst there are significant
limitations of such a system, which we discuss, our work highlights the utility of legacy
data holdings in facing contemporary challenges.
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Introduction

Geothermal district heating is a major opportunity for decarbonisation. Domestic
energy use accounted for 26% of totalenergy use inthe UK in 2023, with over 60% of
this used for space heating (Department for Energy Security and Net Zero, 2024) and
significant additional energy used for space heating of industrial and commercial
premises. Most of this heating need is currently met by individual natural gas boilers
(Ministry of Housing, Communities and Local Government, 2025). District heating
schemes, powered by heat derived from deep geothermal energy, have the potential to
heat entire neighbourhoods and so to replace these sources of atmospheric carbon
(Cariagi, 2025; Government Office for Science, 2024).

However, achieving sustainable and sufficient geothermal supply requires drilling into
permeable strata at depths below the Earth's surface that may reach several kilometres
(Abesser & Walker, 2022), imposing high drilling costs that can be exacerbated by
operational drilling problems. Drilling to significant depth involves challenges that are
not only social and political (Hymans & Uchikoshi, 2022; Missaghieh-Poncet & de
Sartre, 2026), but also technical, requiring an approximately 50-m-high rig, specialist
equipment, and a crew of around a dozen personnel (Eden Geothermal, 2026). Mid-
range estimates of the associated costs, based oninternal BGS data and in 2024/25
prices, are £1.3 million per onshore borehole (Human Economics, 2025). Costs
increase to around £1.7 million per km depth for boreholes between 1 and 2 km deep,
corresponding to an estimated £2 million to £4 million per MW of thermal energy (Arup,
2021). And problems encountered during drilling operations are responsible for a
significant proportion of these costs, being typically responsible for around 10 days of
delay in 100 days of deep hydrocarbon exploration drilling (Hossain, 2015). The
minimisation and mitigation of drilling problems is therefore critical in the delivery of
economically sustainable geothermal boreholes.

Problems encountered during drilling remain important once drilling is complete.
Geothermal heat and electricity supply are forecast to be relatively expensive in capital
development costs compared to other renewable energy sources (Department for
Energy Security and Net Zero, 2025), with cost recovery periods measured in decades.
This implies a premium on long-term well integrity and the avoidance of well damage.

The OptiDrill project sought new systems for the early identification and mitigation of
drilling problems, by leveraging continued improvements in the data available to drilling
operators (OptiDrill, 2026). When surface or downhole measurements are monitored,
changes in measured values can indicate a wide variety of problems (Hafezi, 2023).
Increases in data availability allow systems to detect these indicators without the user-
specified thresholds of e.g. Mao & Zhang (2019) and Elmgerbi & Thonhauser (2022). For
example, Zhong, Salehi, & Johnson Jr. (2022) reviews 49 papers in which machine-
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learning-based models are trained to detect stuck pipe, lost circulation, well kick, and
various other drilling problem types.

Machine-learning based identification models can be broadly classified as supervised
or unsupervised, and contrasted with physics-based models (Kutz, 2013). In physics-
based models, the data generating process is described by theoretically derived
governing equations, permitting deductive identification of the underlying system state.
In supervised learning, the patterns linking the data and the underlying state are
themselves deduced, using a representative ‘training dataset’ in which each datapoint
is accompanied by an identifying label. In unsupervised learning, it is the patterns in the
data alone that are deduced, without any reference to the underlying system.

Systems based on unsupervised machine learning can be applied to new drilling
conditions and new sets of drilling data, without the need for physics-based models of
complex drilling processes and without the risk of prior training becoming outdated.
Physics-based models, while applicable in a broad range of conditions, cannot describe
every aspect of complex drilling processes and, to describe any aspect, require many
unknown physical parameters to be estimated (Erge & van Oort, 2022; Kaneko, et al.,
2018). Models based on supervised machine-learning, meanwhile, rely on consistent
training datasets in which drilling problems are labelled, and are applicable only to
situations that resemble those from which these datasets were drawn (llyas, et al.,
2019; D'Amour, et al., 2022). With drilling problems rare and datasets evolving rapidly,
any such model’s applicability is likely to be limited. In contrast, models based on
unsupervised machine-learning can learn arbitrarily complex patterns in the data to
which they are applied, without specification of parameters or of training data.

An Isolation Forest is an unsupervised machine-learning algorithm for identifying
anomalous datapoints that, in the case of drilling data, may be associated with drilling
problems. Introduced by Liu, Ting, & Zhou (2008), the algorithm recursively partitions a
given dataset, choosing at each stage a random non-unit subset of datapoints, a
random feature, and a random threshold, then splitting the subset into two new subsets
according to whether datapoints’ values exceed the threshold. This partition is
equivalent to a binary tree, with each branch node a split and each leaf node a
datapoint. Furthermore, the number of splits required to isolate an anomalous
datapoint, equal to the path length to the datapoint in the corresponding tree, is
expected to be small. By generating many such isolation trees and calculating the
average path length to each datapoint, as illustrated in Fig. 1a, the algorithm classifies
as anomalous the datapoints requiring the smallest number of splits. On datasets for
which subsequent datapoints may be similarly anomalous, like drilling data, the
Isolation Forest algorithm outperforms comparable unsupervised anomaly-detection
algorithms, at lower computational cost (Bouman, et al., 2024). Consequently, it has
been used by Fernandes Jr., Komati, & de Souza Gazolli (2023) to detect potentially
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problematic anomalies during production from hydrocarbon wells, and by Altindal, et
al. (2024) to detect problems in well drilling.

In this paper, we develop and test an Isolation Forest-based system for drilling problem
identification in new drilling conditions, from new sets of drilling data. This goes beyond
the work of Altindal et al. (2024), whose system used training data from 13 sections of a
well to identify drilling problems in an intermediate 14th section, and is therefore not
generalisable to new and different wells. Such generalisability is essential when aiming
to improve geothermal drilling, for which relevant and accessible data are limited.

Data for improving geothermal drilling

Improving geothermal drilling requires an understanding of both the rocks being drilled
and the performance of the drilling process through those rocks. Such understanding, in
turn, requires quantitative data. Quantitative rock property data are supplied by core
and cutting analysis and by geophysical logging; digital logging data has been routinely
acquired during drilling operations since the 1970s. Quantitative drilling data,
meanwhile, can be collected from two sources: instrumentation at the well head, which
records weight on bit and drillstring rotation speed, and the Measurement While Drilling
(MWD) sub built into the Bottom Hole Assembly (BHA). Quantitative understanding of
geothermal drilling requires a combination of digital data from these two data sources,
which has been available to drillers since the early 2000s.

Unfortunately, publicly accessible data from purely geothermal operations are as yet
rare to non-existent, particularly in the UK. Since the 40-year-old resource assessment
of Downing and Gray (1986), the only geothermal wells drilled to depths over 1 km are
those of the Eden Geothermal Project (Eden Geothermal, 2026) and United Downs
Deep Geothermal Project (Reinecker, et al., 2021). Data from the wells that have been
drilled are not widely available, due to commercial sensitivity and a lack of regulatory
data deposit requirements (Abesser, et al., 2023).

In contrast, there are plentiful, relevant, openly available drilling data from UK legacy
hydrocarbon exploration and development. The drilling process is fundamentally the
same for both geothermal and hydrocarbon use cases (Allahvirdizadeh, 2020), and the
United Downs boreholes in Cornwall, UK demonstrate that similar types of drilling data
and geophysical data can be collected during the drilling process (Ledingham, etal.,
2019). Although there are potential plays that are specific to geothermal energy, such as
Cornwall’s deep granites, many of the potential recoverable heatresources are in deep
sedimentary basins that have already been subject to hydrocarbon exploration. The UK
benefits from the open release of all legacy oil and gas industry data via BGS (British
Geological Survey, 2026), the UK Onshore Geophysical Library (UK Onshore
Geophysical Library, 2026), and the North Sea Transition Authority’s UK National Data
Repository (NSTA NDR) (North Sea Transition Authority, 2026). Systems based on
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unsupervised learning can therefore be developed with these legacy hydrocarbon data
before application to new geothermal borehole drilling.

Legacy hydrocarbon data are served in a variety of formats, dependent upon the age
and origins of the data. Through time, the UK hydrocarbon industry has progressively
standardised the data supplied, but there remain major issues with non-standardised
nomenclature. By the late 1970s, geophysical logging data was typically supplied on
tape, in Log Information Standard (LIS) or Digital Log Information Standard (DLIS) file
formats, and the digital Log ASCII Standard (LAS) format (Canadian Well Logging
Society, 2017) has been typical since the mid-1980s. Routine capture of digital drilling
parameters is much more recent, with digital data only available from the 2000s or later.
Even now, the format of the digital MWD data that are available is not standardised.

Methods

Our methodology is illustrated in Fig. 1, with Fig. 1a and Fig. 1b illustrating components
of our system for drilling problem detection, and Fig. 1c the workflow by which we use
legacy hydrocarbon data to tune and test that system. We draw measurement-while-
drilling (MWD) data and lists of drilling problems from the UK Onshore Geophysical
Library (UKOGL) (UK Onshore Geophysical Library, 2026); design an Isolation-Forest-
based system for drilling problem detection; tune the system’s hyperparameters using
data from 6 geographically dispersed wells; and test the system using data from 20
wells within the Wytch Farm oil field.

Datasets

The legacy data used in this work were taken from the drilling of UK onshore
hydrocarbon exploration and development wells, and deposited in the UKOGL. These
data holdings represent over 1,000 wells, including over 95% of all hydrocarbon wells
drilled into the United Kingdom continental shelf and approximately 50% of all onshore
UK hydrocarbon wells ever drilled. From these many wells, we identified those that
sampled stratigraphy of potential relevance to deep geothermal drilling: deeply buried
sedimentary basins similar to those near large British cities, such as the Permo-Triassic
sandstones in the vicinity of Birmingham, Manchester and Liverpool. Of these, 26 wells
were identified for which borehole data holdings include both digital MWD data and
reports from which labels of drilling problems could be derived: either daily drilling
reports (DDRs) or end-of-well reports (EOWRS).

MWD data record drilling-relevant measurements such as the downhole depth of the
drill bit (MD); the equivalent circulating density (ECD) and total flow rate (TFLO) of

drilling fluid; this fluid’s pressure in the standpipe (SPP); the torque (TRQ) and weight
(WOB) applied to the drill pipe or drill bit; and the bit’s rotation rate (RPM) and rate of
penetration (ROP). The availability and measurement details of these data differ over
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the UKOGL dataset, as does the form in which they are recorded: single or multiple files
in the LAS format (Canadian Well Logging Society, 2017); in other structured ASCII
formats; in Microsoft Excel formats (Microsoft Corporation, 2023); or in less easily
readable formats that are out of this paper’s scope. Data may be indexed by either the
time of measurement or by measured depth MD, and may include intervals of non-
drilling time or of drilling through a previous well section’s cement shoe, alongside
intervals of fresh drilling.

DDRs and EOWRs include text descriptions of drilling activities and brief explanations
of any drilling interruptions or measurements of concern, as recorded by a drilling
operator or supervisor during the drilling operation process. The presentation of
information is not standardised, with records from different wells including varying
levels of detail and varying technical acronyms or shorthand. For example, the second
DDR of well Lybster 1 uses “Circ round hi vis sweep, work string to pooh” to denote the
pumping of a specialised, high-viscosity drilling fluid down the borehole, to remove
debris, and the rotation and lifting of the drill pipe column attached to the drill bit, in
order to facilitate their extraction. EOWRSs’ descriptions, in particular, are often highly
simplified summaries of actual drilling operations, derived from DDRs’ near-real-time
descriptions. In general, any problem that interrupted drilling is recorded, but details
include the depth at which drilling was interrupted rather than inferences of the depth at
which the problem first arose. Descriptions may include the observed indicators of the
problem, the type of problem inferred to have occurred, or the remedial action taken.

For this study, we required wells that sample the relevant stratigraphies described
above, for which multiple, distinct, digital MWD measurements were available, and for
which drilling problems could be manually identified from the DDRs and EOWRs. We
required a set of these wells to be sufficiently diverse for hyperparameter tuning to be
broadly representative, and the remainder to be sufficiently similar for tests overthem
to be consistent. Table 1 lists the 26 wells we chose to satisfy these requirements, with
six geographically dispersed and twenty in the large Wytch Farm oil field, while Fig. 2
indicates their locations and stratigraphies.

For the six geographically dispersed wells, plus four of the Wytch Farm wells, the first
stage of DDR interpretation was the production of drilling activity charts, presenting on-
site activity for each hour of drilling operations and including summaries of DDR
descriptions. The Supplementary Materialincludes an example, for well Lybster 1. With
productive drilling time clearly labelled, problems that interrupted drilling could be
easily identified, and categorised either as drilling problems or as otherissues: surface
equipment failures or logistical delays, for example. For the remaining Wytch Farm
wells, drilling problems were identified directly from DDRs or EOWRs. For all wells, we
listed the downhole depths MD at which drilling problems occurred; an example of such
a listis in the Supplemental Material.
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Algorithm for Drilling Problem Detection

The system for drilling-problem detection involved three stages: the preprocessing of
MWD data; the application of the Isolation Forest algorithm to assign datapoints
anomaly scores; and the consequent identification of anomalous incidents.

Given MWD data like that described above, the first stage of anomaly detection was
cleaning and rescaling. Datapoints for which a feature takes negative or excessively
duplicated values were judged erroneous and removed from the dataset, with the
threshold for excessive duplication a value frequency 20 times higher than that of a
uniformly distributed variable with the same interquartile range and measurement
precision. Also removed from the dataset were any records associated with non-drilling
time or the drilling of cement well shoes. Such records, determined using records of the
initial and terminal measured depths of each well section, are mechanically anomalous
with respect to the drilling of rock but not associated with drilling problems, and thus
were not relevant to these analyses. For each well and each feature, the remaining
values were then rescaled using a Yeo-Johnson transformation (Yeo & Johnson, 2000),
reducing skewness and thereby permitting comparison of anomalousness across
features with different distributions.

Once a dataset was clean and rescaled, the Isolation Forest algorithm incorporated
within scikit-learn (Pedregosa, et al., 2011) was applied to the combination of measured
depth with each feature individually and to the combination of all features. So that the
random selection of threshold feature values was based on the observed ranges of
values, each algorithm application fit 100 isolation trees using subsamples of the
dataset: 256-datapoint subsamples for individual features and 128 x 2X-datapoint
subsamples for the combination of all features, where K denotes the number of
features. Using these sets of isolation trees, each datapoint was assigned K+ 1 anomaly
scores, with more anomalous datapoints having lower anomaly scores.

Finally, from a well’s datapoints’ anomaly scores, the problem-detection system sought
to identify an average of ranomalous incidents per unit distance of MWD data, by
identifying anomalous datapoints with measured depths within depth interval AMD as
belonging to the same incident. A point was considered anomalous if one or more of its
anomaly scores was in the lowest cth quantile of all datapoints’ corresponding anomaly
scores, with ¢ chosen to ensure that there were the required number of distinct
anomalous incidents. Each incident was then considered to extend from a measured
depth AMD / 2 before the first anomalous point that belonged to it, to a measured depth
AMD / 2 after the last such anomalous point. A simplified example of this identification
is illustrated by Fig. 1.

To simulate our system’s application for real-time drilling-problem detection, these
three stages were applied after each 5 minterval of new drilling, to all MWD data taken
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at the well up to that point, and the output was any anomalous incident within that most
recent 5 m. The number of relevant features available, K, differed between wells, and
the implementation required the specification of two hyperparameters: the target rate
with depth r at which anomalous incidents were to be detected, and the minimum
depth interval AMD of each such incident.

Hyperparameter tuning

The hyperparameters r and AMD were tuned to optimise simulated real-time detection
of the drilling problems in the six geographically dispersed UK onshore hydrocarbon
exploration wells: Balcombe 2, Hykeham 1, Kirby Misperton 5, Lester’s Lane 1, Lybster
1, and Willows 1. The effectiveness of this hyperparameter tuning does not rely on the
comprehensiveness of these drilling problems, but only on the representativeness of
their average rate of occurrence and extent, which allows us to determine appropriate
values of rand AMD.

Specifically, for each 5-m interval of recorded drilling in each of the six wells, we applied
our system to data from that interval and shallower depths, with minimum depth
intervals of anomalous incidents AMD=0.5m, 1 m, 2 m, and 5 m, and with the

proportions of points anomalous
1
c= (1 - c(’)”l), (D

for Kthe number of features and with ¢, =0.00, 0.01,0.02, ... 1.00. The features used
were the subset of MD, ECD, TFLO, TRQ, WOB, RPM, and ROP that were available, as
listed in Table 1. The values of ¢ were chosen to recover good coverage of potential
method specificity, even with each datapoint assigned K+ 7 anomaly scores, each of
which could lead the datapoint to be considered anomalous. For each combination of
hyperparameter values, each DDR-or-EOWR-derived drilling problem in the 5-m interval
was regarded as correctly identified if the associated depth was within a system-
identified anomalous incident.

For each value of AMD, the system’s implementation for all recorded drilling, for various
c, permitted calculation of the receiver operating characteristic (ROC) described by
Fawcett (2006): the proportion of all true drilling problems identified (sensitivity) as a
function of the proportion of all depths identified as within an anomalous incident (1 —
specificity). Including the additional point (1, 1), corresponding to the identification of
all depths as anomalous, the optimum value of AMD was taken to be that which
maximised the area under the ROC curve: AMD =1 m (see Fig. 3). With this value of
AMD, the optimum value of r was taken to be that, among those resulting from the
above c, which maximised the positive likelihood ratio sensitivity / (1 — specificity): r=
0.0032 / m. Higher values of rwould increase the drilling problem detection rate, but at
the cost of a higher number of false positives.
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Testing

The testing data were taken from the Wytch Farm oil field: a set of three reservoirs into
which over 100 onshore wells have been drilled, from 13 sites in Dorset, England. These
Wytch Farm wells were chosento be geographically and geologically distinct from the
wells used for hyperparameter tuning, as Fig. 2 shows, and so to ensure the applicability
of testresults to new drilling contexts. The large number of wells provide examples of
different drilling problems experienced within the same geological context, offering the
opportunity to compare the rates at which different types of problem are detected. To
verify the problem-detection system’s applicability to new measurements, the
standpipe pressure (SPP) was included in analyses alongside previous features
(measured depth MD, rate of penetration ROP, total pump flow rate TFLO, surface
weight on bit WOB, drill bit rotation rate RPM, drilling fluid equivalent circulating density
ECD, and drilling torque TRQ).

To simulate the real-time drilling problem detection for which the system is intended,
MWD data were processed in the same manner as for hyperparameter tuning.
Specifically, for each well, test points were defined at 5 mintervals between the least
and greatest measured depths at which MWD data was available. For each test point,
the tool was provided with the available MWD data from all fresh drilling at lesser
depths in the well, as if applied when drilling reached that point, and identified
anomalous incidents within these data. Any new anomalous incidents, restricted to the
5 m depth interval since the last test point, were recorded, and their depth ranges
compared to the depths of drilling-problem-related drilling interruptions.

Results

Our drilling-problem-detection system rapidly identified anomalous incidents in MWD
data, with a standard laptop’s 3 GHz CPU requiring at most 5 s of computation for 5 m of
new drilling. As Fig. 4 demonstrates, these anomalous incidents corresponded weakly
to the depths of drilling-problem-related drilling interruptions, which we take to be the
depths of drilling problems. Most anomalous incidents did not include a drilling
interruption, with anomalies instead corresponding to erroneous measurements,
extremes of natural variation, or changes in drilling conditions. Near the start of drilling,
in particular, new datapoints were likely to fall outside the range of previous variation,
and so to be identified as anomalous. Furthermore, many drilling interruptions did not
lie within any anomalous incident, with no anomalies apparent within the available
MWD data. Equivalent results, for each feature of each Wytch Farm well’'s MWD data,
are in the Supplementary Material.

However, the proportion of drilling problems that were detected using the problem-
detection system is greater than would be expected by random chance, to a statistically
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significant extent. Across all 31 km of drilling for which data were analysed for testing,
only 5 anomalous incidents were identified in every 100 m of drilling, and the combined
depth ranges of all anomalous incidents covered 8.6% of the total depth range. Yet of
the 17 drilling-problem-related interruption depths within the range of MWD data, 5 lay
within an identified anomalous incident. If P = 0.086 is the probability of randomly
detecting each drilling problem, the probability of detecting atleastd=50fn=17
drilling problems is

N Pk (1— P)"* = 0.012. )
p kZ—d(k)

Consequently, the null hypothesis Ho, that the drilling problem detection tool is ho
better than random selection, must be rejected at the 5% significance level.

There is no evidence for differences between the chances of detection of drilling
problems of different type. Table 2 lists all the drilling-problem-related drilling
interruptions inferred from DDRs and EOWRs, demonstrating that no type of drilling
problem is consistently detected or consistently undetected. Quantitatively, we
calculate the numbers of drilling problems that are detected across three broad
categories: 3 of 9 high losses of drilling fluid, 1 of 5 low rates of penetration, and 1 of 4
motor failures. For each category, the proportion of drilling problems that are detected
is consistent with the 29% chance of detection implied by the cross-category results.
This may, however, be a consequence of the limited number of drilling interruptions in
the dataset.
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Discussion

Limitations of tests

Whilst the tests described in this paper provide a guide to the effectiveness of the
machine-learning-based system in detecting drilling problems, the system’s practical
effectiveness is likely to differ significantly from the results described here. This
generalization error emerges from three limitations of the legacy dataset available for
testing:

1. the limited number of drilling problems described within the dataset,

2. the need toinferthe depths at which drilling problems were encountered, and

3. the impossibility of examining the counterfactual case, in which the tool was
applied during drilling.

Within the entirety of the dataset used for testing, only 17 drilling problems were
identified from DDRs and EOWRs. Such reports provide unambiguous descriptions of
only those drilling problems that were sufficiently severe to interrupt drilling and, while
it is these problems that are of most concern to drilling operators, they are generally
rare. In the Wytch Farm oil field the experience accumulated over repeated drilling, in
similar geology, reduced the number of severe drilling problems encountered to a very
small number of incidents per borehole. Consequently, the number of drilling problems
in this analysis was sufficient to show the problem-detection system to be effective, but
not to identify variation in its effectiveness. Expansion of our analysis to other wells,
such as the offshore wells within the NSTA dataset, would require substantially larger
drilling problem datasets. These, inturn, require either manual effort or the
development of Natural Language Processing tools that can parse drilling problems
within DDRs and EOWRs.

More problematically, the true depths at which drilling problems were encountered
were not described in DDRs or EOWRSs, and therefore had to be inferred from the depths
at which an interruption in drilling was attributed to a drilling problem. These two sets of
depths are likely to differ significantly, as operators may interrupt drilling due to the
perception of a problem where one does not exist, and may not interrupt drilling until
long after a progressive or subtle problem has first emerged. For example, Fig. 5a shows
that the drilling of well A13 continued for over 100 m between a substantial drop in
standpipe pressure, identified by the problem-detection tool as anomalous, and a
drilling interruption due to uncontrollable losses. Such occasions, in which the system
could have allowed drillers to act long before they are documented to have acted, are
strong indicators of the tool’s potential value. But we cannot objectively distinguish
them from false positives and so cannot count them in our retrospective assessment.
Similarly, we cannot count successful detections of problems that went unnoticed, or
were deemed too minor to interrupt drilling.
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Relatedly, records of what actually happened, in the problem-detection system’s
absence, provide limited information about what would have happened, had the system
been applied. The identification of anomalous incidents might have provided drilling
operators with information that improved the drilling process, even when these
incidents did not correspond to a problem that interrupted drilling. On the other hand,
the identification of anomalous incidents during normal drilling might have distracted
drilling operators, impeding drilling, or resulted in unnecessary interruptions. The
system would only have been useful if it allowed drillers to take action that they did not
take without it and that improved the drilling process more than itimpeded it. Effective
application of a problem-detection system would require not only that the system is
effective in detecting problems, but also that itis effectively integrated into the drilling
process.

Limitations of MWD data for drilling problem detection

Even a drilling problem detection tool that is both effective and effectively integrated
will be subject to the limitations of MWD data.

All electronic sensors are sensitive to issues when operating in a hostile subsurface
environment. Sensors operating on a drill string are at a risk of water ingress, heat,
pressure and physical damage by vibration and abrasion. Data transfer from subsurface
sensorsis also problematic. In current drilling operations, data transfer during drilling is
reliant upon low bandwidth acoustic pulses, with full data available only through
physical download once drilling has ceased. Connectors are always at risk of creating
leakage pathways and live connections are likely to be subject to disruption from the
drilling process.

The effects of these measurement and data transferissues are dropouts in data or
spikes of unrealistic data. Drilling effects can decrease the accuracy of sensor
recording, with effects such as mudcake on sensors lowering sensor resolution, and
some drilling events going unrecorded. For example, Fig. 5b shows no evidence in well
F25’s RPM data that the bit stuck at a measured depth of 1,805 m. In consequence, the
problem-detection system cannot be considered a diagnostic tool but only, if it provides
data usefulin overcoming drilling difficulties, an indicative tool.

Hydrocarbon and geothermal development drilling

Although we expect the system we have developed to be applicable to geothermal
development drilling, based on its effectiveness on data from hydrocarbon drilling,
there are differences in drilling problem detection requirements between the two use
cases. Each hydrocarbon well presents an opportunity to encounter very large and
financially remunerative volumes of hydrocarbons; a common aim of the drilling
process is to drill as fast as possible into the potentially productive horizon. A
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successful well might be worth millions of dollars immediately after a hydrocarbon
column is encountered, so the quality of the derived borehole created is largely
separate from the financial payback. In contrast, if a geothermal well provides access to
warm or hot water, in permeable strata at depth, then the payback period is measurable
in decades. Since the largest expense in geothermal development is the cost of drilling
the well, there is a strong incentive to maximise the integrity of this well, ensuring a
robust borehole that lasts for this extended payback period (Lukawski, et al., 2014).

We expect that risks to long-term well stability will be associated with anomalies similar
to those considered in this paper, associated with drilling interruptions. But further
research is required to validate the association between the anomalies detected by our
system and the drilling problems that impair long-term well stability, especially as the
completion of geothermal wells differs from that of oil or gas wells. Consistent problem
reporting and increased data availability for geothermal well drilling would aid such
research.

Conclusions

The availability of datasets from the drilling of geothermal development wells is limited,
but the UK’s North Sea Transition Authority holds plentiful, openly available datasets
from the analogous drilling of hydrocarbon exploration and development wells. From
the holdings associated with UK onshore wells, we extracted a dataset of digital
measurement-while-drilling data and records of the depths at which drilling problems
interrupted drilling.

Using this dataset, we developed a broadly applicable system for the real-time
detection of drilling problems, from measurement-while-drilling data. The system uses
unsupervised machine learning, and the Isolation Forest algorithm in particular, to
identify intervals of anomalous data. It therefore relies neither on the theoretical
understanding necessary for a physics-based system, nor on the prior, equivalent, fully
representative, and labelled datasets necessary for supervised machine learning. The
system has only two hyperparameters, which we tuned using six geographically
dispersed wells, maximising the positive likelihood ratio of detecting depths at which
drilling problems interrupted drilling: the probability that such a depth lies within an
anomalous interval, divided by the overall proportion of depths within anomalous
intervals.

Applying the system to separate data from twenty separate wells, from a single large oil
field, our system detected problems that interrupted drilling at a rate significantly
greater than random (29%, p = 0.012), with around 5 false identifications per 100 m of
drilling and a low computational cost. This test indicates that our system can be
successfully applied to new drilling, in new geological and operational contexts.
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However, drilling problems were too rare within our dataset to permit comparison of
different drilling problems’ detection rates, and results from retrospective records of
drilling interruptions cannot be directly transferred to real-time detection of drilling
problems. Further work is required to establish the applicability of our results to
geothermal development drilling, especially given the limitations of measurement-
while-drilling data. Such work could also examine other unsupervised machine-learning
algorithms for drilling problem detection.
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(a) Isolation Forestanomaly score calculation. (b) Classification ofanomalous incidents (green) from
anomaly scores, given hyperparameters c and AMD. (c) Information flow within our drilling problem
detection system (gold); our derivation of datasets (blue); our tuning of system hyperparameters
(white); and our calculation of test results (pink).
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Fig. 2: Context of drilling data. (a) Locations and years at which drilling started, in the context of British bedrock
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with each well indicated by its initials. Wytch Farm’s stratigraphy is represented by Wytch_Farm_K15’s and, for
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Table 1: MWD data in this study, with feature acronyms defined above. Wytch Farm wells were reserved for testing.

Well designation Datapoints Medians of MWD data, where used in analyses

MD WOB RPM TRQ ECD TFLO SPP ROP

(km) (kN) (/min) (kNm) (kg/l) (Us) (MPa) (m/hr)
Balcombe_2 2701 0.42 51.2 107 391 1.27 373 9.5
Hykeham_1 3960 0.62 41.8 205 0.98 48.8 12.7
Kirby_Misperton_5 4314 1.31 37.3 1.22 194 8.9
Lesters_Lane_1 1003 0.57 37.2 83 15.25 1.05 24.3 5.4
Lybster_1 13298 2.07 205.1 49 19.73 51.8 2.8
Willows_1 2231 1.29 85.0 99 32.1 8.7
Wytch_Farm_A12 26022 247 27.8 45 6.82 15.9 223 9.5
Wytch_Farm_A12Y 9170 3.31 21.2 0 0.36 15.1 22.5 5.3
Wytch_Farm_A13 106778 2.09 443 99 7.95 17.8 19.4 14.5
Wytch_Farm_A13Z 7960 2.37 25.0 100 6.97 16.4  27.7 5.7
Wytch_Farm_B11 873 1.85 22.7 261 0.02 15.0 215 15.6
Wytch_Farm_B11Y 51857 2.71 27.4 50 0 15.7 20.6 9.9
Wytch_Farm_B11Z 119122 243 32.2 49 16.2 215 14.3
Wytch_Farm_F22Y 10000 4.44  47.2 263 13.88 12.0
Wytch_Farm_F24 9409 2.36 36.0 35 0.60 1.24 16.5 23.2 13.1
Wytch_Farm_F25 1909 2.68 355 326 7.23 1.28 16.9 19.5 15.4
Wytch_Farm_G4 7379 1.26 42,5 107 6.08 33.6 17.2 17.5
Wytch_Farm_K1Y 1250 1.95 71.6 49 2.14 22.5 12.3
Wytch_Farm_K1Z 688 1.51 45.8 0 0.11 22.5 10.8
Wytch_Farm_K15 2096 1.07  52.8 115 10.06 1.11 35.6 13.6 19.9
Wytch_Farm_K16 6321 0.43 92.9 0 0 51.6 10.3 6.3
Wytch_Farm_K16Y 21239 2.87 36.5 119 10.71 13.2 16.9 7.1
Wytch_Farm_K16Z 154780 1.47 524 113 9.76 33.5 15.2 10.9
Wytch_Farm_L14 806 1.85 31.8 269 0.02 1.24 15.8 19.3 11.0
Wytch_Farm_M11 5948 1.51 88.5 80 46.8

Wytch_Farm_M18 43733 3.54 934 102 35.8
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Table 2: Details of drilling-problem-related drilling interruptions

WELL

MEASURED DEPTH
(m)

DESCRIPTION IN DDR OR EOWR

DETECTED?

A13
F22Y
F22Y
F22Y
F22Y
F22Y
F22Y
F24
F25
G4
K16Y
K16Y

M18
M18
M18
M18
M18

1067
3949
4118
4408
4688
4862
5109
3072
1805
1673
2898
2900

1179
4873
5872
6376
6522

Uncontrolable [sic] losses

Failed mud motor

Mud losses, LCM pill blocking BHA
Dynamic losses at 50bbls/hr

Low ROP, 46bbls/hr losses

Pressure losses, drill pipe backed out
No progress

Sudden downhole mud loss of 30 bbls
Bit stuck

POOH to cure losses

Dynamic losses observed - 105bbl/hr
Losses seen increasing to 75bbl/hr
dynamic

Motor twist-off

Poor ROP

Motor failure

Poor ROP and pressure fluctuations
Motor failure

A XX AX XAASAXAUXXXXXXX





