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Summary

When a diagnosis of a problem is known, the problem can usually
be solved efficiently. This paper presents a method that helps
reveal the most probable cause of a drilling-process failure imme-
diately after occurrence. Normally, it takes some time to investi-
gate and evaluate all available information before the correct
cause can be determined. The method presented is targeted at
reducing this time and at the same time improving the quality of
the interpretation. The method relies on input parameters from the
ongoing drilling process, parameters that behave irregularly and
are referred to as symptoms or errors when the irregularity is
severe. Recognized symptoms are used as input parameters in a
knowledge-modeling method that relates symptoms to failures.
The method was verified on the basis of historical drilling data,
and its ability to point out the correct causes with high probability
was demonstrated. Field testing the method is yet to be
performed.

Introduction

Being able to reduce nonproductive time (NPT) during drilling
and to improve process quality are the concerns of many research-
ers and engineers. More use of computerized tools makes process
improvement a challenge both for computer scientists and petro-
leum engineers. Appropriate methodologies for tool development
are needed (La Greca et al. 2008). The functionality of such tools
ranges from automatic control of the process, on one side, to deci-
sion support for human operators, on the other side. Methods
behind the tools range from numerical models of physical phe-
nomena, by means of information retrieval that helps to quickly
find past information of relevance for the current stage of the pro-
cess, to artificial-intelligence methods that enable proactive deci-
sion support on the basis of reasoning within symbolic, qualitative
knowledge models. Our method for identifying causes of failure
is of the latter type, combined with a set of small physical models
and dedicated symptom-recognition agents.

We have developed a knowledge-engineering methodology
that is detailed in the main parts of the paper. To improve the
readability of the paper, we need to define two issues related to
our knowledge model:
� Concept grammar
� Definition of central concepts
Concepts represent things (e.g., entities and relations) that we

encounter in our everyday lives and are represented in the knowl-
edge model.

Concept Grammar. Entities and relations are two types of con-
cepts within the knowledge model. Entities represent some things
that exist as particular and discrete units in the world, whereas
relations are binary associations between entities, and take the
verbal form. An example of a relation is has subclass and is pre-
sented in lowercase letters. Examples of entities are physical
objects, processes, and states; their grammatical form is a noun.

Entity names must be short but sufficiently specific to make them
unique. Entities stored in our knowledge model are always in sin-
gular form [e.g., Decreasing ROP (ROP abbreviates rate of pene-
tration)]. For entities, the first letter of each word is in capital
letters. When in plural form, in this paper, it is merely a word in
ordinary language. Both entities and relations are presented in an
italic form in the paper.

Definition of Central Concepts. The concepts that we want to
define upfront appear in Fig. 1.
� Symptom: An indication of a problem situation.
� Normal State: The State in which the Process or entities are

performing as expected.
� Error State: Error is a State in which a Process or a Facility

or its components are less functional or stop functioning, but do
not necessarily cause any significant loss of time.
� Failure State: Failure is a State in which a significant

unplanned stop in the Process or merely reduced process effi-
ciency occurs, and thus a significant NPT is involved. NPT is nor-
mally the result of a Repair Activity, the activity necessary to
bring the Process back from Failure State to Normal State.

Now back to how to reveal causes behind failures. When a
failure does occur, the diagnosis of it is an effective strategy for
reducing NPT. On average, NPT is typically in the range of 20%
of total rig time, but can become much higher during the drilling
of difficult wells (Halliburton 2012). Diagnosis is especially im-
portant in complex wells, in which the diagnosis is not obvious
and problems will therefore take time to resolve. We will, in this
paper, show how real-time drilling data (RTDD) can be evaluated
and transformed into useful symptoms for an automatic diagnosis.
Let us exemplify the process in Fig. 1 through the failure Stuck
Pipe. The symptom Overpull during Tripping is a signature of an
irregular drilling parameter that deviates from its expected or nor-
mal value. The deviation must be sufficiently large to be detected
in the RTDD. Thus, Overpull is a symptom indicating that the
drilling process is changing from a Normal State into an Error
State. The Error State can be self-rectified and thus return to nor-
mal, or it can develop into a Failure State. All relevant symptoms
can be applied as input to the diagnosis of failures. Other normal
parameters can turn into a relevant symptom (e.g., Decreasing
Fluid Viscosity), because Decreasting Fluid Viscosity leads to
Solids Settling. Rectifiable actions will, in most cases, hinder
Stuck Pipe, but not always, and besides, the rectifying process is
outside the scope of the present paper. Assume, therefore, that the
pipe goes stuck. All symptoms encountered during the recent dril-
ling process will be applied for a diagnosis to efficiently resume
the drilling process back into its Normal State.

Common failures during drilling are presented and subdivided
into subclasses in Table 1. This small hierarchy is part of the
larger drilling-domain ontology—Ontology is a specification of a
conceptualization (i.e., a description of the concepts and the rela-
tionships that exist between them, as described later). We have
chosen a naming convention in which the main cause behind the
failure is incorporated in the name of the failure’s subclass. Natu-
ral Fracture LC (LC abbreviates lost circulation) is an example of
this. Natural Fracture is the most important contributing factor to
the Natural Fracture LC. Correct diagnoses of failures will enable
the selection of the best-suited repair approach. Several potential
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subclasses are listed in Table 1, together with examples of corre-
sponding symptoms.

We present a method that makes it possible to distinguish
between different failure causes in real time. A specification of
causes has so far normally not been obtainable immediately after
the failure because time is required to investigate and evaluate all

available information before a cause can be revealed. It is there-
fore not uncommon today to simply begin Best Practice immedi-
ately after a failure has occurred without knowing the exact cause
of the failure. The initiation of Best Practice during reaming, for
instance, is typically relying on the magnitude of the symptom,
not on the cause of it. If overpull or took weight is larger than, for
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Fig. 1—Three possible process states during drilling. Encountering a symptom will shift the drilling operation from Normal to Error
State. Most of the symptoms are vanishing (self-rectifying) during the process, bringing the process back from the Error State to
the Normal State.

TABLE 1—COMMON TECHNICAL FAILURES DURING DRILLING, INCLUDING EXAMPLES OF SUBCLASSES OF FAILURES. NOTE

THAT THE FAILURES HAVE BEEN SUBCLASSIFIED INTO GROUPS RELATED TO THEIR LOCATION. ONLY ONE SYMPTOM

EXAMPLE (OUT OF TYPICALLY 10) IS LISTED FOR EACH FAILURE SUBCLASS

Location of Failures Failure Failure Subclass Symptom Example

In the formation LC Induced Fracture LC Downhole Restriction

Natural Fracture LC Lithology Change

Kick High Pore-Pressure Kick Gas in Mud

Operational-Related Kick High Tripping-Out Speed

Stuck Pipe Differential Stuck High ECD-Eq. Pore Pressure

Unfavorable Wellbore Geometry Local Dog Leg

In the wellbore Inefficient ROP Formation-Related Low ROP Hard Fm

Operational-Related Low ROP Wrong Bit Selection

Stuck Pipe Mechanical Stuck Undergauged Hole

Poor Hole Cleaning Accumulated Cuttings Wellbore Wash Out

Blocks Restriction Increased Torque

In the drilling equipment Rock-Bit Failure Bearing Failure Suddenly Increased Torque

Drillstring Failure Twist Off Decreased hook load (HKL)

Wash Out in Pipe Decreased standpipe pressure (SPP)
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example, 15 tons, then Best Hole Cleaning Practice During
Reaming is started.

The identification of symptoms is necessary to enable discrim-
ination between different failures (representative of causes). The
more symptoms, the more robust the differentiation between
causes becomes. Many symptoms appear during a relatively short
period of time, typically from 10 seconds to 5 minutes. They are
not always easy to reveal because of, for example, weak signals,
high noise level, and measurement errors.

In the upcoming Chapter 2, we give some background to our
work and discuss related research. In Chapter 3, we exemplify
two failures to demonstrate the methodology of finding the failure
cause in real-time. The two failure examples are LC and Improp-
erly Cleaned Well. We present the physics involved during the
failures evolution and point out the importance of how different
symptoms are related to different failure subclasses. LC is the first
example. This failure is easier to understand than the more com-
plex failure Improperly Cleaned Well. Different methods of symp-
tom recognition are discussed in Chapter 4. Chapter 5 describes
the selected method for determining failure causes, followed up
by a practical example in Chapter 6. Chapter 7 concludes the
paper.

The physics described in Chapter 3 and Chapter 4 will, in
Chapter 5, be applied to construct a knowledge model, with the
aim to describe cause-effect relations between all the approxi-
mately 2,000 entries or concepts in the model. The knowledge
model within the drilling domain is acting as a tool for determin-
ing the cause of a failure.

Background and Related Research

Although substantial research and many developed systems based
on numerical models exist (e.g., Rommetveit et al. 2010), as well
as systems for information storage, retrieval, and presentation
(e.g., Hayatdavoudi and Rahmatian 2010), less work is reported
on knowledge-based decision-support tools. However, there is an
increasing trend toward this kind of system. There are two major
drives behind this trend. One drive is the increased level of human
expertise needed to handle the increasingly complex problems of
deeper and more-difficult wells, calling for innovative and reliable
support tools (Cramer et al. 2012). The other drive is the “expert
crisis,” that is, the drain of competence as a result of the retire-
ment of people with years-long and valuable experience, calling
for methods to capture and continue to use their experience
(Irgens 2008).

Knowledge-based methods for data analysis and decision sup-
port, also referred to as expert systems, can be grouped into three
method classes: rule-based reasoning (RBR), model-based reason-
ing (MBR), and case-based reasoning (CBR). Although the first
two use models of general domain knowledge, either as rule
implications or deeper and more-fundamental relationships, the
third uses past concrete, specific experiences, referred to as cases.
Even though we earlier reported on methods that use MBR to sup-
port a CBR process (see later in text), and within the company
Verdande Technology also have developed a commercial system
for experience capture and reuse through CBR (Gundersen et al.
2012), the method presented in this paper is a model-based
method. It shares with RBR and CBR that it is a qualitative-rea-
soning method, in the sense that it deals with domain concepts
and qualitative parameter values, rather than quantitative values.
In a qualitative-reasoning system, symptoms are treated as
abstractions over their numerical values. Such value abstractions
could be, for example, “high,” “very high,” “too high,”
“increasing,” and “rapidly increasing.” A particular challenge is
then to decide a set of useful categories of abstractions (i.e., to
define domain ontology for the type of application addressed).
Typically, a manual analysis of the application problem, as well
as characteristics of the data, is performed in the design phase,
resulting in an explicit model of concepts and their interrelation-
ships [e.g., High ROP implies Soft Fm (Fm abbreviates forma-
tion]. Methods are then developed to transform quantitative data
to qualitative abstractions at run time. In the early ADISARTES

system (Corti 1992), in which knowledge was modeled as heuris-
tic fuzzy rules linked to a fault tree, fuzzy logic was used to per-
form the run-time transformation. This is an approach that has
been taken in later systems as well. However, for our purpose, we
need a more precise method that we can tune and control to the
level of detail needed. One of our hypotheses is that a set of small
numerical models serves that purpose.

To our knowledge, no other research in the petroleum-engi-
neering domain has combined mathematical models for symptom
recognition with causal reasoning in real time in an ontology-
based knowledge model. A few other researchers have recently
addressed the issue of improving the drilling process in real-time
through knowledge-based support tools. In the CODIO project
(Giese and Bratvold 2010), a statistical approach is taken in the
form of a Bayesian network of dependencies and independencies
between variables, represented as an influence diagram. A Bayes-
ian network combines numerical and categorical parameters. In
another approach, a knowledge-based decision-support tool for
the real-time supervision of drill-bit conditions was developed
that can operate in different time-frame granularities (Salakhov
et al. 2010). It implements a rule-based structure as a simple neu-
ral network. A supplement to the human-driven top-down model-
ing approach taken in our research is a bottom-up approach in
which models are developed on the basis of data analysis. Such a
knowledge-discovery method was applied for analyzing failure
situations in the Daqing oil field (Bi et al. 2005). This can be
viewed as a type of machine-learning technique (see Methods of
Symptom Recognition section). The method is exemplified in a
scenario for deciding the action to take when gas influx is
observed during drilling into a high-pressure formation. For
human decision-support tools, it is important that analysis and
decision-support tools get properly integrated into the working
environment of the operators, and that appropriate working proce-
dures become a part of the total-improvement method. This was
focused on in another approach to failure analysis (Hubbard et al.
2010), in which the organizational measures taken resulted in
reduced NPT.

Other work in our own group has focused on combining MBR
with CBR within our architecture called CREEK (Aamodt 2004;
Skalle and Aamodt 2004). During several projects, CREEK has
been developed into a CBR tool that includes a comprehensive
knowledge model, with various concept classes and multiple rela-
tion types. The model has mostly been used to support the CBR
processes. More recently, the model-based component has been
given stronger and more-independent roles—although still within
the approach of combining model-based and case-based methods.
In one project, the problem of the uncontrolled release of forma-
tion fluids from the well throughout the well life cycle was studied
(Abdollahi et al. 2008). A causal model of well leakages was
developed. The cases were categorized into five groups according
to the main cause of leakage. It was shown that the knowledge
model, operationalized as a set of rules, could successfully be
combined with past cases to obtain causes of well leakages. In
another project, an extended version of CREEK was used to inte-
grate CBR and MBR for finding the root causes of problems (Sho-
kouhi et al. 2009b). The study showed that the integration of
different reasoning methods could improve the reasoning results
more than CBR or MBR alone. In neither of these examples, how-
ever, was the transformation from real-time data to qualitative
symptoms to identify failure causes addressed. The present paper
presents a new methodology for causal diagnosis that is model
based and that covers all steps from entry of numerical measure-
ment data to the identification of failure causes.

Two Failures To Exemplify the Application of
Symptoms

A failure occurs normally after the following sequential evolution,
and as demonstrated in Fig. 1:

Normal drilling process ! symptoms are appearing and ex-
hibit a tendency to grow in intensity and number! symptoms are
turning into errors ! errors turn into a failure. For the sake of
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completeness, frequently, symptoms vanish by themselves
through a natural self-rectifying process (e.g., Erratic Torque dis-
appears if the downhole restriction is eroded away).

Example 1: LC. LC will occur when the wellbore pressure is
surpassing the lowest fracture pressure in the open (uncased) hole.
Fractures occur at the weakest point, normally situated immedi-
ately below the casing shoe, as illustrated in Fig. 2. Unintended
induced high wellbore pressure i.e., High ECD [ECD abbreviates
equivalent circulation density] is related to the lowest equivalent
fracture density (EFD) at the casing shoe, as stated in Eq. 1. The
term “equivalent” relates to the equivalent hydrostatic reference
point (the drill floor).

EFD ¼ ðphydrostatic þ pLOÞ=ðg� TVDÞ ð1Þ

Here, the surface-measured leakoff pressure, pLO, is translated
into EFD. The two failure types that we intend to distinguish
between are Induced LC and Natural LC. The first type of loss,
Induced LC, is mainly the result of a excessive wellbore pressure
induced by the operator (e.g., by tripping too fast, or not detecting
a packoff quickly enough). The latter loss type, Natural LC, is a
result of the sediments’ inscrutable deposition history (naturally
weak or highly permeable zones). Table 2 presents which symp-
toms are most strongly pointing to which failure type. Many
symptoms are involved in both failure types. But to distinguish
between the two failures, two important symptoms are ECD and
lithology. Induced fractures are most often triggered by High
ECD, whereas Natural LC fractures, which are weaker, are trig-
gered more by weak lithology.

A symptom’s severity can be graded typically into three lev-
els—low, medium, and high. In addition, some of the symptoms
will be pointing at several failure types, although probably with

different relation strengths (see Determination of the Main Cause
of Failure Through Knowledge Modeling for details).

Example 2: Downhole Restriction/Stuck Pipe. Whenever the
resistance to moving the drillstring axially becomes too large
(greater than 15 to 20 tons), it might be necessary to stop and
clean (ream) the hole in accordance with Best Practice. Neglect-
ing to do so may make the situation worse, including failures such
as stuck pipe or LC. Downhole restriction can have (at least) three
different errors (errors are, in our approach, representative of
causes):
� Accumulated Cuttings
� Blocks Restriction (Blocks are large, irregular pieces of rock

fragments either from unstable wellbore or from cement.)
� Hole-Geometry Restriction
Table 3 presents some of the symptoms that are characteristic

of each failure type, enabling us to distinguish between the three
failure types. Countermeasures for the three restrictions are dic-
tated by restriction type/cause. Much knowledge related to the sta-
bility of sedimentary formations is hidden in these symptoms.
With good knowledge of the downhole processes, the symptoms
in Table 3 can be made into logical cause/effect relationships
between symptom and failures, either directly or indirectly by
means of intermediate states (see Determination of the Main
Cause of Failure Through Knowledge Modeling).

Methods of Symptom Recognition

As stated previously, an error in the process must be recognizable
in the process data, RTDD, to call it a symptom. Several methods
are available for symptom recognition—mathematical modeling
of drilling parameters, deviation from normal parameter value,
and pattern recognition/machine learning.

Method 1: Mathematical Modeling. A mathematical model
represents a theoretical model of an idealized reality, codified in
equation form. To find the exact model for a certain drilling
process is virtually impossible because the model depends on
many complex, interdependent relationships. Models are, by defi-
nition, a simplification of reality, achieved through simplifying
assumptions.

Advanced mathematical models can be used to estimate or
simulate what happens whenever a parameter changes. The
method is therefore well-suited for spotting slow trends that devi-
ate from the expected. Advanced models provide a good under-
standing of the underlying physical processes. However, they can
be computationally very expensive and highly dependent on data
quality, and on the assumptions. Therefore, on many occasions, it
is better to use simpler models to focus on selected effects.

A simplified mathematical model is characterized by selecting
only the most obvious influencing parameters and by ignoring
less important effects. Such models do not explain or model every

. . . . . . . . . . . . .
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Fig. 2—LC parameters.

TABLE 2—EXAMPLE OF TWO DIFFERENT SYMPTOM GROUPS POINTING AT TWO DIFFERENT TYPES OF LC, THUS

DISTINGUISHING BETWEEN THEM

Failure-Type Symptom Critical Information

Induced LC Low EFD�Pore Pressure Describe the available pressure window

Low EFD�ECD The Fm cannot resist much pressure on the “fracture side”

Long Well High ECD will be induced along the well

Narrow Annulus High ECD will be induced in such geometry

Decreasing Loss Rate After Pump is turned off, the ECD decreases

Natural LC Formation NN The NN formation is more prone to losses, based on

information from neighbor wells

Increased ROP Natural-loss zones are sometimes easier to drill (High ROP)

Sudden Loss Often the drillability is high in these zones

Shallow Well Seldom found in highly consolidated Fm, but rather at

shallower depths (a loss here is often Natural LC)
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aspect of the process, but are limited to those parameters that are
important for detecting the specific deviation from the normal
background level. A simplified mathematical model of hardness is
exemplified in Eqs. 2 and 3 on the basis of the work of Bourgoyne
et al. (1986):

ROP ¼ C1 �WOBC2 � RPMC3 ð2Þ

The simplification is mainly introduced through the factor C1,
which takes into account all effects not explicit that are included in
Eq. 2, such as bit type and bit characteristics, hydraulics effects,
and pore pressure. These effects are assumed constant after drilling
has started. The testing of Eq. 2 for roller rock bits and lately also
for shear bits (Rafatian et al. 2010) has shown that the best results
were found when C2 and C3 were equal to 1.5 and 1, respectively.
Our objective is to determine the hardness, defined by

Hardness ¼ C1 ¼ ROP=ðWOB1:5 � RPMÞ ð3Þ

Fig. 3 presents an example of hardness in one well section,
resulting in symptoms such as Hard Fm, Soft Fm, and Hard
Stringers. If hardness is meeting the specific definitions, then the
symptoms are triggered and marked in the RTDD. The symptoms
are determined on the basis of two types of moving-average hard-
ness—a local (determined along the last 20 m drilled) and a global
one (determined along the total distance drilled in a section). We
plan to improve hardness by also including the gamma ray signal
as a lithology indicator.

Method 2: Deviation From Normal Parameter Value. To be
able to detect the symptom Overpull on the basis of the method
called Deviation from Normal, we need first to establish a normal
hookload value (HKL), as shown in Fig. 4. Overpull is seen as a
deviation from the normal trend line, but needs to be above a cer-
tain threshold value before being triggered.

. . . . . . . . . . . . . . . . . . .

. . . . . . . . . . .

TABLE 3—EXAMPLE OF THREE DIFFERENT RESTRICTIONS THAT MAY HAVE LED TO STUCK

PIPE. EACH RESTRICTION TYPE IS ACCOMPANIED BY THREE DIFFERENT SYMPTOM

GROUPS RELATED TO THE THREE SUBCLASSES OF DOWNHOLE RESTRICTIONS, THUS

ENABLING PICKING OUT THE CORRECT CAUSE

Restriction Subclass Symptom

Accumulated Cuttings Less Cuttings on Shaker (ROP and lag corrections applied)

Increasing Drag

Hole Enlargement

Soft Fm

High CEC

Long Openhole Length

High Hydraulic Exposure

Packoff

Increased Off-Bottom Torque

High Wellbore Inclination

Overpull�Took Weight

Blocks Restriction Natural Fractures

Shallow Depth

Hard Stringer combined with Soft Fm

Low Bedding Angle�Wellbore Inclination

High-Torque Vibration

HKL Signature of Chunks

Hole-Geometry Restriction HKL Signature of Hole-Geometry Restriction

Laminated FmþHigh WOB

CEC= Cation exchange capacity.

3200 m

Depth ROP Hardness Events

Soft Formation

Hard Stringer

Hard Formation

Hard Stringer

Soft Formation

Hard Stringer

Hard Formation

Soft Formation

Soft Formation

Hard Stringer

3400 m

3600 m

3800 m

4000 m

4200 m

4400 m

4600 m

4800 m

5000 m

5200 m

5400 m

5600 m

Fig. 3—Hardness and associated symptoms in a 121=4-in. well
section.

Normal HKL

Fig. 4—Overpull experienced when HKL deviates from its nor-
mal level during Tripping. Tripping Activity is indicated by the
upward movement of the Block Position (BPOS).
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In Fig. 5, we see examples of other detected symptoms during
drilling. The two symptoms Packoff and Increasing Torque mutu-
ally support each other, both indicating the same restriction in the
wellbore. This pair of symptoms is, in this case, seen also by the
driller, who reacts by reducing the rev/min (RPM), thereby
impeding escalation of torque. The next pair of symptoms in Fig.
5 is smaller, whereas the third (only torque increases) is seen by
the, by now, very cautious driller.

The ROP increases when entering a high-pressure zone:

ROP ¼ C �WOBd=RPM ð4Þ

This behavior is expressed through the corrected d-exponent
(dc) method (Bourgoyne at al. 1986), exemplified in Fig. 6. Also,
this method relies on establishing a normal, average trend line
while drilling through normal compacted clay before entering the
top of the overpressured zone. Overpressured shale can be de-
tected first after a certain distance of the high-pressure zone is
drilled. The pore-pressure value is controlled by the age, thick-
ness, and depositional rate of the shale, and on clay concentration
in the sediments. Some field experience must therefore be built
into the system to determine the normal trend line.

Deviation in the dc behavior and other symptoms such as
Increased Drag and Packoff are symptoms. Parameters such as
Pore Pressure and Mudweight (MW) are important parameters
but not useful if they are treated as separate, single values. High
MW or Low MW has no meaning; they need to be related to useful
reference values. This is obtained through differences such as
MWṡ gṡ true vertical depth (TVD)—Pore Pressure. Such useful
relative parameters are formed into symptoms through defining
them as, for example, high, low, long, thin, and hard.

Method 3: Machine Learning. RTDD is a form of time-series
data, and several machine-learning methods have been developed
to recognize patterns in such data, including clustering algorithms,
artificial neural networks (Connor et al. 1994), Hidden Markov
models (Connor et al. 1994), among others. The methods are typi-
cally data-intensive and require little knowledge about the underly-
ing processes. Instead, examples of the patterns that are to be
learned are required. Typically, the methods are trained by use of
test data sets and will be able to recognize unseen patterns after the

. . . . . . . . . . . . . . . . . . . . . .
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Fig. 5—Other symptoms triggered during Actual Drilling.
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established in normal pressured
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50 feet into transition zone

Deviation from normal starts here

Sonic Log

Fig. 6—The symptoms Increasing Pore Pressure are triggered
after drilling 30 m into the high-pressure shale. This occurs
when trend-line value and the immediate, average normal dc

parameter separates.
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training. A challenge is that, although many data sets exist, they are
not labeled with the proper type. For the method to work, examples
must be labeled, which requires tedious manual work. In addition,
higher dimensionality requires more examples. Furthermore, to be
able to recognize patterns that manifest themselves in more than
one parameter, time series requires additional examples.

Another challenge is that RTDD is highly imbalanced with
regard to the sparse number of problem observations compared with
the number of observations that do not contain problems. Special
considerations have to be taken when performing machine learning
on such data sets (He and Garcia 2009). Keogh (2004, 2011) are
recommended as introductions to data mining in time series.

Machine-learning methods have been applied to many differ-
ent domains in which the data are real-time streams, as, for exam-
ple, in finance, health care, entertainment, business, aerospace,
and, of course, drilling. Stacey et al. (2007) present a system that
provides decision support within the context of neonatal intensive
care, which is a domain with multidimensional and high-fre-
quency real-time data. Knowledge is stored in the system in the
form of rules and as ontology, both of which are generated man-
ually by experts and automatically learned by a data-mining pro-
cess. Rules are mined from patients monitored in parallel so that
findings in one patient can affect other patients. Chang et al.
(2009) present a system that predicts the buy and sell points of
stocks on the basis of time-series data from the Taiwan Economic
Journal by use of a combination of an artificial-neural network
and a CBR system. Dashevskiy et al. (2007) present a closed-loop
automated-drilling control system that optimizes drilling by use
of a neural network and data from downhole tools. It predicts the
development of the drilling process for wells drilled in similar li-
thology and with the same bottomhole assembly and bit.

Machine-learning methods have not been applied in the work
reported here, but are presented for the sake of useful, related in-
formation for symptom recognition.

Determination of the Main Cause of Failure
Through Knowledge Modeling

After completing the classification of failures into classes of
causes, the next task is to pick out the correct class on the basis of
its symptoms and other case features. A failure case (Case Num-
ber 1) and its features are illustrated in the Testing of the Method
section. In the present section, the knowledge model is presented.

A carefully developed ontology constitutes our knowledge
model. It has borrowed ideas from several other ontologies, includ-
ing the ISO 15926 (Fiatech 2011), as well as methodologies for on-
tology engineering [e.g., Staab and Studer (2009)]. “Ontology” is a
term used in philosophy, encompassing the study of “what is”. The
application of ontology within the area of information-technology

and engineering domains is a more recent development, which has
replaced and enhanced terms such as knowledge model, data model,
and term-catalog. An ontology may be very simple, containing only
a taxonomy of domain terms linked by subclass relations.

All ontologies make some assumptions about the domain they
represent. Our ontology serves as a knowledge model for MBR.
The ontology can be viewed as a large semantic network in which
each node in the network corresponds to a concept in the knowl-
edge model, and each link corresponds to a relation between the
nodes; Fig. 7 illustrates the abstract subclass structure of the on-
tology. A set of generic concepts at the top (e.g., process, state) is
linked to general domain concepts (e.g., drilling, formation),
which, in turn, are linked to more-specific domain concepts (e.g.,
differential sticking, increased torque). The bottom level holds the
instances (i.e., the concrete-situation descriptions—cases). Data
from the real-world environment enter into these descriptions—
possibly after some transformation or abstraction. A basic assump-
tion is that a concept should be capturing prototypical properties of
what is conceptualized (Aamodt 2004). As in most ontologies, the
top-level concept Thing stands for anything in the world worth
naming or characterizing. Everything we want to discuss is a sub-
class or instance of Thing. Subclasses of Thing include entities
(actual things in the real world) and relations (bidirectional rela-
tions between things in the real world). More elaborate ontologies
include also other general links such as part-of relations and up to
full-fledged knowledge models with many different types of links,
Casual Relations. Our ontology is of the latter kind.

In the ontology, the name of a Causal Relation (i.e., causes) is
suffixed by a qualifier that represents the certainty/uncertainty of
the relation in a relationship. The degree of certainty corresponds
to an explanatory strength of the relation when used to build
explanations for a failure. We use different causal relations with
different strengths.

All relations have an inverse counterpart. For example, “A
causes B” that expresses a causal relation from A to B is also
expressed by “B caused-by A.” The relations facilitate certain
types of inference (e.g., transitivity, symmetry, rule propagation,
property inheritance—depending on the type of relation
involved).

Ontology concepts related to Error State, a state that the dril-
ling process enters into before a failure occurs, are presented in
Fig. 8. These are the errors that we want to detect and apply to
identify failures and their causes. Fig. 9 illustrates the part of the
ontology that includes all the potential failures. To give a better
understanding of the ontology model and its potential, we elabo-
rate on one parameter, one error, and one symptom. The concepts
are found in Table 3 and Fig. 8.

TVD (Parameter). TVD can be related to several internal model
concepts leading to failures. At shallow depths, the shale strength
is lower compared with deeper shale because it is less compacted,
and it normally contains more montmorillonite than farther down
(less diagenesis). Hole instability caused by clay takes several
forms. Shale hydration is one of the most significant causes of
wellbore instability. Water adsorption causes softening and signif-
icant swelling that can lead to excessive stresses if the swelling
is confined. Typical relationships representative of shallow depth
are

thing

case
039

case
112

case
76

generic concepts

cases

general
domain concepts

data 

Fig. 7—A knowledge model consists of generic knowledge in
the upper level and domain-specific knowledge in the middle
level. At the lowest level, concrete situation (i.e., real informa-
tion) is stored in cases as defined by the parameters in the pro-
cess data.

causes always (1.0)

causes (typically) (0.9)

leads to (0.8)

Implies (0.7)

causes sometimes (0.7)

Involves (0.5)

Indicates (0.5)

causes occasionally (0.4)

Expels (0.1)
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� Shallow Well indicates High Montmorillonite Content that
may lead to Swelling Shale.
� Swelling Shale may lead to Bit Balling that again leads to

Low ROP.
In deeper sediments, shale contains less and less montmoril-

lonite and becomes stronger. During compaction and diagenesis,
montmorillonite transforms to illite, which swells insignificantly
in contact with water. Below a 2500-m TVD, shale is more or less
chemically stable.

Hard Stringers (Symptom). The borehole wall is of varying
hardness. Hard stringers are typically composed of calcitic miner-
als (FeCO3 or CaCO3) and quartzite, whereas the layers in
between may be composed of softer shale. Softer shale may react
with the drilling fluid and become weakened and gradually
become hydraulically and mechanically eroded, leaving small
enlargements behind. The hard stringers form sharp shoulders and
ledges. Enlargements will eventually be filled with cuttings.

Soft Fm and High-Exposure Time lead to Hole Enlargement.
Cuttings Accumulation sometimes causes Took Weight, Pack-

off, or Overpull.
Blocks Restriction (error), Blocks in the wellbore stem from two
sources.

The first source is Weakness In The Formation.
� Faults and pre-existing fractures crossing the wellbore
� Reactive laminated formations (lithology interphase, bed-

ding angle close to wellbore angle)
� Naturally weak formations (e.g., coalbeds, conglomerates,

and loose sands)

The second source is Splintery and Angular Cavings Accumu-
lation. Weak formations have a tendency to produce large pieces
of formation material, dropping out from the wellbore wall in
which the support is small. Tough mechanical interaction with the
drillstring, BHA, and drilling fluid can often be the triggering
cause of Blocks Restriction.

Naturally weak formations are made up of weak sedimentary
rock types. Sand and gravel often lack cementation material and
are referred to as unconsolidated formation, encountered mainly
at shallow depths. Unconsolidated Sand Blocks and pea gravel of-
ten fall into the hole and pack off around the drillstring. To sup-
port the detection of Blocks Restriction, the information in Table
4 is helpful.

As we see from the three exemplified concepts, the knowledge
model has a rather simple basic structure to facilitate easy model-
ing and checking, but at the same time, with the potential to
express rather complex properties and relationships. Because of
its semantic network-language assumption that a concept is a pro-
totypical description, its basis differs from ontologies, that assume
first-order logics definitions. This enables the expression of in-
complete and inexact concept descriptions, including statistically
founded concept definitions.

Testing of the Method

The task of the knowledge model is to determine which error is
the most likely to cause the failure, given the input information of
a case. We have tried different approaches (Shokouhi et al. 2009;
Shokouhi et al. 2009a, b) and obtained encouraging results. To
test the new method, we have selected and built 36 field cases, all

Thing Entity State

Normal State

Accidental Sidetrack Last Circulation
Kick

Blowout

Collapsed Well

Improperly Cleaned Well

Differentially Stuck Pipe

Mechanically Stuck Pipe

Operational Failure

Formation Failure

Wellbore Failure

Equipment Failure

Rock Bit Failure
Drill String Twist Off

Stuck Pipe

Failure State

Error State

Fig. 9—Failure state of the drilling process.

Cavernous Fm
Creeping Salt Creeping Shale

Enlarged Wellbore

Eroded Weakended Wellbore

Dissolving Limestone
Swelling Clay

Sloughing Shale

Unexpected High Pore Pressure

Reactive Shale 

Ballooning Well
Induced Fracture

High Pore Pressure

Accumulated Solids

Wellbore Geometry Restriction

Dog leg Key Seat High BUR

Thick Filtercake

Solids Settling

High Swab Pressure

Blocks Restriction

Accumulated Cuttings

Accumulated Cavings

Barite Dunes

Reduced Wellbore Pressure

Underbalanced Wellbore Pressuere

Collapsing Hole

Reactive Fm

Tensionally Stressed Wall

Creeping Wellbore Wall
Intersected Fault

Leaking Formation

Formation Error

Error State Technical Error

Annular Technical Error

Equipment Error

Wellbore Error

Compressively Stressed Wall
Naturally Fractured Fm

Thing

Entity

State

Failure State
Human Error

Hardware Error
Work String Technical Error

Annulus Not Filled

Leaking Annulus
No Communication With Annulus

Too Low Bottom Hole Pressure

Too High Bottom Hole Pressure

Fig. 8—Example of the subclass Error State, structured into subclasses of concepts interconnected through the relation has
subclass.
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assumed to be of the failure type Improperly Cleaned Well. In
Fig. 9, this failure type is grouped under Wellbore Failure. Sho-
kouhi and Skalle (2009) have shown how to build cases and how
to gather different types of input information. All 36 cases are
related to restrictions such as Increased HKL, Packoff, and Took
Weight. What is the cause of the observed restrictions? In Figs. 8
and 9, all the potential errors and failures are presented. In our
data sets, there are mainly two possible main causes: Reactive Fm
and Accumulated Solids related errors.

Both mentioned cause types could be causing the failures, ei-
ther individually, or more probably, in combination. End-of-Well
Reports have been available, and for a few of the failure cases,
Sidetrack Reports were made available. On the basis of available
information (RTDD and End-of-Well Reports), we have created
some realistic failure cases. From the 36 cases, the seven most
data-rich cases (containing most symptoms) were selected (listed
in Table 5) to perform a more detailed study of the failure causes.
In the investigation, we applied the CREEK (Aamodt 2004) for
demonstrating the methodology. Intermittent model results can
also be transferred to and tested in MS-Excel or in similar spread-
sheet applications.

Probability Estimation. To demonstrate the methodology, Case
Number 1 was selected. The resulting evaluation is presented in
Fig. 10. The paths from the 15 observations lead with different
relation strengths by means of error concepts to failure concepts.
In general, the strength of each path is the product of the strength
of all n relations leading from the observation to the target error/
failure concept.

path strength ¼
Yn

i¼1
relation strengthi ð5Þ

When there are several explanatory paths to an error concept,
the total explanation strength for each error is determined by sim-
ply adding all path strengths.

explanation strength ¼
Xm

j¼1
path strengthj ð6Þ

Here, m is the number of paths. Calculated explanation strength
will be a good indicator of indentifying the most probable error
(the cause of the failure). The results for Case Number1 are pre-
sented in Table 6.

In this example, the path strength of Reactive Fm is found as
the sum of all path strengths leading to the error called Reactive
Fm. Five symptoms make up the six (Hard Fm takes two routes)
contributing paths (Eq. 5).

The sum here represents the explanation strength (Eq. 6).
From Fig. 8, it is observed that Enlarged Wellbore and Erosion of
Wellbore are subclssses of Reactive Fm. In Table 6, the three error
types are therefore grouped into a common error group called
Reactive-Fm-related. The explanation strength of Reactive-Fm-
related errors was 65%, the highest of all the errors pointed at in
the knowledge model. It was only 19% probable that the cause
was Accumulated Cuttings and 16% for Creeping Wellbore.

The other 6 of the 7 selected cases also pointed toward differ-
ent wellbore-stability errors with a different degree of probability,
except for Case Number 5, in which the cause was found most
probably to be Cuttings Accumulation. This is shown in Table 7.
Case Number 5 was a typical cuttings-transport-related problem.
In that case, Accumulated-Solids-related errors were pointed out
with a 69% probability. It surprised us that so few cases pointed
at the failure Cuttings Accumulation. The reason is backtracked to

. . . . . . . . . . . .

. . . . . . . . . .

TABLE 5—DETAILS OF THE SEVEN CASES SELECTED FOR DETAILED STUDY

Number Failure NPT (hours) Well Section (in.) TVD (m) MD (m)

1 Accidental Sidetrack 4 17.5 1250 1470

2 Improperly Cleaned Well 5 12.25 1825 4102

3 Improperly Cleaned Well 4 12.25 1800 3756

4 Drillstring Twist Off Gave up well 8.5 2525 9330

5 Improperly Cleaned Well 1 12.25 1500 2200

6 Unscheduled Change of Bit 4þGave up well 8.5 2800 6470

7 Improperly Cleaned Well 13.5 8.5 2850 5764

TABLE 4—SYMPTOMS SUPPORTING CAVINGS PRODUCTION AND CHUNK IN WELLBORE

Type of Cause Symptom Geometry of Representative Cavings

Cavings production during

underbalanced drilling

Underbalanced Pressure Splintery Cavings

Low MW

In Shale Section

Splintery Cavings

Drilling in abnormal-stress

regime

Inclined Wellbore Path Angular caving, shear fail-

ure caused by excessive

relative to MW

Abnormal stress regime

parameters?

Angular Cavings

Faults and pre-existing

fractures

High Vibration Tubular cavings in pre-

existing fractures. Blocky

shape with smooth, flat

surface; clear bedding

plane cleavages

High Fluid Loss

High Surge/Swab Pressure

High Back Reaming Activity

Tubular Cavings

Shallow Well: 0.9 � 0.7 ¼ 0.630

OBM:* 0.4 � 0.5 ¼ 0.200

Dropping Inclination: 0.9 � 0.5 ¼ 0.450

Reaming Down: 0.9 ¼ 0.900

Hard Fm: 0.9 � 0.7 � 0.7 ¼ 0.441

Hard Fm: 0.7 � 0.7 ¼ 0.490

Total: ¼ 3.111

*OBM, oil-based mud.
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how the 36 test cases were selected. The most “dramatic” cases
were selected to demonstrate the method, and the selected wells
were drilled in the most difficult formations. When the remaining
cases of the 36 cases were tested, we found also in the majority of
tested cases the main cause to be Reactive-Fm-related, but not of
the same convincing probability as for the 7 “rich” cases.

Methodology Sum-Up. To sum up how the method was tested
on historical drilling data and, at the same time, to present how it
will work in the field, the chronological-stepwise-progress method
development is presented in Table 8.

Next Level. The model is expected to improve with better data
available. With measurement while-drilling (MWD) data

TABLE 6—POSSIBLE ERRORS LEADING TO HOLE-CLEANING FAILURE IN CASE NUMBER 1.

LC IS NOT INCLUDED IN THE RESULTING PROBABILITY

Error

Explanation

Strength Error Group Probability

Reactive Fm 3.11

Enlarged Wellbore 1.80

Erosion of Wellbore 1.44 Reactive-Fm-related: 6.35/9.81¼ 0.65

Accumulated Solids 1.80

Accumulated Cuttings 0.06 Accumulated-Solids-related: 1.86/9.81¼ 0.19

Creeping Wellbore 1.60 Creeping-Wellbore- related: 1.6/9.81¼ 0.16

LC-related (0.05) 0.49 LC- related: 0.49/10.30¼0.05

Total 9.81 1.00

TABLE 7—MOST PROBABLE ERROR OF THE 7 CASES, PRESENTED IN TERMS OF

PERCENTAGE OF ALL CAUSES IN EACH CASE. CASES 4 AND 6 OCCURRED IN WELLBORES

THAT WERE GIVEN UP (SEE TABLE 5) AND THEREBY STRENGTHENING AND SUPPORTING

THE INITIAL MAIN CAUSE (INITIAL MEANS IMMEDIATELY AFTER THE INCIDENT)

Case Failure Primary Error % Secondary Error %

1 Accidental Sidetrack Reactive Fm 65 Accum. Solids 19

2 Improperly Cleaned Well Reactive Fm 61 Accum. Solids 29

3 Improperly Cleaned Well Reactive Fm 48 Accum. Solids 25

4 Drillstring Twist Off Reactive Fm 82 Crooked Wellb. 10

5 Improperly Cleaned Well Accum. Solids 63 Reactive Fm 32

6 Unscheduled Change of Bit Reactive Fm 83 Accum. Solids 9

7 Improperly Cleaned Well Reactive Fm 57 Compr. Stress 17

Short Distance From Bottom

Observations
Model-Internal
Concepts

Failure / Errors

Expels

Causes

Soft Fm

Shale/Water Interaction

Creeping Wellbore Well

Causes Always

Mechanical/Hydraulic Erosion

High Cutting Bed

High LGSC

Compact Cuttings Bed

Accumulated Cuttings

Causes

Causes Occasionally

Low Degree of Compaction

Causes

Causes
Causes

Causes

Causes

Involves

Leads to

Causes

Enables

Low ROPReaming Down

Hard Fm

Resent Serious Took Weight

Resent Serious Overpull

High Mud Viscosity

Implies

Implies

Implies

Implies

Implies

Involves

Reactive Fm

Erosion Of Weakened Wellbore

Enlarged Wellbore

Implies

Implies

Lost Circulation

Accumulated Solids

Low Cuttings Bed Height

Caused by

Caused by

Caused by
Caused by

Caused by

Caused by

High ECD

Expels

Steeply Downhill Well

Short Well

Very Aggressive BHA

Recent Increasing ROP

Dropping Inclination

Shallow Well
OBM

Long Open Hole Time

Low MW/Fracture Eq. Density

Fig. 10—The path of all observations and derived symptoms (left), leading to relevant error concepts in Case Number 1 (right). All
observations are leading to the failure Improperly Cleaned Well, except for one (the bottom one).
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available (such as gamma, sonic, and resistivity) and thus access
to other details beyond what is possible through surface-measured
RTDD, it would be feasible to note
� Study the influence on the failure cause from processes such

as reaming, drilling, heat generation, slip stick, and bit wear.
� Lithology can be revealed from seismics and from neighbor-

ing wells.
� Shaliness (from gamma log) would help greatly.
� Knowledge of the collapse pressure would determine the va-

lidity of mechanical stability and cavings production.
In the next phase of this study, we will include items such as
� Better information access, including MWD data
� More-conforming design rules (e.g., avoid circular

relationships)
� Developing a deeper level of internal concepts
� More-precise definitions of symptom strength can be made.

The rudimentary differentiation we apply consists of only four
levels: low, normal, moderately high, very high.
� More-flexible relations, including AND, OR, IF, THEN,

ELSE, NOT.
One important point that is inherent in the extensive version of

our method (VerdandeTechnology 2009) but not discussed in the
present paper is the learning element. New concepts characterized
by new failures will have to be added and will thus extend the
knowledge. Likewise, frequently occurring failures obtain an
everimproving best repair practice, as soon as the outcome of the
suggested repair approach has been verified and proved. This pro-
cess sequence is indicated in Fig. 1.

Conclusion

Improperly Cleaned Well. This was selected as an example of a
failure type to be tested. For this failure type, it is a challenge to
determine the causes behind the failure. The cause can, for
instance, be
• Reactive Fm (symptomatic of, e.g., Soft Fm)
• Accumulated Solids Restriction (symptomatic of, e.g., Cuttings

Accumulation)
• Wellbore Geometry Restriction (symptomatic of, e.g., Local

Dog Leg)

A new method has demonstrated how to meet this challenge.

A Knowledge Model. It was developed for the drilling-engineer-
ing domain. When, for example, observations, static parameters,
and activity are inserted as concepts in a knowledge model, the
most-probable causes of failure will automatically be deduced.
The prioritized causes are viewed and evaluated by the driller
before deciding how to repair the failure.

The Common Treatment Procedure. Today, it is to select Best
Practice on the basis of available symptoms. Selecting wrong Best

Practice will need time to adjust. Selecting the correct main cause
will lead to a more appropriate treatment of the failure because
the treatment now can be made fit for purpose. The desire to
determine the cause of physical restrictions in the wellbore was
the driving motivation behind this project.

By Testing. After the testing of seven data-rich cases from a
batch of 36 failure cases, characterized by small and large NPT,
the new method pointed out the most-probable main causes. One
case was selected to demonstrate the method in more detail.

Access to More and High-Quality Data. With this access, more
and better symptoms can be made, resulting in pointing out the
correct cause with higher probability. The method needs more ex-
perience before it can be classified as a proven method.

Nomenclature

A ¼ area, m2

BPOS ¼ drilling parameter, block position
C ¼ a constant
dc ¼ the d-exponent

ECD ¼ equivalent circulation density, kg/m3

EFD ¼ equivalent fracture density, kg/m3

g ¼ gravitational acceleration, m/s2

HKL ¼ drilling parameter, hookload, tons
MFI ¼ drilling parameter, mud flow in, L/min
MW ¼ drilling parameter, mud weight, kg/m3

p ¼ pressure, Pa
ROP ¼ drilling parameter, rate of penetration, m/s
RPM ¼ drilling parameter, revolutions per minute, s�1

SPP ¼ standpipe pressure, Pa
TRQ ¼ drilling parameter, torque, N�m
TVD ¼ true vertical depth, m

WOB ¼ drilling parameter, weight on bit, N
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