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Abstract
Drilling related costs can contribute 30-70% of operators’ capital expenditures for well construction.
To reduce costs, operators can reduce bit-on-bottom time and flat time. This work describes a drilling
optimization advisory system utilizing machine learning (ML) with integrated safeguards for preventing
issues that might occur following drilling parameter changes intended to increase rate of penetration (ROP),
such as hole cleaning (HC) issues which might lead to stuck pipe, or stick-slip that reduces drilling efficiency.

This work builds on the authors’ previous publications on ROP optimization (OTC-31680-MS,
SPE-214521-MS), incorporating modules targeted at prompt detection of stick-slip for timely mitigation,
and ensuring advised drilling parameter changes do not potentially cause HC issues and pack-offs. The HC
safeguard utilized a downhole Equivalent Circulating Density (ECD) estimation ML model (SPE-208675-
MS), queried by the optimizer to estimate effects of proposed drilling parameter changes, and corresponding
ROP, on the ECD. A configurable tolerance to (expected) ECD changes from baseline parameters ensured
any ECD increases were acceptable. The stick-slip detector monitored the frequency spectra of surface
rotary speed and torque measurements, and utilized a classifier to estimate the probability of stick-slip
symptoms’ presence.

The ROP optimization system with integrated ECD safeguard has been field-deployed in SE Asia since
Q4 2023, with no stuck pipe incidents relating to pack-offs occurring since this version of the software
has been in use. The further enhanced version with integrated stick-slip detection was deployed to field
operations in Q2 2024; analysis of historical well data with torsional vibration issues demonstrates the
detector identifies stick-slip with high performance, achieving a precision of 0.92 on holdout (unseen)
drilling data intervals from five wells, with all stick-slip symptoms present in the data identified. With
stick-slip identified based on the estimated probabilities, human monitoring staff are notified, and the ROP
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optimizer automatically alters its behavior to allow torsional vibrations to be mitigated in order to maintain
high drilling efficiencies.

The Literature contains many works on the separate topics of stuck pipe prevention, ROP optimization
and vibration mitigation, however these have not previously been incorporated into a holistic system
balancing these different, sometimes competing, objectives. This work demonstrates effective integration
of modules for ROP optimization, and detection of pack-off risks and torsional vibrations, into a
combined system enabling increased drilling efficiency while reducing risks leading to non-productive time,
contributing to overall reduced well construction time.

Introduction
Drilling operations in hydrocarbon wells are expensive activities, representing a large component of capital
expenditures in the upstream oil and gas industry. Typical daily operating costs during the drilling phase can
range from several tens of thousands to well in excess of a million US Dollars, with rig rates contributing
a large portion of this in deepwater operations where semi-submersibles or drillships are hired. Analysis
by IHS Markit and the US Energy Information Administration (EIA) estimated that drilling contributes
30-40% of total well costs for onshore wells, and ~60% of total well costs for offshore deepwater wells,
although offshore costs vary considerably depending on the specifics of the well (U.S. EIA 2015). As a
result, operators are incentivized to improve drilling efficiency and rate of penetration (ROP). In addition
to faster drilling reducing bit-on-bottom time, mitigation of drilling dysfunctions (such as vibration), and
prevention of drilling incidents resulting in non-productive time, are crucial for reducing operational time
and hence overall well construction costs. However, these goals may be at odds with each other in many
scenarios; for example, increasing the ROP also increases the rate at which cuttings are produced, which in
turn increases the risk of poor hole cleaning if there is insufficient fluid circulation to remove these cuttings.
Subsequently, pack-offs and stuck pipe incidents may occur, often resulting in extensive non-productive
time and resources spent on freeing the drill string. Similarly, torsional vibration (stick-slip) is a commonly
encountered dysfunction that reduces drilling efficiency (energy is transferred into oscillations of drillstring
or bottom-hole assembly (BHA) rather than into penetrating the formation) and can lead to damage to
expensive downhole equipment if not mitigated promptly. Hence, effective drilling optimization requires a
holistic approach balancing faster drilling with risk avoidance and mitigation, in order to achieve an optimal
outcome of safe, fast, and efficient drilling leading to reduced well construction time.

ROP optimization using machine learning (ML) techniques has been an actively researched topic in
recent years, with many works published on ROP prediction. Junca Rivera et al. (2022) described a
methodology utilizing Deep Learning for improving ROP in various drilling environments, though this
work was focused more on offline offset well analysis and planning for future wells, rather than real-
time applications. Methodologies based on optimizing multiple objectives have been described by Singh
et al. (2022) and Zhang et al. (2023), for example by attempting to simultaneously maximize ROP while
minimizing Mechanical Specific Energy. Other published works utilized sophisticated but computationally-
expensive methods for finding optimal sets of drilling parameters, for example metaheuristic algorithms
such a Particle Swarm Optimization or Genetic Algorithms (Cao et al. 2022, Erge et al. 2022, Fernandez
Berrocal et al. 2022, Nautiyal and Mishra 2023), which again hinders their usage for real-time optimization.
However, only a few of the published ROP optimization methodologies and systems have been field-tested
on multiple wells, in different fields, with published results demonstrating efficacy (Singh et al. 2022,
Robinson 2022a, Robertson et al. 2023, Al-Riyami 2023, Singh et al. 2024). A paper by Hai et al. (2024)
described field testing of an ROP optimization system in China on a single well. Achieving good ROP
prediction results is insufficient for proving the efficacy of an optimization system, which must be done
in the field by actioning system-generated advice (and assessing the ROP observed in response), either
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indirectly by the rig crew after being notified by monitoring specialists (Al-Riyami 2023), or using a closed-
loop optimization workflow, an example of which has been published by Singh et al. (2024).

Other applicability limitations described in the literature include formation or field-specific models
(Batruny 2019, Safarov et al. 2022, Elahifar 2024, Jiao et al. 2024), and the use of input variables associated
with particular downhole apparatus. An example of this is differential pressure, which was demonstrated
by Singh et al. to be an effective predictor for ROP and controllable parameter when drilling with positive
displacement motors (Singh et al. 2019, Singh et al. 2021). However, this does not apply to drilling with
rotary steerable systems (RSS) which are increasingly commonly used. Another example could be the use
of downhole measurements in methodologies for detection drilling dysfunctions such as torsional vibrations
(Singh et al. 2022, Robertson et al. 2023), which imposes requirements to use specific downhole tools
during operations. Wang et al. (2024) have published work on an ROP prediction methodology dependent
on formation data obtained by coring. All of the aforementioned limitations reduce the scope in which these
methods can be used, introduce pre-project work requirements for customizing models to a specific field or
set of formations, or increase costs of operation through requiring expensive downhole tools.

In this work, the authors describe a software system and methodology for optimizing the ROP in real-
time during drilling operations, while maintaining operational safety using multiple safeguarding modules
integrated with the ROP optimizer. The optimization system described in this work utilizes sub-systems
for detection of stick-slip symptoms and prevention of hole cleaning issues in order to dynamically
determine operational boundary thresholds, however the system architecture is modular by design, and can
be readily extended with new modules addressing other known drilling dysfunctions. The ROP optimizer
and safeguards utilize a suite of generalized ML models that use only readily-available real-time surface-
measured data as inputs. "Generalized" in this context refers to models that have been designed and pre-
trained for immediately deployable and effective "global" usage, thus avoiding restrictions to their scope
to specific regions, fields, formations or wells with available local offset data. This enables them to be
used out-of-the-box on unfamiliar wells that were not used during the model development and training
process. This approach is intended to replicate usage in the field on a new well. The use of only surface data
at inference time, and no downhole measurements, is intended to prevent dependencies on any particular
downhole tools, enable system outputs to be generated in real-time, and to maximize the number of drilling
operations in which the system could be readily used.

Prior to introducing the safeguarding modules described in this work, an earlier version of the system
(Robinson 2022a) was used in the field since 2021, with detailed field testing results obtained from an ultra-
deepwater well and a shallow water well, located in West Africa and Malaysia respectively, available in a
previous paper (Al-Riyami et al. 2023). The successful outcomes of these field trials and proven operational
value provided the context for the methodological updates and extended field-usage reported in this work.

Methods and processes
The main focus of this section concerns the integration of multiple component modules into a (usually cloud-
based) holistic system that considers multiple objectives, namely selecting drilling parameters for increased
ROP, monitoring estimated downhole ECD changes in response to higher ROP, and real-time detection
of torsional vibration symptoms. Each system could be run independently to fulfil their design objectives,
however collective usage within an integrated system was expected to provide greater operational value than
the sum of their parts. This is due to automated actions that can be taken by the optimization system when
aware of a broader operational context, for example proactively avoiding potential hole cleaning issues,
or shifting focus from increasing ROP to dysfunction-mitigation upon detection of stick-slip symptoms as
they initially manifest.

The ROP optimization system utilizes a core module for identifying candidate combinations of drilling
parameters that are expected to maximize ROP, subject to certain constraints to safeguard the operation.
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These limits may be user-configured at any point before or during operations (based on rig constraints
for example), actively determined during operations through scenario modelling, or alternatively derived
from real-time risk detection methods for identifying drilling dysfunctions. The core optimization module
used was an updated version of system described by the authors in a previous paper, using an updated ML
model for ROP estimation, and a similar directed multi-stage parameter sweep in order to select an optimal
combination of drilling parameters (Robinson 2022a).

The two classes of safeguarding modules integrated with the core optimizer, can be broadly described as
"reactive safeguards" and "preventive safeguards". Within this framework, reactive safeguards monitor real-
time or historical data for prompt detection of drilling dysfunction symptoms, and publish a severity metric
to human users or other software systems to support mitigating actions to be taken, either by appropriate staff
or automatically. The stick-slip symptom detection module linked to the optimization system is an example
of a reactive safeguard. Preventive safeguards attempt to estimate the potential impact of proposed drilling
parameter changes on other key parameters relating to operational safety, drilling dysfunctions or events
leading to non-productive time through scenario modelling. This enables the optimizer to pro-actively avoid
potentially consequential issues by imposing dynamic safety limits based on the current operational context.
In the context of this work, the preventive safeguard is intended to protect against issues with poor hole
cleaning, which can result in pack-offs and costly non-productive time stemming from stuck pipe incidents.
This is achieved through modelling the downhole Equivalent Circulating Density (ECD) changes expected
from various scenarios with modified drilling parameters, due to increases in ECD being an indicator of
poor hole cleaning that is commonly monitored by practitioners in the field. This built on the authors’ prior
work on ECD modelling using ML techniques (Robinson 2022b). With faster drilling, the excess cuttings
produced and suspended in the drilling fluid contribute to increasing the average density of the circulating
fluids.

Overview of the ROP optimization system
An overview of the cloud-based ROP optimization system, its component modules, and how these integrate
with remote data infrastructure, is shown in Fig. 1. The system consists of an orchestrator module
responsible for:

• receiving and pre-processing data from the remote data store (WITSML stores were connected to
in this work),

• passing pre-processed data to, and requesting drilling parameters from, the core ROP optimizer,

• receiving data from the support modules (safeguards) used for detecting drilling risks in real-time.

In addition to the orchestrator and core ROP optimizer, two safeguarding modules were used to augment
the optimization system. The first was a reactive safeguard performing real-time drilling dysfunction
detection to identify possible drivers of reduced drilling efficiency, for example torsional vibrations (stick-
slip) or other vibrations. Once detected, the information shared with the orchestrator could prompt the
system to either pause attempts to identify drilling parameters for maximizing ROP until the dysfunction
is mitigated or continue issuing drilling parameter advice as normal, configured according to users’
preferences. Alternatively, the system could be extended to issue advice for mitigation, however this was
outside of the scope of this work. The second module, a preventive safeguard, used an ML model to estimate
the expected effect of changing drilling parameters, with respect to downhole ECD increases and potential
risk of poor hole cleaning. Information from this scenario analysis was then used to constrain the drilling
parameter advice.
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Figure 1—Overview of the drilling rate-of-penetration optimization system with integrated
safeguarding modules. The architecture is extensible by design, with the capability for other

dysfunction detection or scenario modelling modules to be integrated with the orchestration module.

The core optimizer module identifies the weight-on-bit (WOB) and surface rotary speed values that
maximize the expected ROP provided by the ROP model, subject to a set of safety constraints required to
avoid drilling dysfunctions, hole cleaning issues, or equipment damage. These limits can be user-defined
ahead of or during operations, for example based on the rig constraints or equipment manufacturer's
recommended safe operating limits. Alternatively, these can be determined dynamically based on a
preventive safeguard, in this case focused on risks of poor hole cleaning through modelling the downhole
ECD expected in response to drilling parameter and ROP changes. Furthermore, information published by
the stick-slip detector (and reactive safeguarding modules more generally) to the orchestrator can be used to
alter the system's behavior, shifting focus from increasing ROP to mitigating identified drilling dysfunctions.

All sub-systems that involve modelling – for ROP estimation, ECD estimation and stick-slip symptom
detection - utilize generalized pre-trained ML models developed using only surface-measured data as inputs,
given its routine availability in drilling operations, to support widespread and scalable usage of the system.
These models are trained and validated using data from independent wells, hence are not limited by design
in their utility to specific fields, regions, formation types, BHA or bit types, or intervals within a particular
well. These characteristics allow the system to be used directly on new and unfamiliar wells, without the
need for pre-project customization of models, which would require additional upfront effort and hinder
useability. The ROP optimization system was used in the scope of this project in an advisory capacity,
although it could be readily modified to integrate with a rig control system for closed-loop drilling parameter
optimization. The optimization system's architecture is extensible by design, and could be augmented with
additional modules for providing protection against different drilling dysfunctions, for example lateral and
axial vibration, or equipment failures which could include drillstring buckling or damage to drill bits/cutters,
RSS, downhole logging tools, or mud motors.

Hole cleaning (ECD) safeguard

Background on ECD modelling techniques.   The following background discussion on ECD, and context
for modelling it using ML approaches, is a condensed version of introductory material from the authors’
previously published work on this topic (Robinson 2022b). Various factors influence the downhole ECD,
such as drilling mud characteristics (density, viscosity, and flow rate into the well), the quantity and
granularity of cuttings in suspension, well pressure and temperature (Rommeveit 1997), drillstring rotary
speeds (Hemphill 2008, Ahmed 2010, Kulkarni 2017), and gains and losses. Hence, modelling ECD is a
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complex and inherently multivariate problem. A detailed discussion of factors affecting ECD is provided
by Pål Skalle in Drilling Fluid Engineering, Section 7 (Skalle 2010). Usually, companies rely on expensive
downhole sensors to measure ECD, which typically provide data at lower sampling frequencies relative to
the surface measurements, and require data to be transmitted up to the surface. Most of these tools have
operational limitations (e.g. related to pressure and temperature) which might prevent their use throughout
the whole operation. In practice, ECD is typically obtained by measuring the pressure loss Ps in the annulus
using a quartz gauge pressure sensor, and then applying the following formula:

(1)

where DTV is the true vertical depth (TVD), ρmud is the mud density, and C is a constant. If using units of
ppg, psi and ft for mud density, annular pressure loss and TVD respectively, then , yielding
a commonly used version of this formula. Eq. 1 is also used in conjunction with hydraulics calculations,
which estimate values for Psinstead of using measurements from a downhole tool. Examples of rheological
models commonly used for hydraulics calculations in the industry include Bingham-Plastic, Power-Law
and Herschel-Bulkley (Whittaker 1985). These calculations typically require many input parameters, which
can be challenging to obtain values for, increasing the configuration effort required to use them and the
potential variability in results with respect to these parameters. Furthermore, they make certain assumptions,
for example when calculating pressure drop using Bingham-Plastic and Power-Law models, laminar flow
of drilling fluids is assumed, as well as the drillstring being located concentrically in a circular hole, no
drillstring rotation, and that the drilling fluid is incompressible (Bourgoyne 1991). These assumptions may
not hold well in reality; laminar flow is typically associated with low pumping rates, and drillstring rotation is
routine in many operations where ECD monitoring is of interest. These limitations provide clear motivation
for developing alternative numerical methods for estimating ECD, which has led to publication of various
works applying ML to this problem (Abdelgawad 2019, Alkinani 2019, Al Saihati 2021a, Al Saihati 2021b,
Gamal 2021).

Integration of ECD estimation into the ROP optimization process.   The hole cleaning safeguard module
was built around an ML model for estimating downhole ECD, using only the surface-measured data and
the (ML model-estimated) ROP as inputs. This method allows various scenarios to be modelled before
making changes to drilling parameters, in order to prevent a drilling hazard from occurring, in this case
poor hole cleaning or cuttings accumulation. This ML model, an updated version of the model described
in a previous work by the authors (Robinson 2022b), was pre-trained on a curated historical dataset with
globally-distributed wells, which included surface data and downhole ECD measurements. The model did
not have design assumptions limiting its scope to a specific set of regions, fields, formations, or downhole
equipment configurations.

The process used by the ROP optimizer when integrated with the hole cleaning safeguard is shown in Fig.
2. After receiving a request from the orchestrator for drilling parameter advice, the core optimizer generates a
set of possible candidate solutions (combinations of drilling parameters) in which to search for an optimum.
The optimizer then filters these candidates according to configured safety constraints on the allowed ranges
of WOB, rotary speed, and mud flow rates, and requests estimates for ROP values corresponding to each
candidate solution from the ROP model. A second filter is then applied based on maximum allowed ROP.
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Figure 2—Process diagram describing how the ROP optimizer works using a preventive
hole cleaning safeguarding module, that estimates downhole ECD under different scenarios

associated with candidate combinations of surface drilling parameters (WOB and rotary speed).

After these ROP estimates within the configured search range are obtained from the ROP model, the
ECD model is queried by the core optimizer to assess the expected impact of each candidate solution's
proposed changes in drilling parameters (and corresponding ROP estimate) on the ECD. These are assessed
relative to a "baseline" ECD estimate, which is defined to be the ECD value obtained by keeping the drilling
parameters unchanged, after first generating a baseline ROP estimate from these. Based on the expected
changes in ECD modelled for different scenarios, the potential risk of hole cleaning issues can be quantified,
and a set of drilling parameters that are expected to keep ECD within a configured change tolerance can
be selected from the set of possible candidate solutions. Candidate solutions expected to result in an ECD
increase above the baseline value in excess of the configured safety threshold are consequently filtered
out; when combined with the basic constraints applied earlier on, the optimal drilling parameters are then
selected to be those that maximize ROP within the full set of safety limits. The optimum values are then
returned by the core optimizer to the orchestrator, which then publishes outputs to the appropriate data store
for consumption by end-users located in the real-time monitoring centers.

Stick-slip safeguard

Background on stick-slip detection methods.   Given the detrimental impact of torsional vibrations on
drilling efficiency and increased risk of equipment damage, it is unsurprising that modelling, detection and
mitigation of these vibration issues is an actively researched topic in the drilling industry, with numerous
published works. A common practice in the industry is to model stick-slip phenomena by treating the
drillstring as a driven damped torsional oscillator, where the drive frequency is set by the drillstring/
bit rotation and the damping force comes from the bit-rock interaction and friction forces acting on the
drillstring from interaction with the borehole. This approach allows the natural frequencies of drillstrings,
and their associated harmonics to be estimated based on the moment of inertia and torsion constant, which
are calculated from the material and geometric properties of the tubulars and BHA. Guidance can then be
issued to avoid driving the system at these frequencies and inducing a resonant interaction where energy is
efficiently transferred into the torsional vibrations. Kamel et al. (2014) investigated physics-based methods
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to model stick-slip when drilling with fixed-cutter bits, such as polycrystalline diamond compact (PDC)
bits which are increasingly commonly used in the industry. The authors applied a lumped parameter method
to obtain a dynamic model of the drilling system, and estimated equivalent system parameters estimated
using a Lagrangian approach.

Another industry-standard approach utilizes downhole bit RPM measurements (or torque in some
variations) to monitor stick-slip symptom severity. The following formula is applied to calculate a stick-
slip severity index (SSI) for data from a particular time window:

(2)

where ωbit is the bit rotary speed, and  denotes the mean bit rotary speed averaged over the time
range. Although this approach has been used successfully across the industry to characterize stick-slip, it
is dependent on downhole measurements, which must be up-linked via an appropriate telemetry method,
which limits the rate at which this data can be consumed by monitoring systems. Examples of publications
on stick-slip detection with methods using downhole data include the works of Pavone and Desplans (1994),
Robnett et al. (1999), and Ledgerwood et al. (2010). The importance of the sampling rate of time series
data used for vibration detection was studied by Srivastava et al. (2024), following on from Srivastava's
work on stick-slip detection using ML (2022), who reported that while lower sampling rates could be used
to detect torsional vibrations affecting the drillstring, a sampling rate of >10 Hz was recommended for
optimum reliability with their method. While data at high sampling rates is available at the rig site directly
from the sensors, data is typically down-sampled before transmission to remote data stores due to bandwidth
limitations, hence any cloud-based stick-slip detection must still work reliably with 0.2 Hz to 1 Hz data to
support general-purpose global usage.

Various works have applied ML techniques to the stick-slip detection problem; Gupta et al. (2019)
reviewed the capability of various ML algorithms for predicting downhole vibrations from time-series
data. Millan et al. (2019) described a methodology utilizing only surface data for characterizing drillstring
vibrations in real-time. Similarly, Saadeldin et al. (2023) applied several ML algorithms with only surface
measurements used for inference, to predict the severity of axial, torsional and lateral vibrations, where
high frequency downhole measurements were used to determine vibration severities when training models.
Sheth et al. (2022) described a method using surface measurements for predicting the stick-slip response
for the next stand, from particular combinations of WOB and rotary speed values using a hybrid physics-
guided machine learning methodology, to help drillers to proactively avoid drilling parameters likely to
excite torsional vibrations. Another methodology combining physics-based and machine learning models
was described by Yahia et al. (2024) for detecting stick-slip in real-time based on surface-measured data.
The authors utilized sequences of time-series data and physical features (from a stiff-string torque and drag
model) to construct a regression model predicting values of an SSI obtained from downhole measurements
of bit RPM using Equation (2), although downhole measurements were not required at inference-time.
A recurrent neural network with Long-Short Term Memory (LSTM) units was used to estimate the SSI
directly from time-domain data, and a transfer learning approach was utilized to address challenges faced
with generalization of the LSTM models.

Of relevance to the topic of this paper, researchers have combined stick-slip detection methodologies with
ROP optimization systems. For example, Singh et al. (2022) developed a method for identifying stick-slip
symptoms based on downhole measurements and filtering the space of candidate WOB and rotary speeds
to avoid severe torsional vibrations, as part of a multi-component optimization objective considering ROP,
Mechanical Specific Energy, and stick-slip, and reported on field test results from a system applying this
technique (Robertson et al. 2023). Hai et al. (2024) also explicitly considered stick-slip and whirl as part
of their methodology, by incorporating a full-scale drillstring dynamics model alongside a neural network
for ROP prediction. Others have incorporated stick-slip detection into more broadly-focused systems using
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an ensemble of machine learning models, such as neural networks with 1-D convolutions and attention
mechanisms, for anomaly detection and dysfunction monitoring (Benzine et al. 2024).

Integration of real-time stick-slip symptom detection into the ROP optimization system.   The key objective
pertaining to real-time stick-slip detection in the context of this work was reliable and early detection,
ideally during the onset phase, to support the operations teams in promptly mitigating the dysfunction
to maintain drilling efficiency, and importantly before any equipment damage could occur. Predicting
(hypothetical) combinations of WOB and drillstring rotary speeds most likely to induce stick-slip issues – a
more challenging problem - was not in-scope nor necessary within the methodological framework presented.
The detector identified stick-slip symptoms by monitoring the recent surface torque and rotary speed for
characteristic patterns associated with torsional vibration. As only the readily available surface data was
used, detection of High Frequency Torsional Oscillations (HFTO) affecting the BHA components was not
within the scope of this work, as this would require downhole data acquired at much higher sampling rates
than the surface measurements, which contradicted the key objective of developing a methodology and
system utilizing only surface data. Hence, torsional vibrations affecting the drillstring were the primary
focus of the stick-slip safeguard.

As vibrations are inherently periodic, an efficient workflow to identify vibration symptoms is to analyze
time-series data from the rig in the frequency domain. This method is an extension of the authors’ previously
published work (Robinson 2023). Symptom severity can then be quantified based on an aggregated spectral
representation of the data, using a pre-trained ML model. An example of this for torque is presented in
Fig. 3(a), a 10 minute interval where the onset of torsional vibration symptoms was observed. In Fig.
3(b), the spectrum corresponding to the windowed signal is shown, following aggregation into a set of
discrete spectral bands within a configured spectral range. As demonstrated previously by the authors
in the context of automated detection of downlinking events via mud pulse telemetry (Robinson 2023),
utilizing the spectral power densities associated with the various frequency bands as an input vector to a
binary classification model is an effective method for detecting the periodic phenomenon of interest in real
time. Many classification algorithms can provide probability estimates associated with the binary classes
(symptom present / no symptom), which can in turn provide a proxy for the estimated symptom severity
at a given point in time.

The aforementioned methodology was used to develop an ML model for detecting stick-slip symptoms,
based on historical datasets from a set of wells in the North Sea, South America, and Southeast Asia,
where intervals with stick-slip issues were present were labelled for each observation in time. Various
models and algorithms could be used for classification in this context; in this work, the XGBoost (Chen
2016) package for ensembles of gradient-boosted decision trees was selected. The classification model's
parameters were fitted on a subset of the data from a fixed set of wells, and was validated against data from
another independent set of wells not used in training, to imitate real-world usage of the detection system
in the field; further details on stick-slip detection performance are provided in the Results and Discussion
section.
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Figure 3—An example from an operation where torsional vibration symptoms were observed, with (a) a sample time-
windowed torque signal from the operation, and (b) the corresponding spectral power densities aggregated into

discrete frequency bands, which were used as inputs to the developed torsional vibration symptom detection system.

The process steps used by the stick-slip detection module, and its integration with the orchestrator module
of the ROP optimization system and wider remote data infrastructure, are summarized in Fig. 4.

Surface torque and rotary speed data retrieved from the remote data store were sent by the orchestrator to
the stick-slip safeguard module running in parallel. The detection module pre-processed the time-series data
into windowed signals, which were then transformed into the frequency domain via Fast Fourier Transform
methods to obtain power spectra. The maximum resolvable frequency of the calculated spectra is half the
sampling frequency of the time-series according to Nyquist's Theorem, for example data sampled at 1 Hz
will result in a upper limit of 0.5 Hz that can be resolved without issues with aliasing. Next, the power
spectra were aggregated into discrete frequency bands, and preprocessed into the format expected by the ML
classification model embedded into the detector. The system then requested probability estimates from the
ML model for quantifying the risk from the drilling dysfunction. These were returned to the orchestrator after
post-processing, which was then responsible for any actions required based on the information received.
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Figure 4—Process diagram for the stick-slip detection module integrated with the ROP optimization
system as a reactive safeguard against drilling dysfunction. Reactive safeguards are integrated with the
orchestrator module that controls whether the system requests advice for optimized drilling parameters.
The sub-plots (a) and (b) from Fig. 3, displaying time-windowed surface data and an aggregated power

spectrum are included here at the relevant stages of the detection process where they are utilized.

While it could be used independently for standalone drilling dysfunction detection purposes, the stick-slip
safeguard was used in this work to ensure that drilling parameter recommendations generated by the ROP
Optimization system do not compromise operational safety or pose risks to drilling equipment. Depending
on the users’ preferred tolerances to stick-slip symptom severity, the system interrupted the process for
requesting advice for updated drilling parameters. An alternative strategy would be to extend the system to
issue advice for mitigation, for example by recommending to follow industry-standard mitigation techniques
involving reducing WOB and increasing drill string rotary speed, however this was not applied in this work.

A standard procedure used in the field by one of the operators is to follow ROP optimization advice only
when there are no hole cleaning issues or drilling dysfunctions occurring, and when the ROP does not need
to be controlled tightly for pressure management or wellbore stability purposes. The ROP optimizer has
the capability to issue mud flow rate recommendations, however in typical operations this was restricted
based on the operators’ preferences, as constraints on the mud flow rate are usually determined by other
factors outside of the remit of system.

Results and discussion
The ROP optimization system with integrated safeguards has been used in the field since November 2023,
with a total of 76 wells utilizing the system to some degree at the time of writing. For certain wells, the
system-generated advice was followed closely by the rig teams, whereas in other cases, the system was
available to them but followed on a more ad-hoc basis due to other constraints related to controlling ROP.
A geographic breakdown of the aforementioned 76 wells is provided in Table 1.
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12 SPE/IADC-223713-MS

Table 1—Geographic summary of numbers of wells where the safeguarded
ROP optimization system has been utilized in field operations.

REGION WELL COUNT

Gulf of Mexico 8

Middle East 3

Caspian Sea 8

SE Asia 42

North Sea 3

S. America & Caribbean 7

Africa (East & SW) 5

TOTAL 76

Two main challenges were faced while assessing results for wells using the ROP optimization advisory
system in routine field operations; firstly, time-depth curves for the wells comparing the planned time to
reach total depth (TD) and the realized times were not available to the authors for analysis after concluding
drilling. Similarly, time-depth curves for offset wells were not available. The second challenge was operators
have competing requirements which must be satisfied during the drilling process, hence it is not reasonable
to expect all drilling parameter advice to be implemented throughout. This obstructs a more comprehensive
field results analysis, such as that provided in the authors’ previous work for an ultra-deepwater well,
where recommendations were actively followed throughout the drilling sections, with specific examples of
increased ROP documented and where TD was reached 23 days ahead of the plan and ~2.5 days ahead of
the expected technical limit (Al-Riyami et al. 2023). As a result, this limits the assessment to examining
specific cases where drilling parameter advice was implemented by the rig teams, and any changes in ROP
which could be attributed to these actions.

The remainder of this section will focus on 3 topics; (1) analyzing the impact observed on the ROP
after following the optimization system's recommendations, (2) the performance of the downhole ECD
estimation model embedded into a preventive safeguard module, and its impact in the field with respect to
observed hole cleaning issues, and lastly (3) a selection of field case studies where the stick-slip safeguard
successfully detected stick-slip symptoms in real-time on a variety of unfamiliar wells, and examples
where the orchestrator appropriately interrupted the process for requesting drilling parameters to prioritize
mitigating actions.

Impact on observed ROP in the field after implementing drilling parameter advice
In this sub-section, a variety of case studies where drilling parameter advice was followed are discussed
with respect to the observed impact on ROP. Example offshore wells were selected from the Gulf of Mexico,
Southeast Asia, and the North Sea, with a mix of deepwater and shallow water wells. Additional examples
from the Middle East and Gulf of Mexico will be discussed in the sub-section discussing the results where the
stick-slip safeguard in operations. The optimization system was used out-of-the-box in each of these cases,
without specific pre-training to customize the system to the particular asset where the well was located. The
first of these cases examined was located in the Gulf of Mexico, with a screenshot of drilling data visualized
in a real-time WITSML viewer application shown in Fig. 5. The meanings of the various curves in the
display are explained via the annotations added to the screenshot.
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Figure 5—Screenshot from a commercial real-time data viewer application showing a Gulf of Mexico
drilling case study using the ROP optimization system, where advised drilling parameter changes were
implemented (increased rotary speed at the time indicated by blue star, in two stages), and higher ROP
values observed, evidenced by the faster changes in block position in the second track from the left.

During this period of the operation, recommendations to increase rotary speed and slightly increase mud
flow rates were provided by the optimizer. WOB was advised to be held mostly close to current values,
though recommendations to slightly reduce WOB were provided in a few isolated cases towards the ends of
the second and third stands after it had been steadily increased over the course of each stand. Rotary speed
was increased in two stages, starting at the point marked by the blue star. Based on the change in steepness
of the block position curve, it is evident that the ROP was increased for the two stands following the change.
The penultimate stand in the image was actually drilled with a slightly lower WOB than the previous one,
at value close to the optimizer's recommendations on the previous stand (orange "Advised WOB" curve),
and was completed more quickly than the previous stands, in ~60 mins compared to ~80 mins on the stand
immediately before, representing a ~25% reduction in time.

While drilling the 8.5 in. hole section of a deepwater well located in Southeast Asia, the operator recorded
an example where drilling parameter advice provided by the ROP optimizer was explicitly implemented.
For context, ROP was generally controlled in this well due to concerns around pore pressures, so advice
for increasing ROP was only actioned in a few cases. A screenshot from a viewer application showing
the drilling parameters and outputs from the ROP optimizer is provided in Fig. 6. Following discussions
between monitoring specialists (who receive the ROP optimizer's outputs in an advisory capacity) and the
Drilling Supervisor at the rig site, the rotary speed was increased from 120 rpm to the recommended 130
rpm. After the change, the ROP was observed to improve from 16 m/h to 25 m/h, representing an increase
of ~56% in this particular case.
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14 SPE/IADC-223713-MS

Figure 6—Example operation where drilling parameter advice to increase rotary speed
provided by the ROP optimizer was communicated to the drilling supervisor and actioned
at point (A), with increased ROP observed (green curve) during the shaded time interval.

In another shallow water well located in Southeast Asia drilled by the same operator, recommended
drilling parameters were again implemented by the rig team following discussion with the drilling
supervisor. During a casing-while-drilling operation for a 23 in. × 20 in. hole section, rotary speed was
increased from 40 rpm to the advised 50 rpm, resulting in an observed improvement in average ROP from
45 m/h to 49 m/h, an increase of 8%. The higher RPM value was maintained for the next stand, with average
ROP of 54 m/h observed (a total increase of 20% from 45 m/h), which corresponded well with the estimate
for optimized ROP of 54.92 m/h generated by the ROP optimization system ahead of the rotary speed
increase.

Shifting focus to a deepwater well in the North Sea, another scenario where rotary speed advice
was followed, and attributed the highest expected impact by the optimizer, is presented in Fig. 7, a
screenshot from a WITSML viewer, where the meanings of the various curves have been annotated. In
the first two stands, the system recommends to increase rotary speed, and hold WOB steady. Based on
the impact attribution curves (right-hand side of the screenshot), the optimizer prioritized rotary speed
recommendations in importance over modifications to WOB.
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Figure 7—Example drilling scenario from a deepwater well located in the North Sea where drilling parameter
advice to increase RPM was actioned by the rig team at point (A), after which the average ROP increased

from ~30 m/h to ~40 m/h. As shown in the impact attribution history curves, the optimization system
prioritized RPM increases over changes to WOB. At point (B), the WOB was increased, however little

change in average ROP was observed, supporting the importances attributed by the software in this case.

At point (A) indicated in the figure, the decision was made to increase the rotary speed to approximately
the level recommended by the optimizer on the previous two stands; this resulted in an increase in average
ROP to ~40 m/h, compared to ~30 m/h on the previous stand drilled with lower RPM, as indicated by the
green observed ROP curve. It should be noted in this case that the ML model underestimated the ROP with
an approximately constant offset in this case, as can be seen by the baseline ROP estimates (blue curve),
however the advised parameter changes appear to have been correctly identified, as demonstrated by the
clear ROP increase achieved. Furthermore, the impact attribution is supported by the observations after
point (B), where the average WOB was increased from ~7 klbm to 15 klbm in the final stand, with very
little change in average ROP observed after this.

Given the extensive scope of the field tests, across 76 globally-distributed wells, the aforementioned
examples constitute a small sub-set of cases where positive impacts on ROP were observed after utilizing
the optimization system's advised drilling parameters. Further field test results demonstrating efficacy at
increasing ROP, obtained using the system without integrated safeguards during ultra-deepwater drilling in
West Africa, and another offshore well in Malaysia, are available in a previous paper (Al-Riyami et al. 2023).

Impact of ECD safeguarding module on advised drilling parameters
In order for the hole cleaning risk safeguard to be used successfully, sufficiently low prediction errors
from the ML model used for downhole ECD estimation needed to be demonstrated. Near-constant offsets
between estimated and measured ECD were considered to be less concerning in the scope of safeguarding
methodology, which is based on expected changes in ECD rather than the level values. Hence, the
methodology has some tolerance to systematic error, and thus verifying that the "random" error component,
arising from unpredictable or unobservable changes in drilling conditions for example, was sufficiently
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small across a range of independent wells (excluded from data used in the model training process) was a
key milestone ahead of integration with the optimization system.

Ahead of deployment in the field, the performance of the ECD model was assessed on observations
(13020 in total) from 12 independent wells with downhole ECD measurements available as a reference.
This performance was summarized as a residuals distribution, where residuals are defined as the differences
between reference and predicted values, shown in Fig. 8. The ideal distribution (uniformly perfect
predictions) would have the form of a delta function located at zero, although in practice the goal is to obtain
a Gaussian-like distribution, centered on zero (low systematic error), with the lowest possible dispersion
(low random error). The authors note that earlier versions of the ECD estimation model reported in this
work have been utilized in field operations since 2020, as part of a hole cleaning risk detection and early
warning system focused specifically on stuck pipe prevention, with additional results to those presented in
this section published in prior works (Robinson et al. 2022b, Payrazyan and Robinson 2023).

Figure 8—Residuals distribution for the ECD estimation model used within the integrated hole
cleaning risk safeguarding utilized in the field. Observations from 12 independent wells, which
had not been utilized in model training or validation, were assessed to obtain the histogram.

An illustrative example comparing estimated and reference (measured) ECD values over time is shown in
Fig. 9, which represents a ~35 hour time interval from a well drilled in Southeast Asia (not used in training
dataset). As visible in Fig. 9(a), the modelled ECD tracked the reference values closely throughout this
interval, with Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE) of 0.099 ppg and 0.130
ppg respectively. As a metric, MAE is less affected by outliers than RMSE, hence the RMSE was slightly
higher, due to the small tails observed on the residuals distribution in the inset plot Fig. 9(b). Similarly to
the 12 well combined test (Fig. 8), this distribution was Gaussian-like in shape and centered close to zero,
with a distribution mean of 0.029 ppg and standard deviation of 0.126 ppg, indicating low systematic and
random error components in this case. Based on the results presented in Fig. 8 and Fig. 9, the prediction
errors observed with the ECD model were low enough to reasonably support usage for scenario modelling
in the hole cleaning safeguard.
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Figure 9—Example interval from a historical well dataset (located in Southeast Asia) comparing downhole
ECD measurements, and corresponding estimates for these observations generated by a machine

learning model, using only surface data as inputs for inference. The level values for reference and model-
estimated ECD are shown in (a), while the corresponding residuals distribution is provided in the inset (b).

The effect of setting more conservative (smaller) ECD change tolerance values on the ROP optimization
system's outputs can be seen in Fig. 10, which shows a historical sample drilling period from an ultra-
deepwater well in the ofshore West Africa region. Although this analysis was done retrospectively, field
test results from using an earlier version of the ROP optimizer, where the rig crew closely adhered to the
drilling parameter recommendations, were reported by the authors in a previous paper (Al-Riyami et al.
2023). In Fig. 10(a), the estimated ROP values under different ECD change tolerance scenarios are shown
for successive (measured) depth increments, with the baseline ROP estimates (green curve) representing
no change to rotary speed or WOB, for the depth increment about to be drilled, from the previously drilled
depth increment. The optimized ROP estimates expected from modifying drilling parameters are labelled
with the configured ECD change tolerances for each case, one with a very restrictive value (blue curve, 0.01
ppg), and one with a much less conservative setting (red curve, 0.5 ppg). These tolerances were chosen for
illustrative purposes, and typically ECD change values in the range 0.3-0.8 ppg are set by default during
live operations. The advised rotary speed and WOB values corresponding to the optimized ROP estimates
in each scenario are provided in Fig. 10(b) and Fig. 10(c) respectively. For this specific test, the optimizer's
allowed search ranges for updated WOB and rotary speed values were set to within ±20% of the baseline
values for both variables.
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Figure 10—Outputs from testing use of the ROP optimizer with hole cleaning safeguard during a sample
drilling period from a historical dataset, an ultra-deepwater well in the ofshore West Africa region. In sub-

plot (a), the estimated ROP values at successive depth increments under different scenarios are shown, with
the baseline estimate representing no change to rotary speed or WOB, and optimized ROP estimates labelled

with the configured ECD change tolerances used to constrain the optimizer. The advised rotary speed and
WOB values corresponding to the optimized ROP estimates are provided in sub-plots (b) and (c) respectively.

From a physics standpoint, ECD is expected to increase when drilling at higher penetration rates, due to
the generation of additional cuttings per unit time. Hence, the expected behavior for the optimizer under
strict ECD change constraints is to limit the final optimized ROP estimated as a result of modifying the
drilling parameters, which is indeed observed in Fig. 10(a) for the 0.01 ppg tolerance scenario. These
lower estimates for optimized ROP are in turn associated with less aggressive advised drilling parameters,
with lower rotary speeds recommended throughout the test interval, and slightly lower WOB values near
the beginning. As ECD is expected to be influenced by drillstring rotary speeds (Ahmed 2010), usually
increasing with higher RPM, this combined with the heuristic that increased RPM typically leads to higher
ROP provides evidence indicating that the behaviors learnt by the ECD model are in line with those expected
from a theoretical perspective. Hence, when integrated into the hole cleaning risk safeguard, the machine

D
ow

nloaded from
 https://onepetro.org/SPED

C
/25D

C
/conference/25D

C
 by Tim

othy R
obinson on 04 M

arch 2025



SPE/IADC-223713-MS 19

learning model was considered to be sufficiently accurate to provide a useful additional constraint to the
ROP optimizer.

Since the ECD safeguard was added to the ROP optimization system used in field operations, no pack-
off cases have been reported on wells actively utilizing it for drilling parameter advice. This was confirmed
by an operator in a public LinkedIn post (Mokhtar 2024). It should be noted that for the majority of these
operations (69 of 76 wells), the ROP optimizer ran in conjunction with a dedicated system for detection of
stuck pipe risks due to hole cleaning issues, as an additional safety mechanism. Furthermore, the operators’
practices to control ROP at certain points while drilling the wells are also expected to have played a role
in avoiding hole cleaning issues. Without running a set of field tests specifically dedicated to assessing
the hole cleaning safeguard (undesirable for operators who are focused on their core business), without
external controls placed on the operations, it is not possible to conclude that the safeguarding system single-
handedly prevented issues with poor hole cleaning. However, it is reasonable to state that applying the
ROP optimization system with safeguarding modules does not appear to have increased the risk of hole
cleaning issues in an observable manner, despite having documented numerous cases of increased ROP
after following the drilling parameter advice.

Cases studies of running torsional vibration detection module in field operations
Ahead of field-deployment, the detection model's performance was assessed through analysis of historical
well data exhibiting torsional vibration symptoms. This demonstrated that the detector identified stick-slip
with high fidelity, achieving a precision of 0.92 on holdout (unseen) drilling data intervals from five wells,
with all regions with stick-slip symptoms present in the data identified, even if the estimated stick-slip
probability did not exceed the 0.5 threshold at every time step during these regions. The precision statistic
quantifies the proportion of estimated stick-slip probabilities exceeding a threshold of 0.5 corresponding to
snapshots in time containing torsional vibration symptoms affecting the drill string. This metric provides
insights into how often the stick-slip detector wrongly indicates the presence of stick-slip symptoms.
The safeguard is robust against brief or isolated misclassifications, due to a requirement for stick-slip
symptoms to be present for multiple time-steps in order to prompt any actions. Setting a controllable
required minimum time with elevated stick-slip probabilities supports tuneability of how conservatively the
safeguarding system behaves, which can be further modified by controlling the probability threshold that
must be exceeded to consider the symptoms to require mitigating actions.

An alternative, qualitative, method for assessing the performance of the stick-slip detection system is to
review the estimated stick-slip probabilities directly during periods with and without vibration symptoms,
where the data was explicitly not used in fitting the ML model; an example time interval containing an onset
of torsional vibrations is shown in Fig. 11, which plots (a) surface rotary speed and (b) torque data, alongside
(c) the estimated stick-slip probabilities during the same time frame. The light-grey shaded regions indicate
time ranges with stick-slip symptoms, starting with the onset of stick-slip identified by the detector just after
2 hours into the sample interval, and followed by two regions with severe torsional vibration symptoms.
These shaded areas all contain much higher stick-slip probabilities (in excess of the example threshold of
0.5) compared to the remainder of the sample interval, where stick-slip probabilities are very low at almost
all times. Furthermore, the probabilities during the onset of stick-slip symptoms were lower than those
estimated in the latter third of the interval, where symptoms were visibly more severe based on the torque
data. This is a desirable behavior by the ML model, as it indicates that the stick-slip probabilities provide
a useful proxy quantifying the dysfunction severity within an easily interpretable range of [0.0, 1.0]. The
history of this metric can thus be monitored over time and depths for retrospective analysis when planning
upcoming wells, while the directional variations in stick-slip probability can be used in real-time to assess
whether symptoms are worsening, or improving in response to mitigating actions.
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20 SPE/IADC-223713-MS

Figure 11—A case from a North Sea well where severe stick-slip issues were encountered. The sub-
plots each display a time series, namely (a) surface-measured drill string rotary speed; (b) surface

torque measurements; and (c) stick-slip probability estimates providing a quantitative metric relating to
vibration severity. The shaded regions indicate time intervals with torsional vibration symptoms present.

Based on these results, the detector was deemed to be sufficiently discriminative between intervals with
and without stick-slip symptoms to underpin a safeguarding mechanism against this particular type of
drilling dysfunction. Subsequently, the stick-slip detection module was integrated into the ROP optimization
system, and the updated system was deployed to field operations, where the end-users based in real-time
monitoring centers received the advised drilling parameters and stick-slip probabilities (a proxy for vibration
severity) on their displays. Fig. 12 shows a screenshot from a commercial real-time viewer application
displaying the stick-slip detector's outputs, in addition to drilling parameter recommendations; this is
representative of how the system's outputs were viewed during field operations, although the specifics of the
display varied between operators according to their preferred viewer software. The meanings of the various
curves are shown via the text annotations. In this particular (illustrative) example, the ROP optimization
system was run historically, hence the outputs were not directly acted on, however there were examples
where the drilling parameter advice was coincidentally followed, for example by increasing rotary speed,
indicated by the blue stars added to the screenshot. This recommendation aligns with typical operational
practices of increasing rotary speed and decreasing WOB when attempting to mitigate stick-slip issues,
despite the core ROP optimizer not directly incorporating the stick-slip severity metric into the scenario
modelling steps used to select drilling parameters maximizing ROP within safety constraints.
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Figure 12—Example screenshot from a commercial real-time viewer application displaying the drilling parameter
recommendations from the ROP optimization system, and the stick-slip probability estimates in the right-

most track. Stick-slip issues were observed in the torque measurements (green curve, left-most track) during
the latter part of the interval, with correspondingly higher stick-slip probabilities estimated during the same

time period. Although this figure was created based on historical data for illustrative purposes, the blue stars
indicate points in time where the ROP optimizer's recommendations were coincidentally followed by the rig team.

The remainder of this section is focused on example cases from the field where optimizer, supported
by both hole cleaning risk and stick-slip safeguards, was utilized effectively in real-time while drilling the
wells, which were located in the Middle East and Gulf of Mexico. Furthermore, the system outputs during
the live field operations demonstrated that the pre-trained ML model for detecting stick-slip symptoms
generalized well to new situations with out-of-sample data, especially considering the model's training data
was sourced from wells located in the North Sea, Southeast Asia and South America.

In the first example from a Gulf of Mexico well, vibration issues affecting the drillstring were encountered
and correctly identified by the stick-slip detector, as shown in Fig. 13, a screenshot from a WITSML
data viewer application. The right-most track in the display plots the variation over time of estimated
stick-slip probabilities from the safeguarding module. In this particular well, the system was configured
to monitor for stick-slip symptoms, but not to interrupt requests for optimized drilling parameters from
the core optimizer, hence advice was generated even during periods with vibration issues. Initially, the
drilling occurred without notable stick-slip symptoms, however the probabilities soon began to increase,
fluctuating with variation in WOB. The measured ROP (green curve) was observed to be higher in the brief
periods with lower stick-slip probabilities, a pattern that was replicated later during the interval at multiple
points. Consistently with this observation, areas with higher stick-slip probabilities (for example between
09:40-09:50, and 10:10-10:25) corresponded with reduced ROP and larger fluctuations in the measured
surface torque, indicative of reduced drilling efficiency. Furthermore, the trends in stick-slip probability
also matched the trends in average ROP quite well, evidence that monitoring the variation in stick-slip
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probabilities is indeed a useful proxy for vibration symptom severity. The baseline ROP estimates closely
matched the observed ROP in these cases, a sign the ROP model performed well in this area.

Figure 13—An example from field usage of the ROP optimization system with torsional vibration
safeguard on a Gulf of Mexico well, with outputs displayed in a 3rd party commercial viewer
application. The right-most track of the display indicates the estimated stick-slip severity.

The drilling parameter advice generated by the ROP optimizer was also consistent with good operational
practices in this scenario; during the onset of vibration symptoms, the system recommended reduced WOB
and increased rotary speed and mud flow rates. Small reductions in WOB during this interval coincided
with increased ROP, for example between 09:20 – 09:25. After increasing the rotary speed, initially higher
ROP was observed, although this fluctuated over large amplitudes between 10:05–10:10 after increasing
the WOB slightly above the recommended level, as indicated by the light green shaded region in the WOB
track between the orange (advised) and green (observed) WOB curves. Higher stick-slip probabilities were
again estimated in this time frame. After observing the ROP fluctuation, the WOB was then lowered again.
While maintaining higher RPM, the WOB was gradually increased, lowered briefly once more around
10:30 (again coinciding with higher stick-slip probabilities), before continuing the gradual increase. Once
again, towards the end of the interval, the optimization system recommended to lower WOB to a perceived
optimum around 10 tonne f, slightly below the observed values of ~13 tonne f, while further increasing
RPM. Although the stick-slip probabilities remained somewhat elevated around 0.5–0.6 near the end of the
displayed time range, these were lower than the values earlier on (midway through) ranging between 0.6–
1.0, where the average ROP was lowest.

The remaining case studies discussed in this section refer to wells located in the Middle East. The
first of these, located in Oman, is presented in Fig. 14, where stick-slip symptoms of varying severity
were observed throughout the interval in the screenshot. As with the previous scenario, in this case the
optimization system was configured to continue requests for drilling parameter advice during periods
with high estimated stick-slip probabilities. Even without the safeguard actively modifying the optimizer's
behavior, the advised parameters again generally corresponded well with standard practices for mitigating
stick-slip, with recommendations to slightly reduce WOB, and increase rotary speed, although in this case
these were not actively followed by the rig crew, and both WOB and rotary speeds were mostly kept
approximately constant within the scope of each stand. In fact, the main RPM change (a reduction) occurred
near the end of the first visible stand; after stick-slip probabilities had increased, WOB was reduced and
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higher ROP was observed alongside falling stick-slip probabilities. Once the RPM was reduced however,
stick-slip probabilities again increased, and ROP decreased again.

Figure 14—An example from field usage of the ROP optimization system with the (torsional)
vibration risk detection system in the Middle East (Oman), with outputs displayed in a third-

party commercial viewer application. The right-most track of the display indicates the estimated
stick-slip severity. Meanings of the other curves are indicated using the color-coded annotations.

The second Middle Eastern well case study is shown in Fig. 15, where unlike in the previous two cases,
the optimization system was configured to pause issuance of drilling parameter advice during periods with
stick-slip probabilities exceeding 0.5. During the shaded region marked with point (A), towards the end of
the interval with higher WOB values, stick-slip probabilities exceeded the threshold, and drilling parameter
advice was not provided. A text message was posted to the comment track notifying the user that stick-
slip symptoms had been detected. During the grey-shaded region, the ROP (grey curve) was observed to
fall sharply. The rig crew reduced the WOB and increased rotary speed at point (B), and a corresponding
reduction in stick-slip probability was observed, with a brief increase in ROP visible at point (B). Around
point (C) where WOB was relatively low, the optimizer's advice was to increase WOB by ~10%, which
was implemented while maintaining the higher rotary speed, with a clear increase in ROP observed at point
(D), from ~45 m/h to an average ROP of ~75 m/h until the end of the stand. During this final few meters
of drilling at a higher rate, the stick-slip probabilities remained below the threshold, at values in the range
of 0.2-0.3, acting as a secondary indicator of drilling efficiency.

In the final Middle Eastern case study, the ROP optimization system was once again set up to allow
drilling parameter recommendations to be issued while high stick-slip probability estimates were provided.
As can be seen in Fig. 16 in the shaded region marked with point (A), once the bit tagged the hole-
bottom, WOB was increased to ~25 klbf, and stick-slip probabilities rapidly increased. Recommendations
to increase rotary speed and slightly reduce WOB from during the shaded interval were actioned at point
(B), with a reduction in stick-slip probability observed in response. Note that the after reducing WOB,
the optimizer recommended a small increase in WOB, which was implemented at point (C), where further
recommendations to increase WOB were issued, and again actioned. Clear ROP increases were observed
following the second WOB and RPM increases, which was maintained at an average of ~60 m/h for the
remainder of the stand, compared to ~40 m/h earlier on. During this same period, low stick-slip probabilities
were provided, suggestive of higher drilling efficiency, as was the case in the latter part of Fig. 15.
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Figure 15—Case study from drilling operation in the Middle East, where the meanings of the curves are indicated
by the annotations. Stick-slip symptoms were identified by the reactive safeguarding module at point (A), and
drilling parameter advice was paused during the shaded region, where reduced drilling efficiency and lower
ROP were observed. The WOB was reduced, and the stick-slip severity metric reduced such that parameter

advice resumed, and recommendations to increase RPM and slightly increase WOB were implemented at points
(B) and (C). Following these changes, increased ROP was observed at points (B) and (D) shortly following (C).

Figure 16—Example from a drilling operation in the Middle East. Following some torsional vibration symptoms in the
shaded period (A), both rotary speed and WOB recommendations were followed at points (B) and (C) respectively,
with increased ROP observed during the period following the changes, as indicated during the shaded period (D).

In summary, many cases where the stick-slip safeguard provided value were documented during the
field tests, with only a select sample presented in this work for the brevity's sake. The safeguarding
module was successfully utilized by monitoring teams with conservative setups where drilling parameter
advice was paused during areas with vibration symptoms and notification messages issued to users, and
also with a configuration to tolerate a degree of stick-slip and continue to issue recommendations. When
providing parameter advice during periods with vibration issues, the optimal parameters found using the
ROP ML model aligned well with standard good practices for mitigating stick-slip symptoms, despite
not being explicitly programmed to do so, This suggests that this was a learned behavior from the ROP
model's training dataset, which did include some drilling scenarios with vibration problems, although this
information was not explicitly provided to the regression model as an input. Lastly, the most important
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proof of efficacy required was documented scenarios where actioning the drilling parameter advice led to
increased ROP and drilling efficiency, while factoring in the estimated stick-slip severity indicated by the
symptom probabilities; this was demonstrated on numerous occasions during field-usage.

Conclusions
The ROP optimization system with integrated hole cleaning risk and stick-slip safeguards has been actively
utilized in the field, on a total of 76 wells at the time of writing, with numerous documented cases where ROP
increases were achieved from implementing the advised drilling parameters at the rig. Importantly, no pack-
off incidents were reported during these drilling operations, meeting the key objective of the hole cleaning
risk safeguard based on modelling ECD for different candidate combinations of drilling parameters, and
the estimated ROP values corresponding to these. The stick-slip symptom detection system's effectiveness
has been shown to generalize to out-of-sample (new and unfamiliar) wells during field operations, allowing
the ROP optimizer's objective to be optionally altered from increased ROP to alerting monitoring teams to
facilitate steps to mitigate the torsional vibration issues.
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