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Abstract

This thesis presents a framework for the automatic identification of the state of an oil
drilling system from sensor data. The reliable detection of states is a prerequisite for the
identification of operations. Although the framework has been developed for monitoring
drilling, it is generally applicable to data fusion models for the generation of features

and decision making.

The system identifies specific states of the equipment and/or process dependent on

predefined sensor information extracted dynamically from the sensor data.

Three fundamental types of states are defined: Cluster States, Trend States, and Shape
States. Cluster States are defined by discriminating data into clusters using “Expecta-
tion Maximization”, “Envelope” and “Otsu” algorithms. Trend States are detected in
sensor measurements by applying Piecewise Linear Approximation algorithm where the
final trend states are determined after a number of merging operations on small trend
sections in data. Shape States are identified in sensor data through the orthonormal
polynomials method where the polynomial coefficients are used as shape descriptor for

the template shape states.

A distributed state recognition system has been implemented as an embodiment of
the proposed framework and as a tool of verifying the proposed methods. Specific sub-
systems of a drilling rig have been used as example systems whose states can be identified.
The sub-systems are: Circulation Sub-system, Rotary Sub-system, and Hoisting Sub-
system. The verification process of the recognized states is automatically performed
and verified against manually classified states from experts. It is proposed to apply the
framework and the concept to analyze the drilling rig performance and optimize the

drilling process.
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Zusammenfassung

Diese Arbeit praesentiert ein Framework fuer die automatische Identifikation des Zus-
tands eines Bohrsystems einer Erdoelbohrung aus den Sensordaten. Die zuverlaessige
Erkennung eines Zustands ist die Vorraussetzung zur Identifikation einer Operation.
Obwohl das Framework fr die Ueberwachung von Tiefbohrungen entwickelt wurde, ist
es generell fuer die Generierung von features und fuer die Entscheidungsfindung des

passenden Datenfusionsmodells anwendbar.

Das System identifiziert abhaengig von zuvor definierten Sensor Informationen - dy-
namisch aus den Sensordaten die spezifischen Zustaende der Bohrausruestung und /
oder der Bohrprozesse. Drei fundamentale Typen von Zustaenden sind definiert: “Clus-
ter States, Trend States und Shape States”. Diese werden durch die Differenzierung der
Daten in Gruppen durch “Expectation Maximization”, “Envelope” und “Otsu” Algo-
rithmen definiert. “Trend States” werden in Sensor Messungen durch die Anwendung
von stueckweisen liniearen Annaeherungs Algorithmen indem die finalen Trends erst
nach der Zusammenfassung einer Anzahl von kleinen Trend Sektionen in den Daten
bestimmt werden. “Shape States” werden in den Sensordaten durch die orthonormal-
polynomial Methode bestimmt wobei die Polynomial Koofizienten als Formdeskriptor

fuer die Vorlage “Shape States” verwendet werden.

Ein verteiltes Zustandserkennungs System wurde zur Darstellung fuer das praesentierte
Framework und als Werkzeug zur Ueberpruefung der vorgeschlagenen Methoden im-
plementiert. Finzelne Komponenten einer Bohranlage wurden dazu als Beispiel zur
Anwendung der verwendet Die Zustandsbestimmung kam an einer Vielzahl von Kom-
ponenten einer Bohranlage zur Anwendung. Diese sind: das Zirkulationssytem, das
Drehsystem und das Hebesystem. Die durch das System erkannten Zustaende wurden
automatisch mit von Experten manuell generierte Zustaende verglichen und verifiziert.
Es wird vorgeschlagen das Framework und dessen Konzepte zur Analyse der Leistung

von Bohranlagen und zur Optimierung der Bohrprozesse zu verwenden.
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Chapter 1

Introduction

1.1 Motivation

Improving the performance of the drilling process is a big challenge in todays drilling
industry. The first requirement to improve drilling performance is to measure it. Perfor-
mance measurement means determining the quantitative values or weights that describe
each drilling operation and the complete drilling process as resultant. For example,
the duration of each drilling operation is considered a useful measure. In addition, the
number of drilling operations and distributions of those operations over different well

drilling phases are important measures of drilling performance.

Automatic rig state detection and recognition from sensor measurements are considered
as fundamental steps for monitoring the drilling rig activities. Detecting these states
gives services of drilling data analysis more aptitude to examine all actions performed
by the drilling crew at the rig site. Furthermore, automatic detection provides essential
mechanisms to judge the performance of the drilling machinery. Consequently, this
gives the ability to perform sequence mining and analysis on particular drilling process

sections.

The work presented in this thesis shows the method for detecting the drilling rig states
from surface sensor measurements using a distributed framework of state detection al-
gorithms. The system is distributed over core components where each component hosts
a state detection algorithm. This gives each component a supervisory role over each
sensor. The components connect to each other using a middleware. The decision on
the rig activity or state is taken when information from all the sensors is received at a
central decision unit. The concepts of multisensor data fusion are used to embody the

suggested algorithms and concepts as a real system. The suggested framework is tested
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on an oil well drilling rig system where different sensor data is available. Three main
sub-systems of drilling rig are tested with the suggested framework: Rotary System,

Circulation System, and Hoisting System.

1.2 Problem Statement

Rig state or activity is any operation performed by drilling crew at rig surface using rig
equipment in order to drill a well in the ground. The terms “rig state” and “rig activity”
are interchangeably used in this thesis. The usual drilling rig states and activities are:
Drilling operation (rotary and sliding); Hole cleaning operation (reaming up/down, Cir-
culating); Making a connection to attach a new drill-stand to the drill-string; Making
disconnection to remove a drill-stand from the drill-string; pulling/lowering the drill-
string (out/in) the hole and putting it (in/out) the slips. The sensor measurements;
which are taken from the rig and available through the mud-logging systems, are: Load
on hook, torque and revolutions of the rotating drill-string, flow and pressure of the
mud pumps, travelling block position, weight on bit, rate of formation penetration, hole
depth and bit depth.

The main research question of this thesis is: Is it possible to detect the states and
activities of a drilling rig from surface sensor measurements? If yes, how should the
detection process be performed? How can the start and end timestamps of each rig

state be specified? How accurate are those timestamps?

How the sensor data can be acquired and transferred from the rig site (offshore/land) to
the processing center which hosts the state detection process? What kind of distributed
systems is required to do the data transfer and processing operations in a reliable man-

ner?

For each detected rig state or activity, what are the required sensors to detect it? What
is the required information (features) extracted from sensors to detect all rig states? If
sensor information is not sufficient then what kind of information is required to detect
the rig states successfully? What is the minimum frequency of the data sampling that
should be applied on each sensor data to detect rig states? What is the uncertainty of
each detected state? Is it possible to evaluate the overall uncertainty of the detection

process of all rig states?

Under which conditions should the detection process work? Must all the data from the
beginning of drilling the well be available before starting the detection process? Or it is

possible for the detection process to run at any given time during well drilling activities?
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What are the required parameters for the detection process? Are those parameters time-

dependent, rig-dependent, or mixture of time and rig-dependent?

1.3 Outline of the Thesis

This thesis is structured in three main parts. The first part gives basic information
and literature survey about drilling rig system, systems for rig activities detection, dis-
tributed multi-sensor fusion systems, and time series analysis. The second part of this
thesis discusses the research methodology which suggests a hypothesis to solve the prob-
lem statement. Also; this part shows the research steps in implementing the suggested
hypothesis for detecting rig states and activities through a distributed multi-sensor fu-
sion system. The last part of this thesis discusses the results of testing the suggested

hypothesis on test data sets and what may result in future possible work.

Part I: Introduction and Literature Survey

Chapter 2 discusses drilling rig system architecture and previous work on rig activity
detection systems. Chapter 3 focuses on distributed multi-sensor fusion systems and
their architecture and how the communications are performed between the sensing nodes
and fusing center. Middleware and Publish/Subscribe models are presented in this
chapter as tools that can be used by the fusion system to communicate sensors states
to fusion centers. Time series analysis techniques are presented in Chapter 4, where the

terms of time series clustering and segmentation are discussed in depth.

Part II: Rig State Detection

Chapter 5 mainly demonstrates the suggested hypothesis to solve the problem state-
ment of this thesis through dividing the problem into smaller pieces on the levels of
rig sub-systems and then considering the rig state through fusing the states of all sub-
systems. Chapter 6 presents detection of rig state through statistical clustering of sensor
data, and how a thresholding concept is used on sensor data to detect the state of rig
through detecting different states of hoisting system, circulation system and rotary sys-
tem. Chapter 7 shows how a Piecewise Linear Approximation algorithm is used to detect
trend states in sensor data, and shows how the two steps of filtering and trend tracking
may be performed together in one step. Chapter 8 discusses how to detect states as
shapes on sensor data through extract features based on moments invariants. These
shapes will be used to validate specific states of rig (InSlips/MakeConnection). Chapter
9 demonstrates a distributed multi-sensor architecture to fuse all the information col-
lected and extracted from sensor data to enable informed decision to be made about the

actual state of the rig.



Chapter 1. Introduction 4

Part III: Conclusion and Future Work

Chapter 10 mainly summarizes the results of applying the suggested hypothesis on test-
ing data sets and validating all the questions suggested in the problem statement. Ad-
vantages and disadvantages of the work suggested are presented. Also; the possible

future work is discussed in this chapter.

Appendix A presents how data is acquired from a rig site through the distributed archi-
tecture called WITSML bridge. The WITSML standard is the main technology used in
the oil industry to transfer and exchange data between different parties and is discussed

in detail in this chapter.

Appendix B contains the author’s published papers in international conferences and

journals.

1.4 Original Work

The main contribution of the work presented in this thesis is related to the domain of

distributed multisensor data fusion and its application.

The following points summarize the contribution:

e Applying clustering and segmentation algorithms to detect all possible states (ac-
tivities) in sensor data of a drilling rig. An approach to detect InSlips and Out-
OfSlips general states in hookload sensor data using Expectation — Maximization
and Envelope Algorithms is applied. Then PLA algorithm detects all the states
of hoisting system on block position sensor data. Afterwords the smaller states of
rotary and flow subsystems are detected on flow and rpm sensor data. The general
output of this approach shows how to monitor and detect all rig states from sensor

data.

e Application of the distributed fusion systems using middleware as a communication

infrastructure between sensors and fusion center.

e Tracking specific borders of sensor data clusters using Expectation Maximization
Algorithm. For some special cases in sensor data, an envelope algorithm is sug-
gested to track cluster state borders more accurately than EM algorithm. Numer-

ical verification is performed on artificially-synthesized and real rig data.

e An improved version from Piecewise Linear Approximation algorithm is suggested
where similar trend segments are merged together before stepping into the final

results.
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e Application of orthonormal polynomial moments is performed through describing

shape states in sensor data using the coefficients of orthonormal moments.

e The suggested framework in this thesis is tested and applied on different sensor
data collected from different types of real drilling rigs (Offshore and Land rigs)

running in different parts of the world.
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Chapter 2

Drilling Rig System

2.1 Introduction

This chapter presents an overview of oil well drilling rig systems and the real-time sensor
data that can be obtained from them during the drilling process. A survey on different
approaches for real-time data processing in order to interpret rig states is also reviewed

in this chapter.

2.2 Drilling Rig

Oil well drilling is the process of making a hole in the ground in order to extract oil, gas
or any other natural resources from the subsurface; usually performed by a rig. Drilling
rigs can be large structures that house equipment used to drill water wells, oil wells,
or natural gas extraction wells. Numerous sensors are mounted at the rig to record
different physical measurements during drilling such as block position, hookload, mud
pumps flow rates, mud pumps pressures, hole depth, bit depth and torque, amongst [1].

Figure 2.1 represents a general diagram of a drilling rigs with its subsystems.

2.2.1 Hoisting System

The hoisting system works as an elaborate pulley to lift the travelling block and remove
the drill pipe. This action enables the installation of an extra length of pipe or a new
drill bit. Figure 2.2 shows the hoisting system at a drilling rig. The hoisting system
consists of the derrick, traveling and crown blocks, the drilling line, and the drawworks.

The drilling rig uses a derrick to support the drill bit and pipe (drill string). The derrick
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* http://www.drillingfunds.com/drilling_rig.html

Ficure 2.1: Drilling Rig

is a steel tower that is used to support the traveling and crown blocks and the drill
string. There may be no more identifiable symbol of the oil and gas industry than the

derrick on a drilling rig.

The crown and traveling blocks are a set of pulleys that raise and lower the drill string.
The crown block is a stationary pulley located at the top of the derrick. The traveling
block moves up and down and is used to raise and lower the drill string. These pulleys

are connected to the drill string with a large diameter steel cable.

The cable is connected to a winch or drawworks. The drawworks contains a large drum
around which the drilling cable is wrapped. As the drum rotates one way or the other,

the drilling cable spools on or off the drum and raises or lowers the drill string.

2.2.1.1 Hookload Sensor

A Hookload sensor measures the weight that is carried by a rig’s hook. The measure
depends on the type of the sensor. In the case of a clamp-on sensor mounted to the
deadline, the hook load readings indicate the sum of the weight of the hook itself and
the weight carried by hook. If the sensor is a load pin mounted to top drive then the

measurements represent the weight hanged at the hook.
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FIGURE 2.2: Hoisting System

2.2.1.2 Position of Travelling Block Sensor

The Block Position sensor measures the distance between the travelling block and the
rig floor. Usually this can be measured by counting the revolutions of the drawworks
multiplied by the distance of the circumference reel of the drawworks. A proximity

sensor is used for counting revolutions.

2.2.2 Circulation System

A fluid called mud circulates through the drilling bit as it cuts through rock. The fluid
lubricates the bit, removes rock cuttings, stabalizes the wall around the hole, and controls
the pressure in the wellbore. The mud is a suspension of chemicals and minerals such as
bentonite clay in water or sometimes oil. Figure 2.3 represents a systematic diagram of a
circulation system at a drilling rig. Workers blend the mixture in the mud-mixing shack.
The mud pumps push the fluid up the standpipe and into the drill pipe through the kelly,
in the conventional rig shown here, or through fittings in a top drive mechanism. After
passing through the drill bit, the mud and cuttings circulate back to the surface through
the space outside the pipe, known as the annulus, and into the return line. The shale

shaker, a vibrating screen, then separates the cuttings from the mud.
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* http://www.drillingfunds.com/drilling_rig.html

F1cUure 2.3: Circulation System

2.2.2.1 Pumps Flowrate Sensor

Flowrate (In): The most common method of measuring flow through a positive displace-
ment pump is to count the strokes over time and calculate the volume of each stroke.

Flowrate (Out) is often measured using a flow paddle positioned in the flow line between
the well and the shakers, it is common that the readings of flow out are not accurate

due to the incorrect positioning of a paddle.

2.2.2.2 Pumps Pressure Sensor

The pressure readings at the standpipe and elsewhere may be measured using a di-
aphragm to isolate mud from a gauges hydraulic fluid. For electrical readouts, the
transducer may have a diaphragm separating the mud from an electronic strain gauge
package, or the mud may act directly on the transducers steel bulkhead where the bridge
is attached to the bulkheads opposite side.
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2.2.3 Rotary System

Conventional Drilling On most land-based rigs, a rotary table on the rig floor rotates
the kelly, which turns the drill pipe and drill bit. As the drill bit penetrates deeper, the
crew threads additional pipe onto the top of the drill string.

Top Drive Drilling replaces the kelly method of rotation used in conventional rotary
drilling. Using hydraulic or electric motors suspended above the drill pipe enables top
drives to rotate and pump continuously while drilling or during the removal of drill pipe

from the hole. Most offshore units and an increasing number of land rigs use top drives.

Engine drive
rawworks

* http://www.drillingfunds.com/drilling_rig.html

FIGURE 2.4: Rotary System
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2.2.3.1 RPM Sensor
RPM measures the number or revolutions of the drill-string per minute, rpm can be
measured through proximity sensors connected to rotary table or top drive for counting

revolutions over time. Figure 2.4 demonstrates the two types of rotary systems that can

be used at drilling rig.

2.2.3.2 Torque Sensor

Torque represents the torque force of the drill-string, this is often obtained from an elec-
trical measurement in the powered portion of the rotary table or top drive. A common
means of torque measurement on direct current (DC) rigs uses a toroidal magnetic field
(a.k.a. donut) surrounding one of the power leads to the DC motor. Current passing

through the magnetic field induces a voltage in the sensor. These readings are then

compared to the motor manufacturers operational data [1].

2.2.4 Other Rig Readings

2.2.4.1 Rate Of Penetration Readings

Rate of Penetration represents the speed of the drill-string during a drilling operation.

2.2.4.2 Hole Depth Readings

Hole Depth is the depth of the hole drilled.

2.2.4.3 Bit Depth Readings

Bit Depth is the distance between the rig surface and the bit location in the hole, these

readings help the driller to estimate the location of drill-bit inside the wellbore.

2.2.4.4 'Weight on Bit Readings

Weight on Bit is calculated by subtracting the theoretical weight of the drill-string from
hook load measurements, these readings helps the driller to estimate how much weight

is applied on the drill bit.
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2.2.5 Power System

A drilling rig needs power to operate the circulating, rotating, and hoisting systems.
This power comes from two or more diesel engines. Power is transmitted to the drilling
rig from either generators that provide electricity or mechanical drivers. These use a
series of pulleys and belts to transmit power from the engines to the components that

require the power.

2.2.6 Rig Crew

Drilling is usually done by a service company or a drilling contractor. The drilling crew
is composed of a toolpusher, a driller, a derrickman, a motorman and several roughnecks
and roustabouts. The toolpusher, the location supervisor for the drilling contractor, is
usually a senior, experienced individual who has worked his way up through the ranks
of the drilling crew positions. The driller is the supervisor of the rig crew. The driller
operates the pumps, drawworks, and rotary table via the driller’s console - a control
room of gauges, control levers, rheostats, and other pneumatic, hydraulic and electronic
instrumentation. The driller also operates the drawworks brake using a long-handled
lever. Hence, the driller is sometimes referred to as the person who is “on the brake”.
The derrickman is in charge of the mud-processing area during periods of circulation.
The derrickman also measures mud density. The motorman is responsible for engine
maintenance. A roughneck is a low-ranking member of the drilling crew. The roughneck
usually performs semiskilled and unskilled manual labor that requires continual hard
work under difficult conditions for many hours. A roustabout is any unskilled manual

laborer on the rigsite.

2.3 Drilling Rig State Detection Systems

Figure 2.5 displays sensor data acquired from a drilling rig with rig states in different
colors. The data sketch shown in figure 2.5 represents the phase of tripping the drill-
string into a hole and starting the drilling operations, the increases of hole depth data
channel helps in recognizing the start of drilling operations. The Rig has different
states over time. In this thesis, rig state can be either Reaming, Drilling, Moving
Up, Moving Down, Hole Circulating or Connection/Disconnecting a new stand pipe
to/from drill-string. Some people refer to these states as “Drilling Operations”, in order
to prevent confusion in terms between the real “Drilling” activity and the general term
“Drilling Operation”, it is preferred in this thesis to use “Rig States” instead of “Drilling

operations”.
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FIGURE 2.5: Rig Sensors Readings with Rig States (Drilling Operations)

A small number of groups worked on detecting drilling rig states from sensor data. Three
main groups suggested systematic approaches to perform this goal. The first group used
a learning approach to train an intelligent model to be able to predict rigs states based
on sensors data as input [2], [3], [4] and [5]. The second group developed a state machine
model that translates the sensors readings into states thus allowing the model to track
those states to conclude the state of the rig [6], [7] and [8]. In order to get better results,
the author suggests filtering the sensors data before processing. The third group applied

the case-based reasoning concept in order to conclude rig states from sensor data [9-13].

Details on each of those approaches will be discussed in the remaining part of this

chapter.

2.3.1 Learning Approach

The authors Serapiao et al. of [2],[3],[4] and [5] tried to used supervised learning tech-
niques to train different intelligent models that can predict rig states based on sensor
readings as input for these models. They used a data set of sensor data from mud-logging
system. The data set is already classified manually by drilling expert and it contains the
readings of Bit Depth, Weight on Hook (WOH), Stand Pipe Pressure (SPP), Drill-string
Rotation (RPM) and Weight on Bit (WOB). The Data set has 3784 samples (3 days of
drilling work) divided into 75% training data set and 25% testing data set. The trained
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model was able to recognise the following rig states: Rotary Drilling, Rotary Ream-
ing, Sliding Drilling, Back-reaming or Tool adjusting, Tripping, and Circulating. They
used different classification algorithms on the data set such as: SVM, MLP-BP Neural
Network, LWL Statistical Learning, Clonal Selection Algorithm, Parallel ATRS2 (a new
version from Clonal Selection Algorithm). Figure 2.6 shows the results that reached by

the learning approach on the suggested data set.

Table 4. Classification accuracy for each class in the test data

Method Drilling operations

CI TR TA SD RR RD
MLP-BP 100% 100% | 96.2% | 98.4% | 86.0% | 93.8%
SVM 100% 100% | 96.6% | 94.1% | 83.3% | 90.7%
CLONALG 0% 100% | 89.5% | 96.0% | 72.8% | 97.2%
Parallel AIRS2 100% 100% | 91.7% | 97.6% | 75.4% | 98.3%
Lazy LWL 0% 0% 91.7% 0% 93.3% 100%

FI1GURE 2.6: Classification Results of Rig States - Learning Approach

The issues on their approach can be divided into two main categories (Data Set and

Classification Process).

The Data Set: The used data set has 3784 samples over 3 days which means that
the data is a sample each of 69 seconds. This sampling frequency is not sufficient at all
to recognize some states or operations such as reaming which takes less than one min
or even a few tenths of a second. The data set is considered too short and it was not
clear when exactly this data was taken; was it during drilling formation phase or during
tripping in or tripping out? There was no plot to show the nature of the data.

Classification Process: There is no accuracy in detection of start and end of each
rigs state or drilling operation. It is not possible to distinguish between different phases
of the well drilling process. The key InSlips/MakeConnection rig states or operations
are not detected at all. The classification process uses sensor data directly without the
extraction phase of features which makes the results unreliable for different rig types

and configurations.

This approach for rig state detection using a learning approach can not be considered
as a practical solution. This is because even if issues in the data set are resolved, this
method is still not sufficient to detect accurate time stamps of the start and end of a rigs
state. Moreover, if there is a change to concept of any rigs state, the model should be

retrained for all states again. The results of suggested learning approach shows a 100%
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precision which is difficult to believe especially that there are no features or preprocessing
phases suggested. Determining the correct features and selecting the most important

features is also considered a big challenge here.

2.3.2 State Machine Approach

The authors Mathis and Thonhauser of [6], [7] and [8] suggested a state machine ap-
proach to detect rig states from sensor data. They started with a preprocessing phase
where the sensor data is filtered before any processing phase [8]. Then they used state
machine models to detect different rig states from sensor data. The state machine
model detects each of the following rig states: Drilling, MakeConnection, TrippingOut,
TrippingIn. Each model, state machine, has the following states “YES”, “NO” and “UN-
KOWN?”. The state “YES” means that the rig has the intended state i.e. the rig will be
in “Drilling” state if the model of “Drilling” has “YES” state. The transitions between
states (“YES”, “NO”, and “UNKOWN?”) happened through predefined thresholds on
sensors readings. For examples if the hookload sensor has a reading value over predefined
threshold then the MakeConnection model, state machine, switches from “YES” state to
“NO” state. If the sensor data is null then the model will be switched to “UNKOWN”
state. Figure 2.7 shows an example of state machine to detect “Drilling” rig state from
sensor data. A collection of state machines, models, for all rig states is hosted in a rules
engine. The model in the context of their work called a “Rule”. Each rule has input
configuration parameters to adjust its internal state to detect the required rigs state
(see figure 2.7). They suggested special rules for filtering sensor data and other rules for
detecting states of a rig. The rule can be a complex rule depending on other rules or a
simple rule depends on a threshold. Each rule has been controlled by input parameters

which are called rules configuration.
The issues on state machine approach can be summarized by the following points:
e Apply moving average filter which shifts the data, and this shifts, in turn, all
detected states.

e Input sensor data should have a frequency of 1 Hz, if it is less than 1 Hz, the data

will be linearly interpolated and resampled to 1 Hz data.

e Around 70 variables of configuration for each instant new thresholds should be

adjusted and tested.
e Around 60 rules should be processed with around 240 States.

e Around 15 Data Channels should be configured with different buffer sizes.
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e [t depends on fixed hookload threshold which makes it always failed to recognize

MakeConnections/InSlips.

e Drilling scenario from rig can be processed with several combinations of values
for configuration parameters which makes the process of getting same recognition

results impossible.
e Very sensitive to changes in block position sensor data due to heaves effects in

floating rigs.
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FI1GURE 2.7: Drilling State Detection - State Machine Approach

Using rules engine to do a rig state detection is considered to be hard work due to the
complexity of configuring the rules engine; the conguration process should be executed
many times during receiving data from a rig site. This makes re-producing the same
detection/recognition results from sensors data more sophisticated. Extendability of the
rules engine is considered very complicated where the dependency degree between rules

is very high. Figure 2.7 shows a good example of a complex rule for detecting ” Drilling”
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state. It is obvious that this rule has an internal state machine to detect whether the

drilling bit is close to the bottom of the hole or not.

2.4 Case-based Reasoning Approach

Case-based reasoning is an approach to solving problems by reusing past experience [9].
Case-based reasoning was used as a core concept to process rig sensor measurements to
help drilling engineers to understand the current drilling process situation and support

them using previous similar cases [9], [10], [11], [12] and [13].

AAMODT et al. introduced a method for monitoring drilling operations [13]. This
method is based on interpreting real-time sensor measurements; extracting symbolic
features from these measurements; then the features are used in conjunction with a
pre-defined manual input on drilling operation to formulate what they call a ”case”;
and then a case base should be queried to extract similar cases. Extracted cases can
be reformulated and inserted into the case base as a new extension of the stored cases

(storing the knowledge).

The important issues related to the work presented in [13] are:

e There is no consideration to the data quality problems such as sensor drifting,

data gaps, sensor calibration, ..., etc.

e The filtering phase is not considered in the data processing phases where the data
frequency issue plays a major role in some drilling operations. For example a
reaming operation can be less than 20 seconds in duration; with a data frequency

of 20 seconds there is no chance to detect such an event.

e No specific details on how each data processing phase performs its functionality.
For example there is a description on what the phase Activity Interpretation will
do but there is no statement of how it should be implemented. The authors kept

many issues open to the implementers.

e No information on what can be extracted from real-time sensor measurements.

2.5 Summary

This chapter showed a general description of the drilling rig system and its sub-systems.
It gives an idea about each sensor mounted to a drilling rig and what the sensor readings

mean.
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Three rig state detection approaches were reviewed in this chapter, the approaches
are considered as state of the art in the domains of machine learning applications and
drilling operations recognition. The advantages and disadvantages of each approach

were discussed and their limitations were summarized.



Chapter 3

Distributed Multi-sensor Data
Fusion Systems

3.1 Introduction

The objective of this chapter is to introduce the required architecture which can be
used to embody a rig state detection system. In such systems, the sensors data fusion
process is required to fuse all the information acquired from sensors data and to assess

the situations at the drilling rig.

In this chapter, the concepts of distributed systems and distributed computing will be
presented. Then an idea of the nature of the sensors network at a rig site will be
highlighted. Data fusion systems and multisensor fusion frameworks will be surveyed.
The middleware as communication and messaging infrastructure in distributed systems
will be discussed. Publish/Subscribe and Request/Response as communication models

are defined.

3.2 Definitions

A distributed System is a software system that consists of many software components
distributed on networked processing units and communicated through messages [14].
Coulouris suggested three main characteristics of distributed systems: concurrency of
components, lack of global clock, and independent failure of components [14]. Andrews
in [15] defined distributed computing as the usage of distributed system in solving com-

putational problem where the problem is divided into a number of computational tasks

20
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and then distributed over processing units which communicate with each other by mes-

sage passing technique.

A rig Sensors Network is a collection of sensors mounted to different rig parts, these
sensors collect and disseminate operational data on the drilling process [1]. These sensors
are mounted to a data acquisition system using Ethernet network based on industrial

data communication protocols such as Modbus, Profibus, TCP/IP, ... etc.

Steinberg et al. defined data fusion as the process of combining information from different
sources to provide a robust and complete description of an environment or process of
interest[16]. Hall and Llinas characterized multisensor data fusion as an integration
process of sensor data in order to perform a predefined mission [17]. An overview on

multisensor fusion systems can be found at [16-25].

3.3 Multi-sensor Fusion Frameworks

The Joint Directors of Laboratories (JDL) Data Fusion Working Group, established
in 1986, started with a four level data fusion process model [16]. Those four levels
are: Object Refinement, Situation Refinement, Threat Refinement, Process Refinement.
Steinberg et al. revised the JDL model and suggested a five level model to consider
signal processing phase as a primary and first phase in JDL model [16]. Both JDL and
revised JDL models were proposed for military applications. No clear idea on how the
communication will be performed between sensor and fusion center. Phase of signal
processing and sensor data alignment (Spatial and Temporal) is unclear and not well

defined. Figure 3.1 represents the data fusion model of JDL (1992 version).
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Pre- DOMAIN
National Processing o )
Distriblited Level 1 Level 2 Level 3
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REFINEMENT) \REFINEMENT) \REFINEMENT,
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INTEL Computer
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. Level 4 Database Management
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F1cure 3.1: JDL Data Fusion Model [16]
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Thomopoulos suggested a multi-sensor fusion model of three levels: Signal Level, Ev-
idence Level, and Dynamic Level [19]. The advantage of this model over JDL model
is that this model can be applied in sequential or interchangeable manner. Factors on
spatial/temporal alignment of data as well as data transmission and communication

channels were taken into account in this model.

Luo and Kay introduced a multi-sensor integration model through a generic data fusion
structure [20]. The fusion process is performed in hierarchical manner through small
fusion steps between different sensor data in context of the sensor integration process.
This model suggests an interference of domain knowledge into fusion nodes through the

information system.

Pau described a knowledge-based data fusion model [21]. The suggested model consists
of five stages: Feature Extraction, Association Fusion, Sensor Attributes Fusion, Anal-
ysis and Aggregation, and Representation. No feedback loop between suggested levels

is considered as a limitation of this model.

Harris et al. proposed a waterfall data fusion model [22]. The model demonstrates how
the sensor data flows from data level to decision level. The sensor system is continuously
updated with feedback information arriving from decision unit. The feedback carries
control instructions to the sensor system in re-calibration, reconfiguration, and data

gathering aspects. Figure 3.2 shows the idea of Waterfall Data Fusion Model.

Interrogation I—> Decision making
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Features I—» Pattern processing

e - Controls |
Processed Feature extraction I:
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\ 4

Level 2

Pre-processing

Signal

Sensors
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FIGURE 3.2: Waterfall Data Fusion Model as described in [22], figure taken from [26].

Schoess and Castore introduced a distributed blackboard data fusion model [24]. The
model supposes a supervisor for each sensor. The sensor supervisor controls how con-
flicting sensor measurements are handled. This is based upon the confidence level of
each sensor. Figure 3.3 demonstrates the distributed blackboard model and shows how

sensor supervisors encapsulate each sensor.
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Ficure 3.3: Distributed blackboard Model with Sensor Supervisor Technique as de-
scribed in [24], figure taken from [26].

Boyd suggested a control loop for data fusion [23]. The Boyd loop was first used to
model data fusion in military command processes [23]. This loop consists of four phases:
Observe, Orient, Decide and Act. This model has a clear distinction from the JDL
model by suggesting the phase Act. The Act phase influences the Observe phase with
the decision taken from the Decide phase. This model is not clear on the concept of

sensing and normalization phases in generic multi-sensor data fusion.

Dasarathy described a I/O-based fusion modes in his model for data fusion [25]. The
suggested model starts from three basic levels of data fusion in most common data
fusion models: Sensor Data Level, Features Level and Decisions Level. The model
proposed five possible categories of transforming data between the suggested levels.
These transforming categories are: [Data In - Data Out], [Data In - Features Out],
[Features In - Features Out|, [Features In - Decisions Out], and [Decisions In - Decisions
Out] [25].

Bedworth and O’Brien describe a multi-sensor fusion model called Omnibus [18]. This
model is a hybrid model of three other models: Boyd Loop [23], Dasarathy [25], and
Waterfall [22] models. The model consists of four main modules similar to those in the
Waterfall model: Sensing, Features Extraction/Pattern Recognition, Decision Making/-
Context Processing, and Control Resources. The interaction between these modules is
done in a closed loop manner similar to Boyd Loop, and the data processed at three

main levels of Dasarathy model: Data, Features, and Decision.
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3.4 Distributed System Architecture using Middleware

3.4.1 Middleware

Middleware is any software infrastructure that enables software components to commu-
nicate and exchange data in a distributed system [27]. Middleware provides interface
to the software components to send or receive data in the form of messages, and this is
called Message Oriented Middleware. Figure 3.4 demonstrates the concept of middleware
and it shows how the interactions between applications - or components of distributed

system - located at different sites can be simplified via middleware. Middleware can

Ze

Site B

*http://middleware.smile.fr/

FiGure 3.4: Concept of Middleware

be classified by the method of data exchange. The following define the categories of

middleware according to [28]:

e Message Oriented Middleware. This is a large category and includes asyn-
chronous store and forward application messaging capabilities as well as integration
brokers that perform message transformation and routing or even business process

coordination.
e Object Middleware. This category consists largely of Object Request Brokers.

¢ RPC Middleware. This type of middleware enables procedures on remote sys-
tems to be executed, hence the name Remote Procedure Call. Unlike message ori-
ented middleware, RPC middleware represents synchronous interactions between

systems and is commonly used within an application.

e Database Middleware. Database middleware allows direct access to data struc-
tures and provides interaction directly with databases. There are database gate-

ways and a variety of connectivity options.
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e Transaction Middleware. This category includes traditional transaction pro-

cessing monitors and web application servers.

e Portals. It considers enterprise portal servers as middleware largely because they
facilitate front end integration. They allow interaction between the users desktop

and back end systems and services.

3.4.2 Request-Response Communication Model

In some references, this model is called client-server communication model [29-32]. In
this communication model, the clients send requests with their data interest to a server,
the server will: catch those requests; handle each request; prepare a response; and
send the response back to the client. Figure 3.5 demonstrates the pattern of client-
server where many clients should interact with a server to handel their requests. This
architecture has a big bottleneck problem at the server node, with a large number of
clients at somepoint the server will fail in processing requests [33]. To solve scalability
problems many solutions were suggested; load balancing by adding more processing

nodes to distribute the load has been proposed by many authors [33-36].
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FIGURE 3.5: Request-Response Communication Model

Web services technology is considered as a state of art technology in the domain of client-
server computing [37]. The W3C organization defined web services as a software system
designed to support interoperable machine-to-machine interaction over a network. It has
an interface described in a machine-processable format (specifically WSDL). Other sys-
tems interact with the Web service in a manner prescribed by its description using SOAP

messages, typically conveyed using HTTP with an XML serialization in conjunction with



Chapter 3. Distributed Multi-sensor Data Fusion Systems 26

other Web-related standards [38]. Web services used in a wide range of applications start-
ing from database to web-enabled sensors. In 2008 Botts et al. suggested OGC Open
Geospatial Consortium standards which suggest the concept of “Sensor Web”, this con-
cept represents a complete framework for data exchange in heterogeneous environments
based on web services, the proposed framework shows how to represent each sensor as
a web service and how the data flows from acquisition phase (sensor reading) to the

decision making phase [39].

WITSML is a Wellsite Information Transfer Standard Markup Language is a standard
for exchanging data acquired at rig site and distributed to interested parties in a standard
way [40], WITSML is based on web services as the data exchange mechanism where the
WITSML server exposes an interface to clients that connect to this interface and send
their requests in the form of XML data queries. The server then prepares the results

and sends them back to the clients. [41] (for more information see chapter A).

3.4.3 Publish-Subscribe Communication Model

Publish/Subscribe is a messaging pattern used as communication model between two
software components. The component which sends the messages called publisher, and
the component which receives messages called subscriber, usually the information is
organized under topics, any information under these topics can be communicated to
subscribers via messages, the subscribers should express their interest of getting any

update under topics to publishers [42].

Figure 3.6 explains graphically how the Publish/Subscribe model is implemented be-
tween the nodes (components) where information or data is organized under topics at
central network infrastructure (middleware). Then each node sends its subscriptions re-
quests to middleware to get the information or data under specific topic. Once the topic
information is updated, the middleware (publisher) sends information to the node (sub-
scriber). Furthermore, it is possible that a node can publish information under specific
topic to the middleware which, in turn, distributes the topic update in form of messages
to other subscribers (nodes). Pietzuch and Bacon preferred to use the term “event” as
topics update event, and they suggested the use of middleware as the event-based distri-
bution infrastructure, where the messages will carry the events and their arguments [43].
Another important application of middleware is in real-time environments, where the
events and data from distributed sensors should be communicated in real-time, it means
that the messages from the publishers to subscribers should be delivered within the time
constraints [44]. Heinzelman et al. describe in [45] an application of using middleware

to support sensor network applications, they suggested the use of middleware called
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*https://code.google.com/p/ops/

FIGURE 3.6: Publish-Subscribe Communication Model

MiILAN to fit a wide range of sensor network topologies to provide optimal events and
data distribution according to a predefined Quality of Service QoS [45]. Krakowiak in
the book [46] provides a comprehensive reference of applying middleware patterns in
different distributed applications, the book deals with the software design patterns of
object persistence, performing transactions, system management, availability, resources

management and quality of service.

3.5 Summary

Client-Server Communication model using WITSML standards can be adopted to do
rig sensors data communication and transfer from rig site to office site, where the com-
munication can be performed using web services over the HT'TP protocol and through
a normal Internet connection.. At office site, the sensor data can be processed further

using the concept of data fusion models.

In the case of a multisensor fusion system for monitoring and detecting states of drilling
rigs, a hybrid multisensor fusion model of waterfall [22] and distributed blackboard [24]
models can be adopted. Each sensor is associated with a supervisory component to
monitor and detect sensor state. The sensor supervisor then communicates the sensor
state with the fusion center as a blackboard model. The rig state detection process is
located at the level of Features in Waterfall model [22]. After transferring these states
to fusion center, a decision on the state of the drilling rig can be taken (see Decision
Phase in the Waterfall Model [22]).

Middleware can be used as a communication infrastructure between all the components
of data fusion model, where the raw data can be read from rig site and published to the

middleware which, in turn, distributes the data to other components. Then all interested
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components doing state detection can subscribe to the data and then publish features
as results that can be used by other state detection components. The decision on rig
state can be taken by state detection components and the rig states as results will be

published to the middleware to be used also by other reporting or analysis components.

In this chapter, a complete review of data distribution techniques and applications is
presented with the focus on the standards used on the rig site. The review is started
with some definitions of basic concepts and then the idea of data fusion systems is ex-
plained. Middleware in this chapter is presented as communication and data distribution
infrastructure. Two models of communications and data exchanges are reviewed in this
chapter, Client-Server and Publish-Subscribe Models. At the end of this chapter, an
idea of applying all the suggested concepts is proposed in order to detect rig states from

sensor data.



Chapter 4

Time Series Analysis

4.1 Introduction

Time series is a collection of observations made sequentially over time [47]. Usually
data collected from sensors can be described as time series, because the data represents

measurements at regular time bases.

This chapter reviews the time series analysis techniques to perform three main tasks:
search clusters in time series, segmentation of time series and classification of time series.
In this thesis, a link between states of the rigs machines and the data clusters in sensor
time series is shown, for example, two main data clusters are formed in the distribution of
Hookload sensor data. In addition, time series segmentation is considered an important
case in this thesis due to the mapping between the time series trend representation
concept and states of rig machines. In sensors time series, some states of machines have
a complex pattern or shape in sensor time series, this is considered a main reason to
review the concept of time series classification. Figure 4.1 demonstrates an example on

time series of rig sensors.

4.2 Time Series Clustering

The clustering is the process of identifying the structure in an unlabeled time series by ob-
jectively organizing data points into homogeneous groups where the within-group-object

similarity is minimized and the between-group-object dissimilarity is maximized [48].

The data clustering process is applied in this thesis on unlabeled sensor data in order

to detect the clusters that represent rig states. The main usage of clustering is to find

29



Chapter 4. Time Series Analysis 30

= | ﬁi — ~al7 “;‘\\_VJ‘_ A ML \.,.,J [ ~J l ! . Ve
- S S— | M!:U 1'l‘| jljJ |

! e
| \ L, ] N — | IS ¥ VIR
S vvl' [‘T"( \'*.'n*'""’mw"“, Wi IV ey “,{.w,“,‘f\--.v 1 ‘mwrr\f‘s“ Wik T 'ﬁ [} " n_i; ¥ v

POSDIOCK (raw)

Il Emseat \ 1 il

hkidav (r:
I — =
E=

flowinav (raw)

mdhole (raw)
m 17140
f
/
[
/

1,904
[
[
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out the states of drill-string whether it is “InSlips” or “OutOfSlips” from unlabeled time

series of hookload sensor.

The sensor time series is generated according to different states of rigs machines, each
state can be viewed as separated probability distributions i.e. data points of different
clusters were generated by different probability distributions [49]. If distribution family
is known (Gaussian mixture, or t-distribution) then finding the clusters in a given time

series is equivalent to estimating parameters of underlying models.

Propose that the prior probabilities P(C;) for cluster C;,i = 1,..., K where K is number
of clusters expected in the time series and the conditional probability densities p(z|Cj;, 6;)
where 0; are clusters parameters ¢ are known. Then the mixture probability will be given

as
K

p(x(0) = p(x|Cy, 0;) P(Cy) (4.1)

i=1

K
where 6 = (01,...,0k), and > P(C;) = 1. Once the parameters 6 are estimated, the
i=1
posterior probability for assigning a data point to a cluster can be easily calculated with
Bayes’s Theorem [50]. Zhuang et al. and Everitt et al. suggested use of Gaussian densities

in mixture models due to their complete theory and analytical tractability [51, 52].

Duda et al. presented a Maximum Likelihood estimation as an important approach for
estimation clusters parameters that maximizes the probability of generating the given

time series [53]. Maximum Likelihood is given by the joint density function:

N

p{ar, ..., ox}0) = [ pla;10) (4.2)

J=1
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or, in logarithmic form

N
10) = 3" In(p(a;10)). (43)
j=1

The best estimation of parameters 6 is obtained by solving log-likelihood equations
(%Lef)) = 0. Figueiredo and Jain and McLachlan and Peel showed that the solutions
for the likelihood equations can be obtained under most circumstances. [54, 55]. Those
circumstances are linked to the initialization process because the likelihood function of
a mixture model is not unimodal (it has more than one mode), and for certain types
of mixtures, the likelihood function may converge to the boundary of the parameter
space (where the likelihood is unbounded) leading to meaningless estimates [54]. Fur-
thermore, finding a solution of likelihood estimation (%L(;j)) = 0 also depends on the
selection of the number of components (clusters) because this specifies the shape of the
likelihood mixture function [54]. Iterative suboptimal approaches to approximate the
Maximum Likelihood were suggested, one of the famous approaches for solving this is

the Expectation Maximization algorithm [56].

The standard EM algorithm generates a series of parameter estimates {6°,0',...,07},

where T represents matching the convergence criterion, through the following steps:

1. initialize #° and set t = 0;’

2. Expectation-Step: Compute the expectation of the complete data log-likelihood

Q(0,0") = Ellog p(2?,2™0)|27,6']; (4.4)

3. Maximization-Step: Select a new parameter estimate that maximizes the Q-function,
O = argmazeQ(0, 6%);

4. Increase t =t + 1; repeat steps 2)-3) until the convergence condition is met.

Krishnan and McLachlan and Fraley and Raftery reported that the main weaknesses
of EM algorithm are: the initial parameters values, singularity of covariance matrix
of the data, the possibility of convergence to a local optimum and slow performance
of convergence processing [56, 57]. Krishnan and McLachlan and Celeux and Govaert
showed an optimal usage of EM algorithm and K-means algorithm on data sets with
a nature of Gaussian Mixture Model where K-means can be applied first to estimate
clusters parameters 0 g means and then use O g meqns as initial parameters values in EM [56,
58].
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4.3 Time Series Segmentation

Segmentation in time series is often referred as a dimensionality reduction algorithm [59].
Although the segments created could be polynomials of an arbitrary degree, the most
common representation of the segments is of linear functions. Intuitively, a Piecewise
Linear Representation (PLR) refers to the approximation of a time series @, of length
n, with K straight lines [60]. Figure 4.2 shows an example on Time series segmentation

with its piecewise linear representation.

FIGURE 4.2: Example on Time series segmentation with its piecewise linear represen-
tation [60]

Because K is typically much smaller that n, this representation makes the storage, trans-
mission and computation of the data more efficient. Furthermore, describing machine
state based on this representation makes the decision on rig states much easier. For
example, there is a need to know the movement direction of drill-string where it is Up,
Down, or Static. Keogh and Kasetty described that the most of time series segmentation

algorithms can be grouped into one of the following three categories [60]:

e Sliding-Windows (SW): A segment is grown until it exceeds some error bound.
The process repeats with the next data point not included in the newly approxi-

mated segment.

e Top-Down (TD): The time series is recursively partitioned until some stopping

criteria is met.

e Bottom-Up (BU): Starting from the finest possible approximation, segments are

merged until some stopping criteria are met.

From the applications viewpoint, Piecewise Linear Representation concept is used and
applied in many applications to perform time series analysis tasks, Shatkay and Zdonik

in [61] used the concept of Piecewise approximation in executing and designing time
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series queries. Wu et al. used Piecewise Linear Approximation to estimate the prices
trends in financial time series [62]. Amft et al. reported a successful usage of PLA on

time series obtained from motion sensor in detection of eating and drinking actions [63].

4.4 Time Series Classification

Given an unlabeled time series (), assign it to one of two or more predefined classes is a

time series classification problem [64, 65].

Classification maps input data into predefined groups. It is often referred as supervised
learning, as the classes are determined prior to examining the data; a set of predefined
data is used in the training process and learns to recognize patterns of interest. Pattern
recognition is a type of classification where an input pattern is classified into one of
several classes based on its similarity to these predefined classes [64]. Two most popular
methods in time series classification include the Nearest Neighbor classifier and Decision
trees. Nearest Neighbor method applies the similarity measures to the object to be
classified and to determine its best classification based on the existing data that has
already been classified. For decision tree, a set of rules are inferred from the training

data, and this set of rules is then applied to any new data to be classified [65].

The performance of classification algorithms is usually evaluated by measuring the ac-
curacy of the classification, by determining the percentage of objects identified as the

correct class [66].

4.4.1 Similarity Measures

To perform time series classification, there is a mandatory usage of distance measure [60].
Three main categories of distance measures are presented and discussed in detailed
in [66]. The following list briefly describes the concepts behind each distance measures

category:

Euclidean Distances One of the simplest similarity measures for time series is the
Euclidean distance measure. Assume that both time sequences are of the same
length n, each sequence is a point in n-dimensional Fuclidean space, and define
the dissimilarity between sequences C' and @ and D(C,Q) = L,(C,Q), i.e. the
distance between the two points measured by the Lp norm (when p = 2,it reduces
to the familiar Euclidean distance) [66]. Figure 4.3 shows the intuition behind the

Euclidean distance metric.
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FIGURE 4.3: The intuition behind the Euclidean distance metric [66].

Dynamic Time Warping In some time series domains, a very simple distance mea-
sure such as the Euclidean distance will suffice. However, it is often the case that
the two sequences have approximately the same overall component shapes, but
these shapes do not line up in X-axis. Figure 4.4 shows a simple example. In order
to find the similarity between such sequences or as a preprocessing step before
averaging them, a warp of the time axis of one (or both) sequences is required
to achieve a better alignment. Dynamic Time Warping (DTW) is a technique for

effectively achieving this warping [66]. A straightforward algorithm for computing

WW
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FIGURE 4.4: Two time series which require a warping measure. Euclidean distance,

which assumes the i*" point on one sequence is aligned with 7** point on the other (A),

will produce a pessimistic dissimilarity measure. A nonlinear alignment (B) allows a
more sophisticated distance measure to be calculated [66].

the Dynamic Time Warping distance between two sequences uses a bottom-up
dynamic programming approach, where the smaller sub-problems D(i, j) are first
determined, and then used to solve the larger sub-problems, until D(m,n) is finally

achieved, as illustrated in figure 4.5.

Longest Common Subsequence Similarity The longest common subsequence sim-
ilarity measure (LCSS) is a variation of edit distance used in speech recognition
and text pattern matching. The basic idea is to match two sequences by allowing
some elements to be unmatched. The advantage of the LCSS method is that some
elements may be unmatched or left out (e.g. outliers), where as in Euclidean and

DTW, all elements from both sequences must be used, even the outliers[67].
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FIGURE 4.5: Two similar sequences Q and C, to align the sequences, a warping matrix
is constructed, and search for the optimal warping path is shown with solid squares [66].

4.5 Summary

This chapter reviewed the literature of time series clustering, segmentation and classifi-
cation. It is found that Expectation Maximization algorithm is the best algorithm that
can be used to estimate parameters of data clusters in time series, the best usage of EM
with K-means is to find out the initial values of the cluster parameters. Piecewise Linear
Representation PLR is the state of art in domain of time series segmentation, PLR can
be used to find out the main segments in a time series, the advantage of using PLR is
the possibility to determine the start, end, and trend of each segment accurately. Time
series classification is reviewed with distance measures that play main role in detecting

some complex patterns in rig sensor time series.
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Rig State Detection
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Chapter 5

Research Methodology

5.1 Introduction

This chapter sheds light on the research methodology followed in this thesis. It starts
with research objectives and then it shows the applied research methods to perform
this research. It contains a detailed description of the working hypothesis and how
this hypothesis should be tested and validated. The research design to accomplish the

research objectives is also discussed in this chapter.

5.2 Research Objectives

The purpose of this research is to provide a new approach in detection drilling rig states
and activities from rig sensor data. This purpose should be accomplished with less
required resources and with a minimum possible delay. The delay here is the time
difference between the time of real measurement taken by rig sensor and the time this
measurement is interpreted as state or activity. This includes the time of transfer of this
measurement from rig site to decision center plus the time of processing and decision

making.
More precisely, this research aims to give answers to the following main questions:
e [s it possible to detect the states and activities of a drilling rig from surface sensors
measurements with accurate start and end timestamps of each detected state?

e How the sensor data can be acquired and transferred from rig site (offshore/land)

to processing center which hosts the state detection process?
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e Which kind of distributed system is required to perform sensor data transfer and

processing operations in a reliable manner?
e For each detected state or activity, what are the required sensors to detect it?

e What are the required information (features) extracted from sensors to detect
all rig states? If sensor information is not sufficient then what kind of extra

information is required to detect rig states successfully?

e What is the minimum data sampling frequency that should be applied on each

sensor data to detect rig states?

e What is the uncertainty of each detected state? Is is possible to evaluate an overall

uncertainty of the detection process for all rig states?

e Under which conditions should the detection process work? Should all sensor data
from the point of start drilling be available before running the detection process?

Or is it possible to run it from any given time point during well drilling activities?

e What are the required parameters for the detection process? Are those parameters

time-dependent, rig-dependent, or a mixture of time and rig-dependent?

5.3 Research Methods

The research methods or techniques used in this thesis to perform the research work can

be put into the following groups:

1. Distributed Rig Sensor Data Transfer Methods: Due to the complexity of making
the intended processing system running at rig site, it is required to deal with the
issue of how to get the data from rig site to the office site to be processed using high
performance computers. The sensor data is usually acquired from sensors at rig
site and delivered to the office site through rig acquisition system. The distributed
data acquisition methods help in getting the data from the rig site to the office
site. The sensor data can be stored in a database for later processing or it can be
directly processed. The methods of data transfer are: Hypertext Transfer Protocol
HTTP, Web Services.

2. Data Analysis Methods: These methods are used to understand the relationships
between the sensor data and different rig states. The methods used here are:
Time series filtering (Chebyshev Type I low pass filter), Time series clustering

techniques (K-means, Expectation Maximization, Otsu), Time series segmentation
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techniques (Global Thresholding, Local Adaptive Thresholding, Piecewise Linear
Approximation), Shape matching and detection using polynomial moments, and

Decision Trees.

3. Distributed Multi-sensor Fusion Methods: Those methods used to fuse sensor in-
formation together to conclude the final decision on rig states. Distributed black-
board multi-sensor fusion model and Waterfall data fusion model are hired for
multi-sensor fusion process. Middleware is mainly used as embodiment of the

suggested method for data processing.

4. Validation Methods: Those methods applied to validate the accuracy of obtained
results. Confusion Matrices are used to evaluate results of applying the suggested

hypothesis on testing data sets.

5.4 Research Hypothesis

To understand the hypothesis that this research is performed through, it is required to
take a look at figure 5.1. This figure shows the levels of research problem. The problem
is divided over four levels: Rig Level, Rig Sub-System Level, Machine Level, and Sensor
Level. The research hypothesis suggests to start solving the problem from bottom to up.
If the problems at sensor level are solved then they can easily be merged up to detection
states at machine level. Then the states of rig sub-systems can be concluded. At the

end, the state of a rig is known from the states of its sub-systems.

5.5 Research Design

The research design is the systematic steps in which the working hypothesis can be
implemented and the results of research can be obtained. The research design of this
thesis is a plan that specifies the tasks to obtain sensor data from a rig site and process
this data to detect rig states. The following tasks form the research plan to detect rig

states from sensor data:

1. Acquiring data from rig site using WITSML web service standard and distributed
Middleware client bridge. Using this distributed client, a query can be sent to
WITSML server at rig site then a response with sensor data will be returned
back. More information on this distributed client and WITSML Standard will be
discussed in the appendix as complementary work performed to explain how the

data presented in this thesis is acquired.
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Detection and Monitoring Rig States and Activities using

Surface Sensor Measurements
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FI1GURE 5.1: Suggested hypothesis for solving problem statement using Bottom-Up
approach.

2. Drill String state should be detected by applying clustering mechanism to detect
InSlips/OutOfSlips states from hookload sensor data.

3. Drill String movements states can be detected through trend analysis of Block

Position sensor data.

4. Detection of how the drill string is close to the bottom of the hole. This can be
done through cluster analysis on the difference between hole depth and length of
drill string (bit depth). The state that shows whether the drill string is close to

bottom of hole will appear as a separated cluster in the depths difference.

At this point, the state of hosting system can be determined whether the drill string
is InSlips or it is connecting to rig hook and whether the drill string is moving

up/down/static and whether the bit is close to the bottom of hole.

5. Detecting states of circulation system by segmenting flow in sensor data using local

adaptive thresholding algorithm.

6. Detection the state of rotary system by analyzing rpm sensor data and segmented

into On/Off states using local adaptive thresholding algorithm.

7. Validating of the shape of hookload sensor data when InSlips state is detected.
The shape of this sensor data should has a general “U” shape. It can be that
the hookload sensor data has shape of “V” as a special case from the general

shape “U” where the “InSlips” state last for one or two data points. This will
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be discussed in more details in Borderline cases section of “InSlips/OutOfSlips”
detection process. Also block position sensor data should have the shape of “S”
or “Z”. The polynomial moments can be used with the sensor data to describe the

shapes and measure them against predefined templates.

8. Merging the states of all rig sub-systems to conclude the final rig state. Decision
trees techniques can be used here as a mechanism to give a decision based on

different detailed states.

9. Validation of obtained results with reference data sets. The concept of confusion
matrices can be applied to give a clear view on the overall accuracy of the suggested
hypothesis. The accuracy will be measured against already classified data sets
delivered by drilling experts. Shapes accuracy will be measured against artificially
generated data set after consulting drilling experts about the correctness of data

templates that are used to generate the data.



Chapter 6

Rig State Detection Using
Statistical Clustering Analysis

6.1 Motivation

This chapter focuses on detection of rig states from sensor data using clustering analysis
algorithms. The states of InSlips/OutOfSlips, Pumps ON/OFF, Rotation YES/NO are
detected from Hookload, Flowrate, and RPM sensor data.

The chapter starts with discussions of the data distribution of each sensor data. The
discussions lead to the fact that the data clusters helps in recognizing the rig states.
Some of rig states may spread over more than one data cluster such as “InSlips” which
is mainly located at a data cluster. But due the feedback from drilling experts the real
start and end of this rig state is located at another data cluster. This issue is discussed
in details in chapter 8 where the concept of boundaries adjustment is used to locate
the correct start and end times of “InSlips” state. Otsu, Expectation Maximization,
and Local Adaptive Threshold algorithms are presented for clusters detection. The
algorithms applied on one simulated data set and five real data sets streamed from
different rigs (see chapter A for more information on testing data sets). The results are
covered in detail in this chapter. The advantages and disadvantages of each suggested

algorithms summarized at the end of this chapter.

6.2 Slips States in Hookload Sensor Data

Arnaout et al. discussed the usage of Expectation Maximization algorithm to detect

InSlips/OutOfSlips states of drill-string from Hookload sensor data [68, 69]. Figure

42
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6.1 shows hookload sensor data during drilling work of a well. The data shows two
important states: the drill-string is hanging at rig floor fixed by slips, thus such a state
is denoted as InSlips, and the drill-string is hanging at hook of rig and therefore it
applies force to the hook-load sensor and this is denoted as OutOfSlips. Two different
levels of values are formed by hookload measurements during InSlips and OutOfSlips
states(see Figure 6.1). Hookload sensor data shows high level of values when the state of
the drill-string is OutOfSlips, and the low level of values is shown when the drill-string
is InSlips [70]. Also; when the well is drilled further in the ground, the drill-string is
getting longer and heavier. This explains why the hookload measurements are getting
higher with the time in Figure 6.1. The hookload sensor usually measures the weight
of the drill-string together with weight of the hook; therefore the hook-load is not zero
at InSlips state. Normally hookload sensor data shows the weight of hook or top drive
when the drill-string is at InSlips state.

The separation of InSlips from OutOfSlips states is one of main steps of the automated
drilling operations classification system [71]. Usually the drilling experts manually set a

threshold value for the hookload to separate this states.
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FIGURE 6.1: Hookload sensor measurements with two data clusters (Drill-string is
InSlips/OutOfSlips).

The histogram in figure 6.1 shows the states InSlips/OutOfSlips. It is clear that the
histogram has a nature of mixture of different clusters. The state of InSlips represents
the cluster with lowest mean value. The other clusters represent the different states of
drill-string when it is OutOfSlips. Those states can be drilling operations, reaming up,

reaming in, moving up, moving in, circulation etc.
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The main problem statement that should be solved here is that detection of InSlips states
through detection of data cluster with lowest mean value. Then finding the threshold
which separates this data cluster from other data clusters. When this problem is solved
then both the state of drill-string and the state of hoisting system can be recognized
and detected.

6.3 Pumps States in Flowrate Sensor Data

Figure 6.2 shows the flowrate measurements of the pumps that are responsible for pump-
ing mud into hole to circulate drilling cuttings out of hole. To detect the state of circu-
lation system, it is required to find out the states ON/OFF of those pumps. Usually the
flowrate is calculated by counting the pumps strokes over time and calculate the volume

of each stroke [1].

Two states ON/OFF specified on figure 6.2. Flowrate sensor data is the number of
pump strokes over the last minute. This means that when the pump is turned OFF,
the flowrate will reach the level zero after a period of time. The state OFF is shown as
a cluster (sharp bar) at level zero on histogram but it started somewhere in the other
cluster. The state ON is any value where the pump state is not OFF. The boundaries
adjustment of states will be discussed in detail in chapter 8. The zero level does not
mean that the values at this level should be Zero “0”. Due to sensor calibration problem
or sensitivity of sensors, it is possible to to have a zero level at a value different than

“0”. Sometimes it can be fluctuated over/below zero level with a small margin. The
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FIGURE 6.2: Flow In sensor measurements with two data clusters (Pump is ON/OFF).
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data cluster with zero level of flowrate help in recognizing the OFF state of the pumps.
The decision boundary of this cluster should be detected over time with consideration

that the state OFF spreads to the other data cluster.

Detection of pumps state is considered as step at main level which leads to state of

circulation system and then state of the rig.

6.4 Rotary States in RPM Sensor Data

Figure 6.3 shows the rpm sensor data during the well drilling process. The values can
be interpreted as rotational state of drill string where the values at level zero indicates
that there is no rotation or NO state. The values at the other levels show that the
drill-string is rotating in the YES state.

The histogram of RPM sensor data shows two states ON/OFF as data clusters. Detec-
tion of those data cluster is an important step in the suggested approach in this thesis
to recognize the rotational state of drill-string or the state of rotary system i.e. the

drill-string is rotating (YES) or not rotating (NO).

The speed of a rotary table in revolutions per minute RPM are routinely measured with
either an inductive proximity switch or a magnetic proximity switch or a limit switch [1].
This switch will be attached to rotary table to count the number of revolutions per
minutes (RPM).

The case here is similar to the case of detecting states of circulation system. In flowrate
case, the strokes of mud pump are counted per minute, but in RPM case, the revolutions

of rotary table are counted per minute.

The RPM data in figure 6.3 shows values below zero level and those values came from

error in RPM sensor calibration process as drilling experts commented on this case.

6.5 Data with Gaussian Mixture Model

A Gaussian Mixture Model (GMM) is a parametric probability density function repre-
sented as a weighted sum of Gaussian component densities[72]. In simple words, If there
is a data set, and this data set has a distribution with nature of Gaussian Mixture Model
GMM, this means that there are more than data clusters - each of them has Normal

distribution - mixed together in this data set.
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FIGURE 6.3: RPM sensor measurements with two data clusters (Drill String is rotating
[YES/NOJ).

Figure 6.1 shows an example on hookload data and its histogram with distribution
function of Gaussian Mixture Model. Due to the prior-knowledge, the data consists of
two main data clusters (InSlips and OutOfSlips). It is important to show now that each

of those data clusters has Gaussian distribution with different parameters.

6.5.1 Kolmogorov - Smirnov Test

The Kolmogorov Smirnov test (KS test) is a non-parametric test for the equality of
continuous, one-dimensional probability distributions that can be used to compare a
sample with a reference probability distribution (one-sample KS test), or to compare
two samples (two-sample KS test). The KolmogorovSmirnov statistic quantifies a dis-
tance between the empirical distribution function of the samples and the cumulative
distribution function of the reference distribution, or between the empirical distribution

functions of two samples [73].

The Kolmogorov Smirnov test can be modified to serve as a “goodness of fit” test. In
the special case of testing the normality of the distribution, the samples are standardized

and compared with a standard normal distribution [73].

The test statistics equation is:

max(|F(z) — G(z)|), (6.1)
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where F(x) is the empirical cumulative distribution function CDF and G(z) is the
standard normal CDF [73].

Kolmogorov-Smirnov test on InSlips data cluster with result 1

Kolmogorov-Smirnov test on OutOfSlips data cluster with result 1
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FIGURE 6.4: Kolmogorov - Smirnov Test on two data clusters of two rig states InSlips
and OutOfSlips.

Figure 6.4 shows how the empirical cumulative distribution function of samples data
F(z) with G(x) as standard normal CDF with null hypothesis. The null hypothesis is
that the data samples have a standard normal distribution within a significance level 5%
as suggested in [73]. The results show that each data cluster (InSlips and OutOfSlips)
has a Gaussian distribution. The sensor data has the distribution with nature of a

Gaussian Mixture Model.

Actually this result confirms what The Central Limit Theorem says about this issue.
The Central Limit Theorem states that the arithmetic mean of a sufficiently large num-
ber of iterates of independent random variables, each with a well-defined expected value
and well-defined variance, will be approximately normally distributed [74]. In the case
of sensor data, each sensors data can be considered as an independent random variable
because each reading (observation) obtained independently from the other readings (ob-
servations) and each of those observations has a certainty (probability) that is specified
by the sensor manufacturer. Due to Central Limit Theorem, it is acceptable to say that
the sensor data, which is collected over a large number of iterations, is approximately
normally distributed. To match this conclusion with the rig sensor data, it can be con-
sidered that the sensor data is collected over different rig states. At each rig state (eg.
Drilling state), the collected sensor data is normally distributed according to the Central
Limit Theorem. And this can be extended over all other sensor data and also other rig
states. This gives that all sensor data has the distribution with nature of a Gaussian
Mixture Model.
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6.6 States Detections using Clusters Analysis

Data clustering is the concept of grouping data samples or data points based on fea-
ture value [59]. Each data cluster refers to a specific state of system that generates
this data [75]. States InSlips/OutOfSlips, Pumps On/OFF, Rotation YES/NO are data
clusters in hookload, flowrate, and RPM sensor data respectively. A threshold is re-
quired to separate clusters of different states. In this paragraph, different clustering
algorithms will be used to calculate different adaptive thresholds that considered as

decision boundaries between the clusters i.e. separating the states.

It is shown in the previous paragraph that each data cluster in sensor data has a nature
of Gaussian distribution. This means that all the sensor data sets of Hookload, Flowrate,
and RPM has a nature of Gaussian Mixture Model GMM.

The shared property between three state detection problems is that always one of those
states (InSlips, Pumps OFF, and Rotation NO) is one data cluster while other states
(OuOfSlips, Pumps ON, and Rotation YES) have more than one data cluster.

6.6.1 Otsu Thresholding Algorithm

The Otsu algorithm is a famous thresholding algorithm in the domain of image process-
ing. This algorithm is used to perform histogram-based image thresholding in order to

reduce the gray level image to binary (white,black) image [76].

Otsu’s thresholding method involves iterating through all the possible threshold values
and calculating a measure of spread for the value levels each side of the threshold [76].
It finds the threshold that minimizes the weighted within-class variance. This turns out

to be the same as maximizing the between-class variance.

The weighted within-class variance is:

o (t) = a1()oi(t) + g2(t)o3 (1) (6.2)

Where the class probabilities are estimated as [76]:

t I
Q(t) = ZP(Z)7 @(t) = Z P(i) (6.3)
=1 i=t+1

And the class means are given by:
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t . . I . .
i =0 = Y 2 (6.4

I .
AW = 3 i P, (6.6
i=t+1

The final step in this algorithm is to run through the full range of sensor values and pick

the value that minimizes o2 (t).

This algorithm can be applied on sensor data to separate states of InSlips/OutOfSlips,
Pumps ON/OFF, Rotation YES/NO. This is true under the condition that there are
two data clusters of data, one data cluster for each state. In the next paragraphs,
this algorithm is applied on hookload, flowrate and RPM sensor data. Advantages and

limitations of this algorithm will be discussed at the end of this chapter.

6.6.2 Expectation-Maximization Thresholding Algorithm

Starting form the argument which says that the nature of sensor data sets has a nature
of Gaussian Mixture Model, then it will be possible to detect the states by estimating
the parameters of each data cluster inside this data set. In this paragraph, Expectation
Maximization algorithm is used to estimate the parameters of data clusters in hookload,
flowrate, and RPM data sets. Once those clusters are known, then it will be possible
to find out the intersection point of each of required cluster with its next subsequent

cluster.

6.6.2.1 EM Algorithm

In case that a set of sensor measurements has nature of Gaussian Mixture Model, then
Expectation-Maximization algorithm can be used to estimate parameters (mean p and
variance 02) of each cluster in data set. Once clusters parameters estimated, this means
that system states located in sensors measurements. An algorithm is suggested (see next
paragraph) to find out intersection point of clusters i.e. decision boundary of system

state.
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The Expectation-Maximization algorithm is an iterative optimization method for es-
timating some unknown parameters ©{su, %}, given a measurements data set D [77].
EM mainly looks for the maximum likelihood to evaluate the parameters of statistical

models [78]. Figure 6.5 shows how the Expectation-Maximization algorithm works. EM
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FIGURE 6.5: Expectation Maximization Algorithm.

algorithm consists of two main steps [79]:

e Expectation E-Step: This step is responsible to estimate the probability P(©) of

each data point belonging to each cluster in the measured data D.

e Maximization M-Step: This step is responsible to estimate the parameters 6,
of the probability distribution of each cluster for the next step. The difference
between likelihood probabilities of the new estimated parameters 6., and the old
parameters 6,4 is used to measure whether the maximum likelihood probability

MLP is reached or not.

Expectation-Maximization algorithm used as a core algorithm to decompose sensor data
set of hookload data with distribution function of Gaussian Mixture Model into Normal-
distributed data clusters. The data cluster with lowest mean value considered as InSlips
data cluster. Then the intersection point with next data cluster must be calculated as

a separation threshold between InSlips state and OutOfSlips state.
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o1

Clusters Intersection Point algorithm

Input:
Two univariate clusters C'; and C5 assumed to be Gaussian distributed with param-
eters set ©1 = {u1,01} and Oy = {p2, 09}

Output:
The separation threshold (Intersection Point) x; of two input clusters.

Do:
The probability density p(x|C},) for the k'h cluster of data with Gaussian distribution

is given by
1 (@—pp)?

v/ 2H0’,%

e . (6.7)
According to Bayes theorem, the separation threshold z; is located where the pos-
terior probabilities P(Cj|x) of both clusters are identical. Using

p(z|C1)p(Ch)

p(z|Cy) =

Cilx) = , 6.8
P(Oln) = aTem( e + pICaIp(Ca) (68)
p(x]|C2)p(C2)
Chlx) = 6.9
P(Celn) = ETEmCr) + Pl Cop(Ca) (69)
and the prior probabilities p(C1) and p(C2) given by
number of points belonging to cluster C
p(Cy) = fp ging 2 (6.10)

total number of points

The intersection point (separation threshold) x; can be estimated by solving the
equation
p(Cilz;) = p(Cala;). (6.11)

End

TABLE 6.1: Clusters Intersection Point Algorithm

6.6.2.2 Clusters Intersection Point - States Boundaries Detection

The algorithm in table 6.1 shows how to calculate the intersection point between two

clusters based on Bayes theorem, using the clusters statistical parameters{u,o?}. The

algorithm started with calculating the probability density functions of each given clus-

ter. The threshold which separates the clusters is the point where Bayesian probability

functions of each cluster are intersected i.e. the threshold is where the sum of clusters

probability minimized [80].

This algorithm tracks system state in sensor measurements data. At any instance of time,

it is possible to use this algorithm for cluster tracking. Furthermore, changing value of

intersection point (threshold) over time considered as a dynamic adaptive threshold

which helps in monitoring states of system over time.
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Figure 6.6 shows the hookload data histrogram with two estimated data clusters. The
intersection point is calculated and plotted as a threshold boundary between the two
data clusters. It is obvious that the left clusters represents InSlips state while the
right cluster represents the OutOfSlips state. It is important to mention here that this
intersection points change its location due to the histogram shape and the intensity of
each data cluster.

POF of 2 clusters hookload sensor data. Distributions parameters estimated using Expecation Maximization algorithm
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FIGURE 6.6: Estimated two data clusters on hooklosd sensor data with clusters inter-
section points (Threshold Boundary).

6.6.3 Local Adaptive Threshold Algorithm - Envelope Algorithm

Another algorithm suggested to track moving centers of clusters is called the Envelope
algorithm. The Envelope algorithm calculates - based on a sliding window and accu-
mulated window - upper and bottom surfaces of data, and then it tracks the middle
value between the upper and lower surfaces. This value considered as an adaptive local
threshold.

Table 6.2 shows the pseudo-code of the Envelope algorithm. Sliding window used to
generate upper limit surface of sensor measurements data. Accumulated window applied
to calculate lower limit surface of sensor measurements data. This algorithm conditioned
with measurements of one sensor and two states of system. At least one of those two
states is a fixed state. For each window, we use percentile of 90% on sliding window to
generate upper surface values and percentile of 10% on accumulated window to calculate
lower surface values. The main reason behind using percentile range of [10% — 90%] is

to make Envelope algorithm tolerant to outliers and noise in measurements data.
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Envelope Calculation

Input:

Sensor Data Measurements H

Output:

Threshold Vector T', Upper Limit UL, Lower Limit LL

Do:

Setup Steps as number of iterations based on predefined window size W S.
DO LOOP Step = 1: length(Steps)

e Data Range R = (Step — 1)« WS : Stepx W.S

SlideWindow = H(R)

o AccumulatedWindow = H(1 : Step x W.S)
e UL = prctile(SlideWindow, 90)

o LL = pretile(AccumulatedWindow, 10)

e T(R) = (UL + LL)/2

END LOOP

TABLE 6.2: Envelope Algorithm

6.7 Experimental Results

To test the suggested algorithms in this chapter numerically, each of those algorithms
is applied on five real data sets and on simulated data sets. The results showed good
accuracy for ones and bad accuracy for others. At the end of this paragraph, a confusion
error matrix summarizes the results and shows an accuracy comparison between the

suggested algorithms. For more information on testing data sets, please see chapter A.

In the following paragraphs, detailed discussions will be demonstrated on each of those
data sets. The thresholds calculation process uses a sliding window with a fixed start
and growing end i.e. accumulated sliding window. This sensor data window is supplied
to each of those algorithms and the results showed on the original data as in figures 6.7-
6.12.

6.7.1 Simulated Data

Figure 6.7 shows a simulated hookload data for around 1.2 days of drilling work with 0.1
Hz as data resolution. Otsu algorithm shows a stable behavior but missed many InSlips
states. Expectation Maximization missed a lot of InSlips states due to computing error
of intersection point of InSlips cluster with OutOfSlips cluster. This is because the shape

of histogram data is not yet formed as it supposed to be. For this reason, Expectation
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Maximization algorithm failed to detect InSlips states at the beginning and end of the
data set. Envelope Threshold shows a very high accuracy where it almost detects all

InSlips states in the data set.
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FIGURE 6.7: Application of Otsu, Expectation Maximization, and Envelope algorithms
on Hookload Sensor Data - Simulated Data

6.7.2 Test Data Set 1: Rig 1, Well 1

Figure 6.8 shows application of Otsu, Expecation-Maximization, and Envelope thresh-
olds on Test Data Set 1 (around 13 days of drilling work with 1 Hz data resolution). The
results shows that Otsu threshold missed many InSlips states because it shifted up from
InSlips cluster due to the data intensity of OutOfSlips cluster. Expecation Maximiza-
tion algorithm failed at end part of the data set because the intersection point located
very close to InSlips level and then it had false detected InSlips. Envelope Algorithm
shows an interesting behaviour with adaptive values based on the upper surface and
lower stable surface of hookload data. At some points, the Envelope algorithm failed in
detecting InSlips because of low value of drill-string weight and this happens when the
drill string pulled out of hole or when it just runned in hole. In these situations, the
hookload values at InSlips state is very close to hookload values when the drill-string is
OutOfSlips. And this makes the algorithms fail in detecting the correct InSlips. Another
situation where the Envelope algorithm fails to detect InSlips states is when the state or
drill-string is InSlips and then the drilling crew uses the hook to lift a heavy load then

the sensor data shows a similar pattern like when it goes OutOfSlips.



Chapter 6. Rig State Detection Using Statistical Clustering Analysis 55

x10° Thresholds Calculation Using [Expectation Maximization, Otsu, Envelope]
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FIGURE 6.8: Application of Otsu, Expectation Maximization, and Envelope algorithms
on Hookload Sensor Data - Test Data Set 1

6.7.3 Test Data Set 2: Rig 2, Well 2

Figure 6.9 shows application of Otsu, Expecation-Maximization, and Envelope threshold
on Test Data Set 2 (around 26 days of drilling work with 0.2 Hz data resolution). At
the beginning of the data set, it shows high values of hookload for small period of
time and this is due to either stuck pipes problem or error in sensor calibration. Otsu
threshold shifted up directly because of this situation in data and it takes sometime to
get back to normal situation. Expectation Maximization threshold also shifted up but
it was faster in getting back to normal situation. The Envelope threshold shows a very
good sensetivity to such situations and get back very quick to normal situation once the

high-hookload situation is over.

6.7.4 Test Data Set 3: Rig 3, Well 3

Figure 6.10 demonstrates data set 3 (around 97 days of drilling work with 0.1 Hz data
resolution). The data set has cleary a hookload sensor drifting problem. This problem
is obvious at the level of InSlips. Otsu threshold shows a stability over all the data
but the detection of InSlips missed many states due to low values of hookload data at
OutOfSlips states. This happens because the drill-string length and weight are low.
Expecation Maximization threshold shows a shifting up due to data shifting up and
missed number of InSlips states. Envelope algorithm shows some false detected InSlips

states due to a sensor drifting problem.
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x10° Thresholds Calculation Using [Expectation Maximization, Otsu, Envelope]
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FIGURE 6.9: Application of Otsu, Expectation Maximization, and Envelope algorithms
on Hookload Sensor Data - Test Data Set 2
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FIGURE 6.10: Application of Otsu, Expectation Maximization, and Envelope algo-
rithms on Hookload Sensor Data - Test Data Set 3

6.7.5 Test Data Set 4: Rig 4, Well 4

Figure 6.11 shows a data set of around 40 days of drilling work with 0.1 Hz as data
resolution. This data set has a problem of stuck pipe (at the end of first quarter) and
hookload sensor drifting over all the period of drilling. Otsu threshold failed to detect
any InSlips states for a long period of time where it is effected by the high-hookload
levels due to stuck pipes problem. EM threshold shows more stable behavior than Otsu
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where it got back to normal situation after a while. Envelope threshold shows a very

stable behavior over stuck pipes and regarding to sensor drifting problem.
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FIGURE 6.11: Application of Otsu, Expectation Maximization, and Envelope algo-
rithms on Hookload Sensor Data - Test Data Set 4

6.7.6 Test Data Set 5: Rig 5, Well 5

Figure 6.12 shows a data set with around 25 days of drilling work and 0.1 Hz as sensor
data resolution. The hookload sensor has clearly a drifting problem due to technical
error. Otsu threshold missed all InSlips states when the drill-string has a low weight.
Expecation Maximization threshold detects most of InSlips states but also missed InSlips
when the drill-string has a low weight. But still EM is better than Otsu in this issue.
Envelope algorithm detects most of InSlips and missed very few of them due to the
problem in sensor drifting. Re-configuring of Envelope algorithm with new BHA weight
and re-run it may cause better results. But this will make it lose more InSlips states

when the drill-string has a low weight.

6.7.7 Test Data Sets: Error Matrix

The actual InSlips states for each data set is counted by drilling experts and summarized
in figure 6.13. The number of correct detected InSlips for each thresholding algorithm
is recorded. The error matrix technique for error rates comparison is used to compare

detection accuracy of algorithms [81].
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T
Hookload Sensor Data

e EN Threshold
s Otsu Threshold
== Envelope Threshold

s

m!m! N W [

h M "IHIHIII\IIIII\IIIIIVHHII\| I | !l

F

0 i i s I e i ] i
0 05

[Hookload - kg]
o

o
)

o
=

02

1 15 2 25 3 35 4 45
[~25.2884 days of Drilling][10 seconds, 0.1 Hz sensor data decimated by Chebyshev Type 1 low pass filter using factor 4] v 10t

F1GURE 6.12: Application of Otsu, Expectation Maximization, and Envelope algo-
rithms on Hookload Sensor Data - Test Data Set 5

Hookload Sensor Actual InSlips

Otsu Threshold EM Threshold Envelope Threshold
DETERT Count
# of Correct Error # of Correct Error # of Correct Error
0
Rig: 1, Well: 1 1525 435 71.48% 1145 24.92% 1143 25%
Rig: 2, Well: 2 3819 1988 47.94% 3752 1.75% 3612 5.42%
0,
Rig: 3, Well: 3 1685 1261 25.16% 3635 115.7% 2420 43.62%
Rig: 4, Well: 4 1963 1455 25.88% 1716 12.58% 2060 4.94%
0,
Rig: 5, Well: 5 3515 825 76.53% 2826 19.60% 2695 23%
Simulated Data 66 52 21% 22 67% 65 02%
Average Error 49% 35% 20%

FIGURE 6.13: Confusion Error Matrix of Applying Thresholds (Otsu, EM, Envelope)
on Hookload Sensor Data from all Test Data Sets.

The results shows that Envelope algorithm has less average error rate over all test data
sets. The nature of adaptive threshold calculation based on the distance between the
upper surface and the lower surface is the main reason behind its high accuracy. Envelope
algorithm changes the threshold based on the shape of hookload sensor data which is
the key factor in differenciating the state of InSlips from the state of OutOfSlips.

Expecation Maximization algorithm has a second place in detection accuracy of InSlips
state. If the shape of data histogram is not as GMM then the Expecation Maximization
algorithm fails to calculate the threshold. Furthermore, EM algorithm misses many

InSlips when the drill-string weight is low which means that the difference in hookload
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values between InSlips and OutOfSlips states is very low comparing to the difference

during drilling operations.

Otsu recorded a very high error rate and this is due to the shifting up in the threshold
because of intensity of OutOfSlips cluster is more then InSlips cluster. Therefore, Otsu
threshold missed most of InSlips states when the drill-string has a low weight or when
there is a very high-hookload values then this threshold requires sometime to get back

to the normal situation.

6.7.8 Borderline Cases

This paragraph discusses number of borderline cases to show the behaviour of the sug-
gested thresholding algorithms with special data sets. Each borderline case is chosen to

show the limitations and the advantages of the thresholding algorithm.

6.7.8.1 Case 1: Data Set with One InSlips state during Drilling Formation
phase

The first data set is taken during the drilling formation phase with just one InSlips case.
It started with drilling state (OutOfSlips), then InSlips state is performed before it goes
to be OutOfSlips (drilling state). At the beginning of the data set, the thresholding
algorithms could not recognize the OutOfSlips state. This is because the cluster of
InSlips state is not formed yet. But when the InSlips data cluster started to be formed
(after the first InSlips state), then the algorithms started to correctly separate the InSlips
cluster from OutOfSlips cluster.

6.7.8.2 Case 2: Data Set during Tripping In phase

The data in third data set is taken at the beginning of Trippingln phase, where the
difference in hookload between InSlips and OutOfSlips states is at lowest level. EM
Algorithm: The calculated threshold using EM algorithm is deviated to the InSlips
cluster because OutOfSlips cluster is not yet formed. It started with good separation
for the first InSlips, then if fails totally to do any correct recognition of InSlips state.
Envelope Algorithm: It started with high value, which is the default value, because
the difference between hookload values during InSlips and OutOfSlips is small. Then it
started to recognize the correct InSlips after missing three InSlips states. Otsu Algo-
rithm: The correct separation of data clusters started after the third InSlips state. The

first InSlips is correctly recognized using this threshold. Otsu algorithm is less tolerance
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behaviour during data set with one InSlips state.

to the density of data clusters than EM algorithm. This is because the Otsu algorithm
considers that the two clusters already exist in the data and it finds the middle value
between clusters. While the EM algorithm looks to find the analytical solution of the
clusters intersection point. In this case the Intersection Point located very close to the

InSlips data cluster.
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FIGURE 6.15: Borderline Case 2: Expectation Maximization, Otsu, and Envelope
behaviour with data set captured during Tripping In phase.
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6.7.8.3 Case 3: Data Set during Tripping Out phase

The last data set is captured during tripping the drill-string out of hole. The hookload
during this phase decreases gradually as the drill-stands disconnected from the drill-
string to be pulled out of hole. All algorithms fail to recognize the first OutOfSlips
case. In addition they all show good adaptive behaviours during decreasing of hookload
but Otsu algorithm is not affected at all by hookload values and it totally fails to
recognize InSlips states at the end of Tripping Out phase. This behaviour from Otsu
algorithm is because that the cluster of OutOfSlips is as dense as the cluster of InSlips.
The threshold from Envelope algorithm shows more adaptive behaviour with the values
of hookload and it recorded the most accurate recognition of InSlips state. These results
of Envelope algorithm because it calculates the middle values (between the maximum
and minimum limits) of hookload values over a sliding window. EM algorithm shows
a deviated behaviour to the InSlips state because the data cluster of this state is more

dense than the second one.
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F1GURE 6.16: Borderline Case 3: Expectation Maximization, Otsu, and Envelope
behaviour with data set captured during Tripping In phase.

6.8 Summary

The thresholding algorithms were studied on six data issues and they are summarized
in the table 6.3. The data issues are: Stuck Pipes Problem, Sensor Drifting, Low drill-
string weight, Sensitivity to Outliers, Long Data, and Short Data. Fach of the suggested

algorithms evaluated on scale: bad, good, and very good regarding each data issue.
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Data Issue Otsu Expectation Maximization | Envelope
Stuck Pipes Problem bad good very good
Sensor Drifting good good good
Low drill-string weight bad good very good
Sensitivity to Outliers | very good very good good
Long Data good very good very good
Shot Data good bad very good

TABLE 6.3: Summary of Hookload Thresholding Algorithms

The table 6.3 and figure 6.13 shows that Envelope algorithm is the most suitable algo-

rithm for thresholding hookload sensor data to detect InSlips state of drill-string.



Chapter 7

Rig State Detection using Trend
Analysis

7.1 Motivation

Detecting movements of drill-string is one of the major steps to detect the state of rig’s
hoisting system. Usually the driller lifts up or down the drill-string in order to perform
one of drilling operations. Sensor data of travelling block position provides information

on the location of block and how far it is from rig’s surface [1].

This chapter deals with detecting the movements of drill-string from block position sen-
sor data. It started with the description of the relationship between drill-string move-
ment trends and state of rig. The trend can be on of the following: moving up, moving
down, or static. Piecewise Linear Approximation PLA algorithm is used to detect the
trends of drill-string movements. PLA is considered as state of art in time series seg-
mentation based on trends in time series [59]. This algorithm gives start index and end
index of each trend on sensor data [82]. Determination of start/end index of trends
furnishes the rig state detection process with accurate information on start/end of each
drilling event. The PLA is applied on block position sensor data within the boundaries
of segments which come from hookload thresholding process (see chapter 7). The idea
is to divide the segments that come from previous segmentation process into smaller
segments. The resulted segments then will carries properties of hookload (InSlips/Out-
OfSlips) and block position (Up/Down/Static). This plays a major role in deciding the

general state of rig.
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The concept of joint confidence of estimated segments is presented in this chapter. Ex-
amples are showed at the end of this chapter on sensor data of block position. Some ex-
amples are real ones measured on real rigs and other examples are artificially-synthesized

(simulated) in order to prove the concept of PLA and measure its accuracy.

7.2 States as Trends in Block Position Sensor Data

Figure 7.1 demonstrates a sketch of block position sensor data. It shows how the trends
on block position are linked to drilling operations performed by drilling crew. This means
that detecting trend state of drill-string gives information not only on which operation

is taking place but also on what the current state of rig is.
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FIGURE 7.1: Relationship between trends of rig’s block position sensor data and rig
state.

It is obvious on figure 7.1 that each trend should be bounded by start and end borders.
The trend here represents a drilling event. It is either drilling (Down), reaming up (Up),
reaming down (Down), circulation (Static), running out (Up), running in (Down), wash

out (Up), and wash in (Down).

7.3 Piecewise Linear Approximation

Piecewise Linear Approximation (PLA) is a tool for time series segmentation. PLA is
used to approximate a time series 7', of length n, with K straight lines. PLA estimates
the main segments in time series [82]. If the time series represents sensor data then each

of the approximated segment refers to a specific state in the measured phenomena [59].
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There are three main approaches to perform Piecewise Linear Approximation concept

on time series: Sliding Window, Top Down, and Bottom Up.

Sliding Window approach is worked by anchoring the left point of a potential segment
at the first data point of a time series, then attempting to approximate data data to the
right with increasing longer segments. The process results a new segment if an error,,q.
is reached, and then building a new segment will start from the end of previous segment.
The whole process will continue till end of timer series. The issue in this approach is
configuring the error,,,, parameter [82]. If the sensor data is noisy then configuring

errormae, will be a major issue in this algorithm [59].

Top Down approach of PLA considers every possible segment of the time series and
splitting it at the best location. Both subsections are then tested to see if their ap-
proximation error is below some user-specified error,,;, threshold. If not, the algorithm
recursively continues to split the subsequences until all the segments have approximation
errors below the threshold [82].

The algorithm Bottom to Up [59] forms the base for the segmentation by Piecewise
Linear Approximation based on customized error cost function. The algorithm begins
by creating the finest possible approximation of the time series consisting of n samples
by using initially n/2 segments. In a subsequent step, the costs of merging pairs of
adjacent segments are calculated. The algorithm iteratively merges the pairs with the
lowest costs until a stopping criterion is met. Merging pairs of adjacent segments, 7
and ¢ + 1, bookkeeping about the neighborhood merging costs is inevitable. The cost
of merging the actual segment with both, right and left neighbors, must be calculated

[82]. Bottom Up and Top Down approaches complement each other.

The table 7.1 shows the pseudocode of PLA Bottom-Up algorithm. The important
parameter errorp,., regarded as the stop condition of the algorithm. The algorithm
can be changed to provide the number of expected segments, then the convergence will
continue till the number of estimated segments is reached. Another thing can be done
to the convergence process is that a parameter of maximum iterations can be passed
to the algorithm, this parameter can be very useful to limit un-expected performance

issues in case that the error,,.. is not reached.

Figure 7.2 explains graphically how PLA Bottom Up works. It shows the start step with
creating fine n/2 segments where n is the length of block position data segment. Then
in step 2, the lowest cost of merge is calculated and located. The cost of merge is given
by:

METgecost = Z(DataSegment — BestFitToLine)?. (7.1)
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Piecewise Linear Approximation - Bottom Up Approach [82]
Input:
T, errormas
Output:
Segrs
DO:
// Create initial final approximation
fori=1:2: length(T)
Segrs = concat(Segrgs, CreateSegment(T[i : i + 1]));
end
// Find cost or merging each pair of segments
for i = 1: length(Segrs) - 1
mergecost(i) = CalculateError(merge(Segrs(i), Segrs(i+ 1)));
end
// While not finished.
while min(mergecost) < errormaz
//find cheapest pair to merge
index = min(mergecost);
// merge them.
Segrs(index) = merge(Segrg(index), Segrs(index + 1));
delete(Segrs(index + 1));
mergecost(index) = CalculateError(merge(Segrg(index), Segrs(index + 1)));
mergecqost(index - 1) = CalculateError(merge(Segrs(index - 1), Segrg(index)));
end

TABLE 7.1: Piecewise Linear Approximation - Bottom Up Algorithm

BestFitToLine is the linear regression of data segment. In Step 3, the process of
merging and searching for the best merge is continued till the stop condition is met. If
the merging cost is greater than the maximum error then it means that stop condition
is met:

ErToTmaz < METGecost- (7.2)

The final step in PLA Bottom Up Algorithm is to conclude start, end and trend of each
segment. The trend can be either static (S), up (U), or down (D). The trend of segment

S is recognized based on slope of the segment as defined in the following formula:

Static, ifslope(S)=0
trend(S) = { Up, ifslope(S) >0 (7.3)
Down. ifslope(S) <0

By applying PLA on block position sensor data, it will be possible to detect all the
movements of drill-string. Those movements (start/end timestamps) and the trend of
each movement (Up,Down, Static) are the main factors in deciding what is the state of

the drilling rig. For example, if the drill-string is moving down, then it not possible to
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FIGURE 7.2: Piecewise Linear Approximation PLA, Bottom-Up approach.
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consider this as circulation state. Another example is when the drill-string is moving
up, it is then impossible to consider this state as drilling state of the rig regardless of

whatever the states of circulation or rotary systems are.

7.4 Experimental Results

In this paraharph, Piecewise Linear Approximation is applied on different data sets of
block position sensor data. It starts with simulated block position example, then real
block position sensor data taken from real data set (Data Set: Rig 1, Test Well 1, see
chapter A for more information). The last example is block position sensor data that

has a noise which comes from heaves compensator effect on drilling ships.

7.4.1 Simulated Data

The first example is a time series similar to block position sensor data, it is simulated
using a drilling simulator (see chapter A). The data series shows different trend states
that simulate the reality on drilling rig. Figure 7.3 demonstrates the simulated block
position sensor data and the results of PLA displayed as vertical lines each of which

represents a border of a segment, each segment is labeled with a trend (Up, Down,
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Static). It is obvious on the data set that all the possible segments on simulated block

position are detected and their trend is recognized.
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FIGURE 7.3: Piecewise Linear Approximation PLA, Bottom-Up approach applied on
artificially-synthesized sensor data

7.4.2 Real Rig Data

The second example presented in this paragraph is a data section from real block position
data. The testing data set from which this section is taken is Rig 1, Test Well 1 (see
chapter A for more information). The results show an estimation of the main segments in
block position. It is clear that many down segments (D) are consecutive, this is because
that the movement of block has different speeds then all the trends are detected as down
(D) segments. The same thing is true on up segments (U). Another important thing
is shows on figure 7.4 is detecting static sections, those sections indicate the situations
where the drilling crew does not move the drill-string but it waits for starting up the
ciculation and rotary systems before beginning with drilling and moving the drill-string

down.

7.4.3 Borderline Cases

Another example on block position with heave effect (noise) is presented. Figure 7.5
demonstrates block position with effect of heaves compensator on drilling ships, it is
obvious that the compensation effect is on some sections of the block position, those

sections are the drilling states. Figure 7.5 shows that block position has no noise when
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FIGURE 7.4: Piecewise Linear Approximation PLA, Bottom-Up approach applied on
normal block position sensor data.

the rig performs other operations than drilling. PLA is applied on this data set and
the results are plotted as vertical lines which represent the estimated segments and each

segment is labeled with its trend (U, D, or S).
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FIGURE 7.5: Piecewise Linear Approximation PLA, Bottom-Up approach applied
on block position sensor data with heaves-compensation effect (common situation on
drilling ships).
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7.4.4 Joint Confidence Estimation of Piecewise Linear Approximation

During segments approximating using PLA, the cost of merging segment 7 with the
segment ¢ 4+ 1 is calculated. The distance between the merging cost and the maximum
error represents the confidence estimation of joint between segments {i,7 + 1}. The
bigger the distance, the more the confidence of estimation. The joint confidence is given

by the formula:

errormaz * 100
mergecost(i,i+ 1)

joint con fidence(i) = 100 — (7.4)
Figure 7.6 shows block position sensor data segmented using PLA. On each segment
joint, the confidence is estimated. It is clear that the second joint confidence estimation
is 6% because the two segments have same trend (Down) and their slopes are very
close to each other, while the next segments joint confidence is 96% where the slopes
of segments are very far away from each other and first segment trend is (Down) and
the second segment trend is (Up). The joint confidence can be used to refine the results
of Piecewise Linear Approximation PLA algorithm where the segments with low joint
confidence can be merged together if their trend is similar, this helps to granular the

results and minimize the number of estimated segments.
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FIGURE 7.6: Piecewise Linear Approximation PLA, Bottom-Up approach, Confidence
estimation of each segment’s joint.

7.5 Summary

This chapter shows application of Piecewise Linear Approximation on block position to
detect the states of drill-string movements. PLA shows simplicity in application and

accuracy in results. The accuracy of results related heavily to errory., parameter.
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Filtering block position data could help the PLA algorithm to converge faster; also the
results could be better because the filter could eliminate some erratic points that could

affect the merge.ost values and then the estimated segments will be changed.

Normalizing the data of block position helps in minimizing the changes to values of
erTormae, parameter when the PLA algorithm is applied on data sets from different rigs

to get more accurate results.

By using clustering techniques (chapter 7), it will be possible to detect the drill-string
states (InSlips/OutOfSlips), Pumps states (ON, OFF), and Rotary states (YES, NO).
For each of those states, PLA is used to detect drill-string movements states (Up,Down,
and Static). Those states will be used further in the suggested research hypothesis to

detect the rig states from sensor data.

The author of this thesis discussed in detail the PLA algorithm and its application on
the detecting of drill-string movements [68, 83].



Chapter 8

Rig State Detection using Shape
Validation

8.1 Motivation

This chapter describes a novel algorithm to validate “InSlips” states and recognize “Make
Connection/Disconnection” operations based on the shapes of hookload and block po-

sition sensor data.

“InSlips” is the state where the drill-string is hanged at rig floor and disconnected from
rig’s hook. In chapter 7, detailed description on detection of “InSlips” state is presented,
a threshold-based approach is used to recognize “InSlips” statistically. The serious issue
in this approach is that the boundaries of “InSlips” state are not accurately specified,
the start and end time stamps refer to the hookload sensor data which is under the
threshold (see figure 8.3), but according to drilling experts, this is a a serious issue in
“InSlips” detection where the start of “InSlips” state should be located at the point at
which drilling crew put the drill-string in slips. This point is normally located above the
clusters threshold, because at this point the drill-string is not fully set in slips and the
hookload values are relatively higher than the values when the drill-string is fully set in
slips [70]. The same problem is at the end of “InSlips” state where the end point should
be located at the point where the drill-string is fully out of slips, and also this point
located above the calculated clusters threshold, figure 8.3 gives a good idea on this issue

in detected “InSlips” states.

“Make Connection” is an operation performed by drilling crew during “InSlips” state
to connect a new drill-stand to the drill-string [70]. This operation requires drill-string

to be put in slips and disconnected from the hook, then the hook is connected to a
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new drill-stand and carries it up to be able to screw it with the hanged drill-string.
“Make Connection” operation is performed during running the drill-string in hole or
during drilling operations. Another similar operation called “Make Disconnection”, this
operation occurs during “InSlips” state where the drill-stand is disconnected from drill-

string. This operation is repeated during pulling drill-string out of hole [70].

In this chapter, Adjustment to start and end boundaries of “InSlips” state will be pre-
sented, then validation of “InSlips” is highlighted through validating the shape of hook-
load sensor data. Furthermore, shape validation of Block Position sensor data is used

to detect the operations “Make Connection” and “Make Disconnection”.

Gram polynomial moments are used as features to describe the shapes of hookload
and block position sensor data, then a classifier is trained and tested on artificially-

synthesized data set.

8.2 States as Shapes on Sensor Data

“InSlips” patterns on hookload sensor data has specific “U” shape. It started at the
point where the drill-string is hung at hook and it has relatively a high value, then when
drilling crew put drill-string in slips a jump down in the value appears at hookload
sensor values, then the values of hookload show relatively steady state, then the drilling
crew finish the work and the hook is connected again to drill-string, then drilling crew
pulls the slips out and the hook carries all the weight of drill-string; this explains the

high values of hookload sensor data.

Figure 8.1 demonstrates “InSlips” state with four different patterns on block position
sensor data. The pattern 1 highlights “InSlips” state but block position sensor data
shows low value at the beginning then it moves up and shows a high steady values.
This represents a block position pattern during “Make Connection” operation where
drilling crew puts drill-string “InSlips” then disconnects the hook from drill-string to
connect another drill-stand, then it twists the drill-stand with drill-string. The shape
of block position during “Make Connection” looks like “S” letter. The pattern 2 is
similar to pattern 1, the different between them is that the pattern 1 happened between
two drilling operations while the pattern 2 happens during running drill-string in hole.
The pattern 3 shows an operation of disconnecting a drill-stand from drill-string, this
operation normally happens during pulling drill-string out of hole, the shape of block
position sensor data looks like “Z” letter. The final pattern 4 shows a steady block
position where no movements happened to the travelling block, this means that the

drilling crew put the drill-string in slips and performed another operation on the surface
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or maybe they performed king of “flow check”, sometimes, this requires other sensors to

know what happened during this time slot.

During “InSlips”, it is possible to have different block position shapes, this relates to
the activity performed by drilling crew, they could put the drill-string in slips then they
disconnect the hook and use it to perform some operations at rig’s surface, then the

shape of block position curve will be unpredictable.

Figure 8.1 summarizes the shapes of hookload and block position during different states:
shape of hookload during any “InSlips” state should look like “U” letter; shape of block
position during “Make Connection” should look like “S” letter; shape of block position
during “Make Disconnection” should look like “Z” letter and any other shape of block
position where the state is considered just “InSlips” but not any connection-related

operation.

&

Posblock (raw)
m

. w ', A

124]1

1 I

) . . Iﬁ' ‘ \ End inslips | /
3 | ’ﬁ\ posoood| || stan \nslips [ | End Inslips
= | v ¢ 1
3" | g | ) _—7 T if |
5 .% Start Inslips | |startnslips End inslips { b | | start InSlips |
% ‘ 4 / \ | ‘ [
% | ] [ \ | | |
- | \ o . | L | & |

3 S 6 — "

1. Make new connection for new drill-stand during drilling. | 2. Make new connection for new drill-stand during run-in-hole| ~ 3. Disconnecting drill-stand during pull-out-of-hole. 4. Only Insiips state.
Shape of Hookload “U” - Shape of Block Position “S”. Shape of Hookload “U” - Shape of Block Position “S”. | Shape of Hookload “U” - Shape of Block Position “2”. | shape of Hookload “U” - Shape
of Block Position ix not “2” not

10 mir 5 4 mir 15

FI1GURE 8.1: Shapes of Hookload and Block Position sensor data during different InSlips
and Make Connection states.

8.3 Validation Process

In chapter 7, a development of an algorithm to detect “InSlips” on sensor data was
presented, but as it is clear on figure 8.3 that the boundaries of detected “InSlips” are
not correct, then it is required to put a validation process to correct the boundaries of

“InSlips” states and validate the shapes of hookload and block position sensor data.

The validation process highlighted in figure 8.2 starts after performing clusters analysis
and calculate the threshold to detect “InSlips” state, then the boundaries of “InSlips”
states are corrected and adjusted, then the shapes of hookload sensor data are validated
and compared against some pre-defined templates. The validated “InSlips” then trans-
ferred to validate the shape of block position sensor data against pre-defined templates
of “Make Dis/Connection” operations. Before any comparison done to sensor shapes

against templates, the shape descriptors or features will be calculated for each shape.
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FIGURE 8.2: InSlips/MakeConnection Validation Process.

8.4 InSlips States Boundaries Adjustment

Figure 8.3 shows hookload and block position sensor data during detailed “InSlips” state
and “Make Connection” operation. The detected segment of “InSlips” state is shorter
than it should be, it is required to stretch it to the left and to the right in order to get
correct “InSlips” segment. The correct start of “InSlips” state should be located at the
first data point at hookload before it jumps down as effect of putting drill-string in slips.
Similarly, the end index should be corrected and referred to the index of data point at

which the drill-string is out of slips.

Figure 8.4 refers to the jumps in hookload data points between detected “InSlips” seg-
ment using cluster threshold and correct “InSlips” segment. It is obvious that those
jumps in values are more than standard deviation of “InSlips” data segment, then the
standard deviation of data segment during “InSlips” can be used as a border or a thresh-
old to merge the data points to the segment. A searching process based on standard
deviation value can be started after detection of “InSlips” segment to correct its start

and end.

Table 8.1 contains the detailed algorithm for “InSlips” boundaries adjustment. It is
simple iterative algorithm, it shows how the boundaries are corrected based on the

jumps in data values.
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8.5 Shape Features extraction

The Gram polynomial moments computed from sensor data can be used to identify the
pattern (shape) of data. One of the method adopted to do moments based recognition
is to compare the features - moments - vector calculated from given data segment to

reference features vector [84-86].

In this work on sensors data, Gram polynomials are used to describe drilling time series
during different states and operations. The choice of Gram polynomials is because not
only their orthogonality but also those polynomials have a uniform scaling and this is
important to fit some complex shapes in drilling time series with higher performance

than what Vandermonde basis can do [87].

The recurrence equations for generating Gram polynomial is given by [87] as the follow-

ing:

In(z) = 20n—12gn—1(x) — anflgn_g(az). (8.1)
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InSlips Boundaries Adjustment Algorithm
Input:
SegmentlnSlips
Output:
CorrectedSegment 1,s1ips
DO:
// Initiate Values
idxStart = Segmentr,siips-StartIndex;
idxEnd = Segmentr,siips-EndIndex;
dataSegment = data(idxStart:idxEnd);
stdData = std(dataSegment);
// Correct Start Index
while (abs(data(idxStart) - data(idxStart - 1)) > stdData)
idxStart = idxStart - 1;
end;
// Correct End Index
while (abs(data(idxEnd) - data(idxEnd + 1)) > stdData)
idxEnd = idxEnd + 1;
end;
// Adjustment of segment boundaries
CorrectedSegment 1, s1;ps-StartIndex = idxStart;
CorrectedSegment,siips-EndIndex = idxEnd;

TABLE 8.1: Adjustment of InSlips Boundaries Algorithm

Whereby,
2 _ 1
m, nT — 5 .2
n-1=—(—5—%)% 2
Qn—1 n (mg — ng) (8 )
and
go(x) =1, g-1(x)=0 and a_1=1 (8.3)

Figure 8.5 shows two data segments of hookload sensor data with their Gram polynomial
spectrum and total proportional power of the spectrum. The hookload sensor data and
their estimation is plotted on same area (at figure 8.5, raw data: blue line, estimated
data: red line). The Gram polynomial spectrums of two “InSlips” hookload segments
look similar to each other, this supports the idea of using reference or template of features
vector to validate all new data segments against it. The degree 20 of Gram polynomials
is used to approximate the raw data. The question that could arise here is what is
the best degree that can be used to represent the raw data of “InSlips” state? The
total proportional power can help in answering this question. It shows the accumulated
information carried by adding new degree or component to Gram polynomials, it shows
on both plots of total proportional power of two hookload data segments that the degree
of 10 is the optimal degree (horizontal red line is plotted at level 95%) i.e. using Gram

polynomials of degree 10 is enough to represent the 95% of raw hookload data segments.
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The degree of polynomial can be adopted dynamically. The level of proportional power
can be fixed on a predefined level (for example 95%). This level can be chosen by experts
to see how good the matching of the real data with the template. Then the degree of

polynomial can be determined dynamically using the method described in the figure 8.6.

Shape Analiysis for Hookload Sensor Data during InSlips Operation
T 1

0.6

04

Firet Sample Sensor Data

0.2

10 20 30 40 50 o 5 10 15 20 0 5 10 15 20
Raw Data + Estimated Data Gram Polynomial Spectrum Total Proportional Power

Second Sample Sensor Data

10 20 30 40 50 e 5 10 15 20 0 5 10 15 20
Raw Data + Estimated Dats Gram Polynomisl Spectrum Total Proportionsl Power

F1GURE 8.5: Polynomial moments as features in shape of hookload sensor data dusing
InSlips state - Shape “U”.

Two block position sensor data segments for operation “Make Connection” are analyzed
in figure 8.6. The analysis results show that the both data segments have similar poly-
nomial spectrum or features vector. The total proportional powers indicate to degree 5

as best Gram polynomial degree to reconstruct the raw data.

Similar analogy is performed to two data segments of block position sensor data during
operations of “Make Disconnection” (see figure 8.7¢). Also here, there is a similarity
in polynomial spectrum or features vector. The best degree of Gram polynomials to
represent the raw data is degree 5 as the level of 95% indicates on the total proportional

power (red line).

8.6 Shape Classification

The objective of a classifier is to identify whether the unknown input data segment has
specific valid shape or not. Euclidean distance measure is used to do the classification.
The minimum distance classifier is used to classify the unknown sensor data segment
from the testing set according to templates (reference segments). The templates of

reference segments were chosen by drilling experts. During the classification process,
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during Make Connection- Shape “S”.
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FIGURE 8.7: Polynomial moments as features in shape of block position sensor data
during Make Disconnection- Shape “Z”.

features of the unknown data segment are computed and then compared to reference

feature vectors before a decision on shape validation is issued. The Euclidean distance

measure is commonly used for classification purpose [88] and it is given by:

d

= Z(V;femplate - ‘/input)2a

i=1
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where d is the degree of Gram polynomials, Viempiate is reference features vector which
contains the coefficients of Gram polynomial moments and Vj,p: is the feature vector

of input data segment.

8.6.1 Recognition Accuracy

The recognition accuracy estimation is used as evaluation criteria. The recognition
accuracy 7 of n samples is defined by [89]:

Cs

where C is number of correctly classified segments and T is total number of segments.

8.6.2 Confusion Matrix

Confusion matrix is a technique used to compare the results of classification. It is a table
where the samples based on their actual classes displayed as rows and the prediction
results displayed as columns, each cell in the table contains the number of predicted
instances from column class. The precision of classifier for a given class is the total
number of correctly classified instances over the total number of instances from the
given class. Recall of classifier is the number of correctly classified instances over the
number of all instances predicted as the given class. The diagonal elements represent

the correctly classified instances [81].

The total accuracy of classification system can be calculated from the confusion matrix
by [89]:

k
> P
i=1

Accuracypra = =—, (8.6)

T;

it

where k is the number of predicted classes, P; is the number of correctly classified

samples of class i, and T; is the total number of actual samples of class 7.

8.7 Experimental Results

To prove the concept of shape detection on sensor data, a testing data set of shapes “U”,
“S” and “Z” is generated. The data set contains 4500 samples each of which represents

different shape, the data set is divided on the shapes where each shape type has 1500
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samples. Drilling experts supported choice correct reference templates for each shape
from real data as well as helping in generating the shapes randomly using a computer
program. Then a classification process is executed on the testing data set and the results

showed in confusion matrix.

Figure 8.8 shows a part of “InSlips” states - shape “U” - in the testing data set, another
section of testing data set for shapes “S” highlighted in figure 8.9, while figure 8.10
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The results of classification process on testing data set of 4500 samples displayed in
figure 8.11. Those results obtained after careful choice of the euclidean distance threshold
that is used by the classifier to determine whether an input segment has specific shape
class. The total accuracy of the classifier is 93.42% which is a good accuracy, also the

classifiers has very good precision and recall.

The percentage 93% of the classification shows that the classifier failed in a number of

cases. Those cases will be discussed in the next paragraph “Borderline Cases”.

8.7.1 Borderline Cases

The figure 8.12 demonstrates 8 cases of different shapes from “InSlips” class. Each
case (blue line) is matched with a template (red line) chosen by a drilling expert. The

first case is a normal case of “InSlips” where the distance is 1.96 and it shows a good
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"U" Shape "S"Shape "Z"Shape Precision

"U" Shape 1389 26 85 92.60%
"S" Shape 45 1434 21 95.60%
"Z" Shape 41 78 1381 92.07%
Recall 94.17% 93.24% 92.87%

| Total Accuracy 93.42% |

F1cure 8.11: Confusion Matrix of classification results of three shape types “U”, “S”
and “Z”.

very long data required higher components with higher magnitude in the polynomial
spectrum. The case 4 shows a noisy “InSlips” data, it seems that the suggested method
has a good tolerance to the spikes that are in a positive (up) direction. The case 5 is a
case of “InSlips” with spike in positive direction and another spike in negative direction.
The distance shows that this case is not matching good with the template. This is
because of the normalization process. The normalized data has different magnitude of
the pattern parts than the template. And this makes the approximation process picking
higher or lower magnitudes of the components in polynomial spectrum to be able to
approximate the data. The case 6 confirms the conclusion in case 5. The negative spike
affects the normalization process. And then the distance to the template is bigger than
the distance in the case 4 where there is just one positive spike. The case 7 is a case of
short “InSlips”. The case 8 is just a random shape with one up step. The distance in
this case is relativelly a bigger than all other steps. It is around 4.2. As a conclusion, by
picking a suitable distance, it will be possible to detect all “InSlips” cases and isolate the
non “InSlips” cases. The distance picking process should be performed by consulting

drilling experts to determine which cases should be recognized as “InSlips”.

8.8 Summary

In this chapter, a validation process of “InSlips” and “Make Dis/Connection” operations
was presented. The validation process was required due to the limitation of detected
“InSlips” segments using clusters analysis technique. The focus of this chapter was on
how to improve the “InSlips” segments obtained from clustering analysis of hookload
sensor data using boundaries adjustment algorithms. The “InSlips” boundaries adjust-
ment algorithm is discussed in detail with its pseudo code. A classifier was developed
to perform the main step in validation process, it is trained to classify the shapes of
sensor data segments into three shape types “U”, “S” and “Z”. The high accuracy of

classification supports the idea of using this approach in shape validation process.
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Borderline Cases of Shape Recognition using Polynomial Compactness
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FIGURE 8.12: Borderline cases of Shape Recognition using Polynomial Compactness
(Raw Data is the blue line, The template is the red line).

Further steps can be applied to improve the results more, one of those step is the usage
of another type of classification techniques such as Support Vector Machines, Rules
Induction, K-NN, or Neural Networks to recognize shape types of input data segments.
Another enhancement for the suggested work by measuring the stability of each applied
classier by adding noise with different degrees to the randomly-generated testing data

set.



Chapter 9

Distributed State Detection
System

9.1 Motivation

This chapter deals with detection of rig state based on state of rig’s sub-systems. In
previous chapters 6-7-8, the states of rig’s sub-systems were detected based on the sensors
data, chapter 6 shows how to get the state of drill-string (InSlips/OutOfSlips) from
hookload sensor data, state of pumps (On/Off) from flowrate sensor data, and states of
rotary system (Yes/No) based on RPM sensor data. Chapter 7 presents detection of drill-
staring movements (Up/Down/ Static) based on block position sensor data. Chapter 8

demonstrates how to correct “InSlips” and recognized “Make Dis/Connection”.

In this chapter, general framework for merging and fusing the information from dif-
ferent sensors will be suggested, it starts with review of rig state knowledge and the
relationship between sensor states and rig states, it then suggests a distributed fusion
model for sensor data. The suggested framework is distributed over components that
communicates through middleware. Results of rig state detection by implementing the

distributed system are presented at the end of this chapter.

9.2 Rig State Knowledge

The table in figure 9.1 helps to understand the relationship between rig state and sensors
states. The rig state is a combination of other states of rig’s sub-systems, for example

to consider that a rig in “Drilling Rotary” state, it is required to have RPM as “YES”,

85
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flowrate as “ON”, drill-string as “OutOfSlips”, drill-string as moving “Down”, and drill-
bit as “OnBottom” of hole. State of “OnBottom” means that the bit is close to the
bottom of hole, it is a trivial task to consider the bit is touching the bottom of hole by
calculating the difference between depth of hole and depth of bit. Through a provided
threshold from drilling experts, these states can be easily recognized. It is clear that
states of “InSlips” and “Make Connection” are related directly to the “InSlips” state of
hookload where a shape validation process will be executed to recognize exact “InSlips”
and “Make Connection” based on the shapes of hookload and block position sensors

data (see chapter 8).

Based on information presented in figure 9.1, it is possible now to conclude all the rig
states based on the states of sensor data. The next paragraphs of this chapter discuss
how to merge the information from different sensors in order to give a decision on the
rig state, also a discussion on getting the sensor data from rig site through WITSML
Bridge Broker is highlighted.

Block Position Movement On Bottom
(Yes, No)

Sensor State

Rig State UP |DOWN| static -
Drilling rotating No Yes No
Drilling sliding No Yes No
Wash downwards No Yes No
(into hole)

Wash upwards Yes No No

(out of hole)

Ream downwards No Yes No

(into hole)

Ream upwards Yes No No

(backreaming)

Run in hole No Yes No “
Pull out of hole Yes No No “
Make connection -
Circulate hole No No Yes “

F1GURE 9.1: Rig State Knowledge - Relationship between sensor states and rig states.

9.3 Distributed Multi-sensor Fusion Model

In order to perform the last step in this thesis, it is required to fuse all the information
from rig sensor data together. Figure 9.2 shows the suggested fusion model using which
the states from sensors can be calculated and merged, and then the decision will be
issued on rig state. This fusion model is a mixture of two data fusion models: Waterfall
Model [22] and Distributed Blackboard Model [20]. The choice of Waterfall model

because the steps of fusion process are essential in rig state detection case, where the
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sensors data need to be preprocessed and filtered before the features on states of machines
can be concluded, then rig’s sub-systems can be recognized so the final step will be
making decision on rig’s state. The idea of using supervisory components for each sensor
is used from Distributed Blackboard Fusion model. The supervisory components perform
pre-processing on sensors data. The pre-processing phase is applied on each sensor data
to get them filtered form outliers and unwanted noise. An lowpass Chebyshev Type I
filter with a cutoff frequency of 0.8 x (F's/2)/r is applied where F's is sampling rate and

r is the down sampling factor [90].

Features extraction phase is located after preprocessing phase, the idea here is to extract
the states from sensors data and consider them as features, for example: drill-string
state (InSlips/OutOfSlips) from hookload sensor data, drill-string movements (UP/-
Down/Static) from block position sensor data, pumps state (ON/OFF) from flowrate
sensor data, drill-string rotary state (YES/NO) from RPM sensor data, Bit state “On-
Bottom” (YES/NO) from mdhole and mdbit sensor data.

Rig’s Sub-System Situation Assessment is a fusion phase in which the states of hoisting
system (Slips state/Moving state/Bit state), rotary System (Rotating), and circulation

system (Pumping) are evaluated and integrated.

Decision Making is a phase to fuse the states of rig’s sub-systems and machines in order
to estimate the state of the rig. The feedback line is important because it carries infor-
mation on processing parameters of state detection algorithms after estimating results
by drilling experts.

Drilling Rig Multisensor Fusion Architecture (Waterfall + Distributed Blackboard Sensor Fusion Models)

Rig’s Sub-System Situation
Assessment

Feature Extraction
Cluster + Shape State BN
Sensor Supervisor
Trend + Shape State
Sensor Supervisor

Signal Processing

_>
EEmg Preprocessing

Decision Making

Hookload
Segmentation
based on Cluster
State

PosBlock
Segmentation
based on Trend
State and
Hookload

Flowin
Segmentation
based on Cluster
State and
Posblock

mmmg Preprocessing
EEmmg Preprocessing

i
i
-
>
>

Segmentation

Cluster State Sensor
Supervisor

based on Cluster
tate and Flowl
Segments Depth
Segmentation
based on Cluster

Cluster State Sensor
Supervisor

State and RPM
Segments

Drilling
Operations
Detection and
Recognition
Fusion Center

A

Control F

dback Line (Adjust Processing Parameters)

FIGURE 9.2: Distributed Sensor Fusion Model
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The Waterfall model is shown during the Rig’s Sub-System Situation Assessment. The
segmentation of Drill-String Movements (Posblock) is used based on the segments Hook-
load (Drill-String is “InSlips” or “OutOfSlips”. Also the segmentation of flowin based on
posblock segments. The RPM segments are calculated based on flowin segments. The
Depth segmentation (Drill-bit touches the bottom of hole) is based on RPM segments.
Finally all the segments will be fed to the Decision Making Phase.

9.4 Distributed System Architecture

Figure 9.3 suggests distributed architecture of rig’s detection system. The architecture
is distributed over many processing components each of which hosts an algorithm for

sensor data processing.

At rig site, the data is collected from sensors through a measurement system via rig’s
Service Company, then the sensor data is stored temporarily at WITSML server to be
transferred to office site or any interesting party (see chapter A for more information).
At office site a WITSML Client is used to acquire the data via a distributed model for
data distribution, this model called Publish/Subscribe model where the WITSML client
broker is sending a subscription with the sensor data to WITSML Server, and when
this data is available then the WITSML server publishes this data back to the client.
Once the data is received by WITSML Client, the client publishes it again to internal

middleware to make it available for all other interested components.

Preprocessing Component receives the raw data and filter it and publishes it back to the
middelware. Hookload segmentation component receives the raw data of hookload sensor
and it does segmentation over the data and publishes the segments back to middelware.
Block Position segmentation component get the hookload segments and for each Out-
OfSlips segments, it slices it into segments based on the movements of drill-string. The
RPM segmentation receives the block position segments and it does segmentation to
them into small segments based on drill-string rotational state, then it publishes those
segments back to middelware. Flowrate segmentation component receives the rotational
segments from middelware, it segments them into smaller segments based on pumps’s
state, then it publishes back the segments to the middelware. Depths segmentation
components reads the flow segments from middleware and then it segments them into
more smaller segments based on bit state and publishes them back to middleware. The
component of rig state classification receives all the segments from all components and

then it takes a decision on what the states of the rig for each received segments are.
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In this case, the middleware plays the role of the heart in communicating process between
the components. The real advantage of using middleware in the suggested architecture
is that the components are loosly-coupled which means that the components are not
depending on each other to perform their work i.e. there is no need for the components

to wait till the others finish their jobs, this gives the system high performance rate and

tolerance against any failure in any processing component.
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Model
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9.5 Rig State Detection Process

The algorithm presented in table 9.1 shows how the sequence of execution from the
reading phase to decision making and rig state detection phase. It starts with pre-
processing and filtering of all sensors data, then the first phase is hookload segmentation
to detect (InSlips/OutOfSlips) segments, then for each “InSlips” segment, it is processed
through adjustment of segment’s boundaries and then validated the hookload sensor
data shape. Shape validation is performed also on block position sensor data during
“InSlips” segment to recognize “Make Dis/Connection” operations. If the segment is
“OutOfSlips” then the processing goes through block position sensor data segmentation
to get the segments (Up/Down/Static), then the RPM segmentation process will be
started to segment block position segmentation into smaller segments with rotational
(Yes/No) segments. Flowrate segmentation is started to segment the rpm segments
into (On/Off) segments, then depths segmentation process slices flow segments into bit
“OnBottom” Yes/No segments. The rig states classifier is the component that constructs

a decision tree based on the table 9.1 to classify each obtained segment as rig state.

9.6 Experimental Results

Test data Set Duration, days Sampling Int, Sec Data Points, Count

D92 72 60 103,680.00
TD1246 13.6 1 1,175,040.00
TD1258 11.7 1 1,010,880.00
TD1203 28.3 1 2,445,120.00
TD969 42.5 5 734,400.00
TD987 28.1 4 606,960.00
TD56 7.2 10 62,208.00
TD287 3.8 10 32,832.00
TD285 5 10 43,200.00
D101 65 10 561,600.00
D5 53 10 457,920.00
Sum, days: 330.2 Sum, Count: 7,233,840.00

FIGURE 9.4: Test Data Sets

Eleven test data sets of sensor data were collected from drilling rigs from different parts
in the world using WITSML Bridge Broker. The sensors are: Hookload, Block Position,
RPM, FlowIn Rate, Hole Depth, Bit Depth. All the data sets were classified manually by
drilling experts in cooperation with information from daily drilling reports. Figure 9.4
shows information on each test data set. Each of these data sets is classified using
the suggested prototype to detect and recognize the states of rigs. Furthermore, each
data sets is classified using different processing parameters. More than 330 days of

drilling (7.2 million sensor data points) fetched from rigs sites and processed using this
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Rig State Detection Algorithm

Input:
SensorData

Output:
States

DO:
// Preprocessing All Sensor Data
FilteredData = Filter(SensorData);
// Hookload Segmentation
HSegments = SegmentationUsingEnvelope(FilteredData);
// Process only OutOfSlips Segments
fori =1 : length(H Segments)
if (HSegments(i) has InSlips state) {
// Validate InSlips Shapes
ValidatedInSlipsSegments =
ShapeValidate(FilteredData(HSegment(i).Range, Hookload’),
InSlipsTemplate);
// Validate Make Dis/Connection
ValidatedConnectionSegments =
ShapeValidate(FilteredData(HSegment(i).Range, Posblock’),
MakeDis/connectionT emplate);
telse{
// Block Position Segmentation
StringMoveStateSegments = PLA (FilteredData(HSegment(i).Range, Posblock’));
// RPM Segmentation
RPMStateSegments =
SegmentationUsingEnvelope(FilteredData(HSegment(i).Range, RPM’),
StringMoveStateSegments);
// Flowin Segmentation
FlowinStateSegments =
SegmentationUsingEnvelope(FilteredData(HSegment(i). Range, Flowin’),
RPMStateSegments);
// Depth Segmentation
DepthStateSegments =
SegmentationUsingEnvelope(FilteredData(HSegment(i).Range,” Mdhole’,
"MdBit’), FlowinStateSegments);

}
end
// Classify all the rig states
fori = 1 : length(DepthStateSegments)
States(i) = ClassifySegment(DepthStateSegments(i));
end

TABLE 9.1: Rig State Detection Algorithm - Sensor Data Processing Algorithm
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prototype. Figures 9.6-9.7-9.8-9.9 illustrate the confusions matrices of states detection
process. The figure 9.5 shows a sketch of raw sensor data with results of segmentation
and classification process. The segments are displayed by vertical red lines, and the rig

states are showed using colored rectangles.
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FIGURE 9.5: Results of Rig States Detection - Detailed View

In the next paragraphs, detailed discussion and general conclusions on each confusion

matrix will be summarized.

9.6.1 Test Rigs: TD92, TD1246 and TD1258

Figure 9.6 shows the confusion matrices of rig state detection of TD92, TD1246 and
TD1258. The total accuracy is located between 92% and 96% which is considered
as high accuracy. In TD92, the actual “Drilling ROT” sometimes predicted by the
suggested system as “Reaming” state, because that the reaming state can be performed
when the drill bit is close to bottom of hole, and this means that “OnBottom” state can
be “Yes” and then the state is recognized as “Drilling ROT” instead of “Reaming”. The
same situation existed on data sets TD1246 and TD1258, especially that directions of
block position at both states are the same. Another reason for this can be issues related
to quality of received sensor data. “Make Dis/Connection” show a very high accuracy
around 99% because that this state is mainly related to “InSlips” state, the false detected
“Make Dis/Connection” is due to the issue due bad detected “InSlips” at the end of
tripping drill-string out of hole where the value of hookload sensor data at “InSlips” is
very close to the value at “OutOfSlips”. In data sets TD92, TD1246 and TD1258, it
is shown that there is no confusion between “Reaming” and “Back Reaming” and this is
due to opposite directions of Travelling Block which is detected using Picesewise Linear

Approximation algorithm, the same case is between “Run In Hole” and “Pull Out Of
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Hole” states. Another issue is related to the confusion of circulation states because of

missing calibration of block position changes in PLA algorithm.

Test Data Set: TD92

Total Accuracy: 92.69%
Detected Rig States

Drilling ROT Runin Hole Pull out of Hole Reaming Back Reaming Circulation Make Connection Precision

wv
9 DrillingROT 123 2 0 13 0 6 0 85.42%
g Run in Hole 3 105 0 9 0 3 5 84.00%
o Pull out of Hole 0 0 95 0 16 5 2 80.51%
& Reaming 2 12 0 221 0 6 0 91.70%
S BackReaming 0 0 5 5 217 2 0 94.76%
a2
&’ Circulation 1 5 4 6 15 113 0 78.47%
MakeCon 0 0 3 0 0 0 775 99.61%
Recall 95.35% 84.68% 88.79% 87.01% 87.50% 83.70% 99.10% 92.69%
Test Data Set: TD1246
Total Accuracy: 95.20%
Detected Rig States
> Drilling ROT Runin Hole Pull outof Hole Reaming Back Reaming Circulation Make Connection Precision
& DrillingROT 210 8 0 17 0 5 0 87.50%
g Run in Hole 5 741 0 8 0 2 12 96.48%
o Pull out of Hole 0 0 535 0 13 4 4 96.22%
& Reaming 2 17 0 298 0 3 0 93.13%
g Back Reaming 0 0 13 0 118 9 0 84.29%
a2
:t’ Circulation 3 7 5 0 12 381 0 93.38%
MakeCon 0 0 2 3 1 0 789 99.25%
Recall 95.45% 95.86% 96.40% 91.41% 81.94% 94.31% 98.01% 95.20%
Test Data Set: TD1258
Total Accuracy: 95.59%
Detected Rig States
" Drilling ROT Runin Hole Pull out of Hole Reaming Back Reaming Circulation Make Connection Precision
9 DrillingROT 250 6 0 12 0 1 0 92.94%
g Run in Hole 6 589 0 14 0 2 2 96.08%
o Pull out of Hole 0 2 481 0 9 0 6 96.59%
& Reaming 2 21 0 299 0 1 0 92.57%
S BackReaming 0 0 23 0 238 4 0 89.81%
2
&’ Circulation 9 9 0 3 4 511 0 95.34%
MakeCon 1 0 0 4 1 3 774 98.85%
Recall 93.28% 93.94% 95.44% 90.06% 94.44% 97.89% 98.98% 95.59%

FIGURE 9.6: Confusion Matrices of TD92 - TD1246 - TD1258

9.6.2 Test Rigs: TD1203, TD969 and TD987

In Figure 9.7, another data sets TD1203, TD969 and TD987 are presented with
accuracy range [97%,99%]. “Drilling ROT” state is confused more with “Run In Hole”
and “Circulation” and sometimes with “Make Connection”, the confusion with “Run
in Hole” is due to some lowest values during drilling under the level of hookload at
“InSlips”, in some drilling ships, the case of low hookload during drilling is possible,

the confusion with “Circulation” due to calibration issue in PLA algorithm because
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PLA is not sensitive enough to detect very small gradients in travelling block, this case
frequently happened because very slow drilling. The main condition of “Circulation”
state is that travelling block should be static i.e. the block position sensor data does
not change, the main reason of confusing this state with other states is the gradient of
block position sensor data. Practically, it will be very difficult to have “Circulation”
state without any movement in travelling block, most of the times, the block position
fluctuated for few centimeters and sometimes more and then the circulation is detected

as another state due to states of other sensor data.

Test Data Set: TD1203

Total Accuracy: 96.59%
Detected Rig States

Drilling ROT Runin Hole Pull out of Hole Reaming Back Reaming Circulation Make Connection Precision

"
2 Drilling ROT 536 23 0 5 0 16 0 92.41%
&  RuninHole 12 1765 0 13 5 21 0 97.19%
oo Pull out of Hole 0 0 1534 0 23 13 0 97.71%
& Reaming 4 23 0 978 0 10 3 96.07%
S BackReaming 0 0 13 0 858 21 2 95.97%
=}
:t) Circulation 5 10 12 9 32 1376 5 94.96%
MakeCon 1 3 6 4 0 0 1283 98.92%
Recall 9.06%  96.77% 98.02% 9.93%  93.46% 94.44% 99.23% 96.59%
Test Data Set: TD969
Total Accuracy: 97.36%
Detected Rig States
" Drilling ROT Runin Hole Pull out of Hole Reaming Back Reaming Circulation Make Connection Precision
3 Drilling ROT 89 2 0 4 0 7 6 82.41%
g Runin Hole 1 1984 0 13 0 12 0 98.71%
o Pull out of Hole 0 0 2236 0 21 10 0 98.63%
& Reaming 5 33 12 137 14 0 0 68.16%
S BackReaming 0 0 14 0 148 9 15 79.57%
-l
&’ Circulation 3 11 0 21 0 291 4 88.18%
MakeCon 0 0 5 12 4 0 3890 99.46%
Recall 90.82% 97.73% 98.63% 73.26% 79.14% 88.45% 99.36% 97.36%
Test Data Set: TD987
Total Accuracy: 98.60%
Detected Rig States
“ Drilling ROT Runin Hole Pull out of Hole Reaming Back Reaming Circulation Make Connection Precision
2 Drilling ROT 241 10 0 0 0 5 4 92.69%
&  RuninHole 16 3096 0 27 0 0 0 98.63%
oo Pull out of Hole 0 0 2982 14 12 0 4 99.00%
E Reaming 12 0 12 1959 0 0 6 98.49%
S BackReaming 0 43 0 0 1935 13 0 97.19%
=}
:t’ Circulation 0 0 5 3 0 2234 0 99.64%
MakeCon 0 3 0 0 10 0 1576 99.18%
Recall 89.59%  98.22% 99.43% 97.80%  98.88% 99.20% 99.12% 98.60%

FIGURE 9.7: Confusion Matrices of TD1203 - TD969 - TD987
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9.6.3 Test Rigs: TD56, TD287 and TD285

Figure 9.8 shed the light on more three data sets TD56, TD287 and TD285 with
accuracy between 95% and 98%. The results confirm the previous conclusions on “Cir-
culation” and “Make Connection” states. The states of “Back Reaming” is confusion
in few cases with “Drilling ROT” and this is due to the wrong segmentation of block
position in PLA Algorithm, this is heavily related to the error of block position pa-
rameter, because this parameter controls the segmentation process and how much the
changes will be detected at block position sensor data, the smaller is the error, the more
fine segments will be detected. The reason of confusing “Make Connection” state with
“Run in Hole” is the parameter of Expectation Maximization algorithm which is used

to detect the hookload threshold that separates “InSlips” state from “OutOfSlips”.

Test Data Set: TD56

Total Accuracy: 94.99%
Detected Rig States

Drilling ROT Runin Hole Pull out of Hole Reaming Back Reaming Circulation Make Connection Precision

17}
9 DrillingROT 79 3 0 14 0 0 0 82.29%
& Run in Hole 8 723 0 9 0 2 0 97.44%
o Pull out of Hole 0 0 616 0 13 1 0 97.78%
& Reaming 3 17 0 270 0 0 1 92.78%
S BackReaming 0 0 12 0 214 15 2 88.07%
ok
&-’ Circulation 0 6 4 2 0 180 0 93.75%
MakeCon 0 0 1 3 2 0 155 96.27%
Recall 87.78% 96.53% 97.31% 90.60% 93.45% 90.91% 98.10% 94.99%
Test Data Set: TD287
Total Accuracy: 98.00%
Detected Rig States
” Drilling ROT Runin Hole Pull out of Hole Reaming Back Reaming Circulation Make Connection Precision
9 DrillingROT 241 17 0 4 0 0 0 91.98%
g Run in Hole 1 1689 0 8 0 0 0 98.89%
oo Pull out of Hole 0 0 1737 0 24 5 3 98.19%
& Reaming 1 0 0 1959 ()} 7 0 99,59%
S BackReaming 0 0 26 0 1935 25 0 97.43%
i~
&’ Circulation 0 0 31 13 21 1834 13 95.92%
MakeCon 0 0 5 7 3 0 1576 99.06%
Recall 95.26% 99.00% 96.55% 98.39% 97.58% 98.02% 98.99% 98.00%
Test Data Set: TD285
Total Accuracy: 95.89%
Detected Rig States
" Drilling ROT Runin Hole Pull out of Hole Reaming Back Reaming Circulation Make Connection Precision
9 DrillingROT 154 6 0 0 0 2 0 95.06%
g Run in Hole 4 742 0 21 0 0 0 96.74%
o Pull out of Hole 0 0 842 0 9 6 0 98.25%
& Reaming 2 3 9 576 0 8 3 95.84%
S BackReaming a4 9 17 0 471 0 10 92.17%
e
&’ Circulation 1 7 0 0 8 272 0 94.44%
MakeCon 0 24 3 0 0 0 587 95.60%
Recall 93.33% 93.81% 96.67% 96.48% 96.52% 94.44% 97.83% 95.89%

FIGURE 9.8: Confusion Matrices of TD56 - TD287 - TD285
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9.6.4 Test Rigs: TD101 and TD5

Figure 9.9 shows the data sets TD101 and TD5 with accuracy value around 97%. In
confusion matrix of TD5, it is clear that the system confuses “Drilling ROT” with other
states, this is due to the bad quality of hole depth and bit depth sensor data, the data
quality issue in this case is that hole depth and bit depth are close to each other and bit

depth is not changes during “Reaming”, “Running in Hole”, or “Back Reaming”.

Test Data Set: TD101

Total Accuracy: 96.68%
Detected Rig States

Drilling ROT RuninHole Pull out of Hole Reaming Back Reaming Circulation Make Connection Precision

"
9 DprillingROT 204 35 0 27 0 8 0 74.45%
§ Run in Hole 9 3891 0 19 0 24 21 98.16%
o Pull out of Hole 0 5 3287 7 17 19 23 97.89%
& Reaming 4 28 8 1492 0 8 6 96.51%
S BackReaming 0 17 57 4 1520 3 7 94.53%
=
&-’ Circulation 0 24 49 36 16 1612 31 91.18%
MakeCon 0 0 5 0 0 24 3756 99.23%
Recall 94.01% 97.28% 96.51% 94.13% 97.88% 94.94% 97.71% 96.68%
Test Data Set: TD5
Total Accuracy: 96.83%
Detected Rig States
@ Drilling ROT RuninHole Pull outof Hole Reaming Back Reaming Circulation Make Connection Precision
9 DrillingROT 364 10 0 5 0 6 0 94.55%
g Run in Hole 32 2381 0 14 0 13 0 97.58%
o Pull out of Hole 21 0 2256 0 23 2 14 97.41%
& Reaming 16 14 0 1383 1 16 3 96.51%
S BackReaming 0 0 21 0 1219 15 0 97.13%
I~
:t’ Circulation 18 26 6 10 4 1600 0 96.15%
MakeCon 0 24 18 0 21 0 1574 96.15%
Recall 80.71% 96.99% 98.04% 97.95% 96.14% 96.85% 98.93% 96.83%

FIGURE 9.9: Confusion Matrices of TD101 - TD5

9.6.5 Results Benchmarking

Confusion matrix is good in getting a comprehensive idea on the detection and recog-
nition results, but still missing is how the results look like from statistical viewpoint.
Most of the decisions on rig states are taken based on the statistical distribution of states
values. For example, the statistical distribution of Make Connection states gives an idea
on the performance of the rig and drilling crew, also this will help in comparing the
performance of different crews and rigs. Comparing the rig states detection and recog-
nition results to a pre-classified rig states will give a deep insight on the results and help
more in finding out the differences between the results and analysing the reasons behind
those differences. In this section, a comparison between rigs states obtained from TDE

proNova systems for rig states detections and the suggested rig states detection in this
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thesis. It is important to mention here that the states, which are obtained from proNova
systems, are refined and corrected manually by drilling experts. The term “Old” refers
to the results from proNova systems, the term “New” refers to the results produced by
new suggested system. The data set contains sensors data from 2000m well drilled in

42.5 days, the data is received at 0.2 Hz frequency.

Figure 9.10 shows a comparison between “Old” and “New” results for rig states: Drill,
Reaming, BackReaming, and Moving Out. The results are shown as histogram of each
rig state with a mean value plotted as red line on the histogram.

Drill State shows a perfect match between the old results from experts (90) and the
new suggested system (89), the mean values of drill state operations (54.17 mins from
Old and 54.43 from New) and the histogram of the states give almost a full match.
Reaming State refers to a different between the two systems, the histogram of Old
system is positive skewed and this returns to the way that the old system applied to
detect Reaming state, the old system used slope and direction of block position to
determine the state of reaming and this makes it very sensitive to all the small changes
happened to block position i.e. if the driller lifted the drill-string up sometime may
it happens that the drill-string is fluctuated during the reaming operation and this
fluctuation detected as many reaming and back reaming states in the old system. The
PLA in suggested system is more stable to the fluctuations of drill-string.
BackReaming State has the same discussion of Reaming State and this explains why
the histogram of BackReaming is positively skewed and the mean value of BackReaming
in new system (1.94 mins) is more than mean value of old system (0.93 mins).
MovingOut State shed the light on interesting difference between the old system and
new system, the big difference in samples number, where it is in the old system 4157
MovingUp states in the old system and 2475 MovingUp states in new system, The reason
behind this difference is the sensitivity of old system to the block position movements,
the old system can detect two or three adjacent MovingUp states while the new system
detects one MovingUp state, the stability of new systems comes from the stability of
Piecewise Linear Approximation algorithm used to detect the trends on Block Position
sensor data. Figure 9.11 shows a comparison of rig states: Movingln, MakeConnection
and Circulation.

MovinglIn State has good match between old and new results.

Make-Connection State also refers to a perfect match between the old and new
results, the difference in mean values between the old and the new results returns to
the difference in boundaries of detected InSlips states, the old system depends only
on a threshold to detect the boundaries of InSlips/MakeConnection and it performs no
adjustment to the boundaries of detected InSlips/MakeConnection state, the new system

does a boundaries adjustments as shown in chapter 7.
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9.7 Performance Evaluation

In this paragraph, a brief on algorithms complexity will be discussed then evaluation of
the system performance on test data sets will be presented. The machine which is used
to do the performance tests is Windows(R) machine with 8 GB RAM and Intel(R) Dual
Core(TM) i5 CPU @2.40 GHz.

9.7.1 Theoretical Run-time Complexity

The sequence of execution is summarized by the execution flow at figure 9.1, the com-

plexity of the system will be the highest-order of all complexities of the algorithms.

Hookload Segmentation Complexity The execution flow starts with Expectation
Maximization algorithm or Envelope Algorithm to determine the threshold and then
it uses this threshold to segment the hookload. Expectation Maximization algorithm
(see chapter 6) iterates over all the elements of data sets n by the number of clusters k,
this process repeated with the difference of log-likelihood is greater than stop error, the
number of iterations can be «a, then the complexity will be O(n x k % ). The envelope
algorithm starts with a loop of a window of size ws, then the envelope is calculated based
on this window, then the complexity will be: O(n/ws). The final step is the complexity
of hookload segmentation algorithm using the calculated threshold, this algorithm is a

simple loop to evaluate each data points if it is above or under the threshold value, O(n).

Block Position Segmentation: Piecewise Linear Approximation algorithm complex-
ity can be estimated using the discussion in [82]. The PLA complexity for one “Out-
OfSlips” segment is given as O(c x L) where L is the length of “OutOfSlips” segment
because PLA is applied on block positions just for “OutOfSlips” segments, and ¢ is the
length of block position segments during “OutOfSlips”. The number of “OutOfSlips”
segments is NS = L/n. Then the complexity of Block Position Segmentation will be
O(NS « Lxc).

RPM Segmentation: If the system configured to do the rpm segmentation using
manually-specified threshold then the complexity will be O(n), but if the configuration
of using Envelope algorithm the complexity willl be O(n/ws) where ws is the window

size.

Flowrate Segmentation: If the system configured to do the flowrate segmentation
using manually-specified threshold then the complexity will be O(n), but if the config-
uration of using Envelope algorithm the complexity willl be O(n/ws) where ws is the

window size.
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Depth Segmentation: The complexity of segmenting the sensor data based on depth
is given by O(n), because the threshold of “OnBottom” state configured manually by

experts and one iteration over all the data is enough to be segmented.

Segments Recognition: In this phase all the obtained segments will be processed and
their properties will be evaluated to which rig state each segment should be assigned,
this can be performed by one iteration over all the segments then the complexity will

be O(S) where S is the number of obtained segments and S < n

Complexity of State Detection System: Using Expectation Maximization for hook-

load segmentation, the complexity of detection system will be:

HighestOrder(O(nxkxa), O(NSxLxc),O(n/ws),O(n/ws),0(n),0(S)) =~ O(nxNJS).
(9.1)

Using Envelope algorithm for hookload segmentation, the complexity of detection system
will be:

HighestOrder(O(n/ws), O(NS x L * c),O(n/ws),O(n/ws),0(n),0(S)) ~ O(n* NS).
(9.2)

The best case of this complexity when there is just one segment NS = 1, then the
complexity will be close to O(n). And the worst case is when there is a segment between
each two data points i.e. NS = n/2, and this means the complexity, in this case, will

approach to be O(n?).

9.7.2 Performance Tests

It is obvious that the run-time is not linear to the number of data points and this confirms
the theoretical estimation of the complexity. The tests shows that the more the data
points, the complexity getting closer to be quadratic to n. Figures 9.12-9.12-9.13-9.14-
9.15-9.16-9.17 display the results of performance tests on each data set, and all of them
prove that the run-time fits with the theoretical study of the system’s complexity.

Figure 9.15 shows three data sets collected from different rigs. It is clear that the run-
time is different between those data sets. This result comes from the fact that each of
those rigs has different length of drill-stand, the rigs of TD1203 and TD1258 have a
short drill-stand with length ~ 15 meters, and the third rig TD1246 has a long drill-
stand of 30 meters. Furthermore, the data sets of the short stand rigs are processed with

PLA Error parameter 0.1 while the data set from the third rig is processed with PLA
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FI1GURE 9.13: Rig state detection performance for test data sets TD285 and TD287.

Error parameter 10, then the PLA error and length of drill-stand has the main impact
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on the performance.
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FIGURE 9.16: Rig state detection performance for test data sets TD969, and TD987.

Figure 9.18 shows the detailed run-time, and it separates the run-time required by PLA.
It is clear that PLA has huge impact on the overall performance, it takes around more

than 75% as average of the total run-time.

9.8 Summary

This chapter demonstrated detection system of rig states from sensor data, it showed
how the sensor data was processed to conclude the segments that represent states of the
rig. The basic concept behind the detection system is the rig state knowledge that links
rig states with sensors states. Distributed architecture was suggested to implement the
detection system, then a prototype of the system was demonstrated and used on eleven
sensor data sets from different rigs. The results showed that the accuracy of detection
system and where the confusions are and the reasons behind them. Complexity study
and Performance evaluation were performed on the test data sets, the results showed
that the run-time is linear with size of processed data and this matches the theoretical
complexity of the system. Piecewise Linear Approximation algorithm is a resource

consuming algorithm and it shows high sensitivity for gradient of block position which
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FIGURE 9.17: Rig state detection performance for test data sets TD101, and TD5.

is considered as a source of confusion in detection many states. PLA and block position

segmentation has a big potential for improvements in the future.
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Chapter 10

Summary, Conclusion and Future
Work

10.1 Summary

A rig state detection system from sensor data has been developed, which features the

following characteristics:

e A distributed bridge component based on WITSML standard to fetch sensors data
from rig site has been developed and tested on real rigs (Appendix A).

e The system fuses the information from different rig sensors data to recognize the
rig state. The fusion process was designed based on Waterfall and Distributed

Blackboard Multisensor Fusion models.

e The system integrates prior knowledge of drilling processes with suggested steps

in fusing and concluding the information from sensor data.

e Three thresholding algorithms were tested and applied on real and simulated rig
sensor data to detect InSlips/OutOfSlips states from Hookload sensor data. Ex-
pectation Maximization , Otsu thresholding, and Envelope algorithms were tested,
the results showed an advantage to use Envelope algorithm over other algorithms
due to its high accuracy and flexibility to quality problems in hookload sensor

data.

e The system is able to detect all movements of drill-string via monitoring the trends
and changes on Block Position sensor data. Piecewise Linear Approximation algo-
rithm is used by the system to detect and approximate the trends in Block Position

sensor data, PLA shows tolerance to noisy data.

107



Chapter 10. Summary, Conclusion and Future Work 108

e Correcting to boundaries of InSlips/OutOfSlips states is performed by the de-
tection system to match the detected states with the engineering definition of
InSlips/OutOfSlips concept. Furthermore, a validation of the pattern shape of
Hookload and Block Position sensors data is applied to differentiate between In-

Slips and MakeDis/Connection states.

e A distributed architecture using Middelware is used to implement the system with
different segmentation software components to fetch the data from rigsite and then

detect the states of the rig.

e The system is applied on sensor data of 11 data sets (330 drilling days) collected
from different rigs distributed over the world and from different types of drilling

rigs: drilling ships, land drilling rigs, drilling jack ups and drilling platforms.

e The detection and recognition results are compared to results classified by TDE
proNova System with manual correction from drilling experts. No manual inter-
action or modification is applied on the results of suggested system. The accuracy

results shows a value range between 92% and 99%.

e A statistical comparison is performed on one data set and it shows a high percent-

age of statistical matching between old and new results.

e Main restriction found in old proNova technology is its sensitivity to the fluctuation
of block position sensor data where this problem is solved by applying PLA in the

new suggested system.

e Another restriction found in old proNova technology is the usage of one fixed
threshold while the new system uses the concept of adaptive threshold in detecting

different states of rig’s machines from sensor data.

e Adaptive thresholding reduces the configuration process complexity and maximizes

usage of the system with minimum interference from the engineers.

e Due to performance analysis of the system, it is shown that the overall perfor-
mance of the system is linear, this result was concluded theoretically and proofed

practically on all test data sets.

10.2 Conclusion

The following main conclusions can be drawn from the analysis of rig sensor data in

purpose of detecting different rig states:
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e Rig sensors surface measurements can be used to detect all drilling rig’s activities

that the rig’s machines are used in.

e Using of thresholding concept plays a main role in finding the start and end of

each detected InSlips/OutOfSlips state.

e The concept of trends detection using piecewise linear approximation helps finding

out the start and end of each detected drill-string movements with high accuracy.

e Improving InSlips/OutOfSlips detection using boundaries adjustment algorithms

raises the accuracy of start/end states determination.

e Using distributed WITSML bridge component based on Web Services helps in

getting the rig sensors data from remote sites located somewhere in the world.

e Fach sensor measurements can be used to monitor state of different rig’s machine,
for example: Hookload sensor data is used to monitor state of drill-string situa-
tion (InSlips/OutOfSlips), Block Position sensor data used to monitor the move-
ments of drill-string (Up/Down/Static), RPM refers to the state or rotary system
(YES/NO), flowin rate gives indication to the state of mud pumps (ON/OFF), bit
and hole depth estimates whether the drill-bit touches the bottom of hole or it is

far away from hole bottom.

e The uncertainty of state detection is estimated when the segmentation is applied:
InSlips/OutOfSlips thresholding uncertainty is estimated by measuring the dis-
tance of threshold from the centers of data clusters, while the uncertainty of drill-
string movements segmentation is evaluated by estimating the certainty at each
joint of two adjacent segments. The overall uncertainty of detection process is eval-
uated through the confusion matrix or statistical benchmarking with pre-classified

sensor data sets.

e The detection process can be run at any time instance and no need to apply it at

the beginning of drilling work.

e Detection of InSlips/OutOfSlips requires one parameter in case of using Envelope
Algorithm, the parameter is BHA weight which is the minimum weight to stop
detection between two drilling phases. In case of using EM algorithm to detect
InSlips/OutOfSlips, the clusters number is required to make the algorithm run.
Block Position segmentation process requires an error parameter to determine the
granularity degree of segments to be detected. OnBottom tolerance parameter is

used to determine whether the drill-bit is on hole bottom or not.
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e The advantage of using distributed architecture is that components of the system
are loosely-coupled which means that if one of the components failed in doing its

calculation then other components will not be effected.

e The middleware provides the infrastructure for implementing distributed applica-
tions of rig state detection with minimum effort, the development of each segmen-

tation component was done independently from the development of the others.

10.3 Future Work

In the author’s opinion, there are a number of open issues directly related with the work

presented in this thesis:

e PLA algorithm consumes around 75% of performance as it is shown in figure 9.18
and it can be improved by applying different approach rather than bottom-up
approach. Keogh et al. suggested to use SWAB algorithm instead of using bottom-
up due to its high performance [82].

e The parameter of Block Position error can be revised by doing an in depth study

on the parameter values and the detected segments on block positions.

e Better estimation to the state of OnBottom based on re-calculation of bit depth
and hole depth based on InSlips/OutOfSlips states and block position, this will
remove the usage of OnBottom tolerance parameter and makes better estimation

of OnBottom state.

e The detection system can be extended to detect all kind of rig’s states based on
different and other sensors data such as detecting the states of testing Blowout

Preventer BOP using detecting of different states of pumps’s pressure.

e The system can be extended to detect Drilling ROCKING mode by analyzing
RPM data to detect the fluctuated behaviour of Rotary System during Drilling
ROCKING.

e Detecting higher-level of operations such as Drilling Runs, Jobs and Phases can

be performed by introducing more sensors data.

e The results of rig state detection can be used to validate the information in activ-

ities section in the daily morning reports of the rig.
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Appendix A: Distributed Sensor

Data Acquisition

A.1 Introduction

This appendix describes the sensor data formatting and how this data will be transferred

using distributed service-oriented architecture from rig-site to office site.

Usually drilling rigs are located far away from office location and there is an urgent need
to obtain sensor data available at office site in a reasonable amount of time. Industrial oil
companies started the initiative of WITS which is a specification for wellsite information
transfer to remote locations [91]. The idea has been developed further and WITSML is
suggested as a standard to format wellsite - rigsite - information using XML language,
and then using web-services to transfer the data from rig site to office site over satellite

Internet connection [40)].

A.2 Wellsite Information Transfer Specification

The WELLSITE INFORMATION TRANSFER SPECIFICATION (WITS) is a com-
munications format used for the transfer of a wide variety of wellsite data from one
computer system to another. At the time when WITS was proposed, the technology did
not help to transfer the data from rig site to remote locations, so the WITS was used
just to encode the data and store it at local storage devices to be transfer physically to

office site.

WITS is a multi-level format which offers an easily achieved entry point with increasingly

flexible higher levels. At the lower levels, a fixed format ASCII data stream is employed,
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while, at the highest level, a self-defining customizable data stream is available. A
WITS data stream consists of discrete data records. Each data record type is generated
independently of other data record types and each has a unique trigger variable and
sampling interval. WITS also defines a basic set of pre-defined records to which user-

defined record types may be added (see figure A.1).

A.2.1 WITS Level 0

Also known as ”Intra Rig Transfer Specification”, this involves a very basic ASCII
transfer format intended primarily for sharing of information between service companies.
Data items are identified by a numeric string tying the value to a particular location

within a Pre-Defined Record, or to an agreed upon addition to the Data Dictionary [40].

A.2.2 WITS Level 1

At level 1 and above, the data stream takes on a binary (LIS - Log Information Standard)
format. Values are expressed in LIS-defined representations (e.g. floating point, integer,
string, etc). The data items are packaged into a WITS Data Record and then sandwiched
between LIS Physical and Logical Record Headers and Trailers, to make up a LIS Data
Record. Twenty five Pre-Defined Records have been identified, covering, among other
areas, drilling, geology, directional work, MWD, cementing and testing. At Level 1,
these data records, generated at varying times and under varying rig conditions, are
constructed and placed in the data communications channel. No LIS record types besides
Data Records are used at this level. Each of the 25 Pre-Defined Records has a fixed size
in bytes. However, each contains designated ’spare’ channels for limited customization.
The Pre-Defined Records are showed in figure A.1 [40].

A.2.3 WITS Level 2

WITS Level 2 builds on Level 1 through addition of WITS bidirectional dialogue through
the use of LIS Comment records. This dialogue is used in synchronization at start up
and after a communications line interruption, as well as permitting two-way messaging
between the sender and receiver. Such messages might include requests for change in

transmission intervals for certain records [40].
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1
2
3
4
5
6
7
8
9

Name

General Time-Based
Drilling - Depth Based
Drilling - Connections

Hydraulics

Trip - Time

Trip - Connections
Survey/Directional

MWD Formation Evaluation
MWD Mechanical

Pressure Evaluation

Mud Tank Volumes
Chromatograph Cycle-Based
Chromatograph Depth-Based
Lagged Mud Properties
Cuttings / Lithology
Hydrocarbon Show
Cementing

Drill Stem Testing
Configuration

Mud Report

Bit Report
Comments

Well Identification

Vessel Motion / Mooring Status

Weather / Sea State

Description

Drilling data gathered at regular time intervals
Drilling data gathered at regular depth intervals
Data gathered at drilling connections

Hydraulics data gathered while circulating
Tripping data gathered while running in/pulling out
Tripping data gathered at tripping connections
Directional/Survey data

MWD Formation Evaluation data

MWD Mechanical data

Pressure Evaluation data

Mud Tank (Pit) Volume data

Chromatograph Cycle data

Chromatograph data averaged over depth intervals
Mud Property data based returns depth increments
Cuttings Lithology and related data

Hydrocarbon Show related data

Well Cementing operations data

Well Testing operations data

Drillstring and Rig Configuration data

Mud Report data

Bit Report data

Freeform Comments

Well Identification data

Vessel Motion and Mooring Status data

Weather and Sea State data

Ficure A.1: WITS Pre-Defined Record Types

A.2.4 WITS Level 2b

WITS Level 2b adds the option to buffer data that has been transmitted, making it

available for re-transmission in the event of non-receipt of data by the receiver [40].

A.2.5 WITS Level 4
WITS Level 4 employs a completely different format than the previous levels since it
is based on the emerging data transfer standard of API RP66. The concepts of Pre-

Defined Records and Bi-Directional Dialogue remain, but using RP66 as the formatting

mechanism [40].

A.2.6 Limitations of WITS

The recognized limitations of the current WITS specification are:
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Outdated MWD data records.

Data is record driven, not object oriented.

Restrictions on number of drill string and casing sections.

Inflexibility for handling data in different units of measurement.

Limited capacity for handling static well information.

e WITS records are extensible but not self-describing.

Use of binary data formats is not platform independent.

A.3 Wellsite Information Transfer Standard Markup Lan-
guage - WITSML

The Wellsite Information Transfer Standard Markup Language (WITSML) consists of
XML data-object definitions and a web services specification developed to promote the
right-time, seamless flow of well data between operators and service companies, as well

as regulatory agencies, to speed up and enhance decision-making and reporting [92].

The creation of WITS record involves a mapping process from individual tool sensor
output values to a sequential numerical data stream [93], sometimes the crew changing
the units of measurements or the order of the channels maybe changed for any reason,
this causes many problems at the receiver side, and even some of those problems can
not immediately discovered and this may takes one complete day at the office side to
figure out the source of problem. This is considered as a big need for WITSML where
the meta data will be sent always with the raw data, so any changes of the order of the
sensors or the units, will then be transferred directly with the data. Figure A.2 shows

an example on WITS records and how they are represented using WITSML [93].

A.4 Distributed Sensor Data Acquisition Unit - WITSML
Bridge

WITSML has a standard for data description using of WITS 4+ XML and a standard
for data transfer using distributed web-service enabled software systems [41]. Usually at
the rig site, the sensor data is acquired using mudlogging systems of service companies,

then this data will be transferred using WITS format over serial port to the WITSML
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WITS Level 0 WITSML
3& <logCurvelnfo uid="TEST-Well-559">
0801 TEST-Well -559 <mnemonic>DEPTMEAS</mnemonic>
080816001.77 <unit>ft</unit>
08150.138 <mnemAlias>md</mnemAlias>
082320.73 <minindex uom="ft">16001.77</minIndex>

1} <maxIndex uom="ft">16003.77</maxIndex>
<columnindex>2</columnindex>

& <curveDescription>Total Depth</curveDescription>
0801 TEST-Well -559 <typelLogData>double</typelLogData>
080816002.77 <mnemonic>MR1</mnemonic>

08150.152 <unit>OHMM</unit>

082326.52 <mnemAlias>MR 1</mnemAlias>

I <minindex uom="OHMM">0.138</minIndex>
<maxIndex uom="OHMM">0.165</maxIndex>

3& <columnindex>2</columnindex>

0801 TEST-Well -559 <curveDescription>Resis 1 reading </curveDescription>
080816003.77 <typelLogData>double</typelLogData>

08150.165 <mnemonic>MG1</mnemonic>

082330.12 <unit>APl</unit>

] <mnemAlias>MG1</mnemAlias>
<minindex uom="AP|">20.73</minIndex>
<maxIndex uom="API">30.12</maxIndex>
<columnindex>3</columnindex>
<curveDescription>Gamma Ray 1 reading </curveDescription=>
<typelLogData>double</typeLogData>

<NogCurvelnfo>

<data>16001.77, 0.138, 20.73</data>
<data>16002.77, 0.152, 26.52</data>
<data>16003.77, 0.165, 30.12</data>

FIGURE A.2: Sensor data represented using WITS and WITSML [93]

server, at WTSIML server the data is stored locally and it will be ready to be sent when

any request from other parties is received.

The WITSML server follows the APIs of WITSML standards. The WITSML server
can follow one of two data exchange paradigms: Subscribe/Publish through Publish
Interface or Request/Response through Store Interface [40]. Using Subscribe/Publish
paradigm, the WITSML server receives subscriptions of data objects that the clients
are interested in. Once the data on subscribed objects is available, the WITSML server
publishes the data back to the client. The other Request/Response paradigm is that the
client sends a data query or request to the server and then the server will directly send

the response with data back to the client.

Figure A.3 shows the architecture of WITSML Bridge which is software component
responsible of fetching sensor data from rig site. WITSML Bridge is used to query
WITSML server for the sensors data available at the server and then it stores the data

locally at office site or publishes the data to other interested parties.
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l&b:
Drilling Rig - .

WITSML Subscribe
Sensor Readings / \
h 4 e
Mudlogging e WIT; tasl ;
Sysiim ensor Data X %
WITSML Bridge Broker
WITSML Server A

WITSML Publish

Fi1GURE A.3: Distributed Data Acquisition using WITSML Bridge with Publish/Sub-
scribe Model

The WITSML server plays the role of middleware between the measurements systems
(mudlogging systems) of service companies and other parties. The big advantage here
is that the sensor data or any wellsite information will be available to any interested
party once this data is available at the server, and this helps in all the applications that
require the data to be available at real-time. Furthermore, if the communication link
between rig site and office site is down for any reason, the data then can be requested

later once the communications link is up again.

Figure A.4 demonstrates an example on WITSML Request/Subscription that should be
sent by WITSML client and WITSML Response/Publication that should be sent from
WITSML server back to the client with sensors data. The clients or the third-party
clients have the responsibility to read the sensors data from WITSML response. Extra
meta information required by the clients must be sent with the query to the server, for
example: if the clients needs to get the unit of measurement for each sensor data, it
should send with the query the XML tag of unit of measurements < uom/ >, the same
can be applied on whatever required information, for more information on WITSML

Standards please review [41].

A.5 WITSML Bridge Internal Design

Figure A.5 represents the internal design of WITSML bridge. The sequence of actions
are executed in order to register a subscription at WITSML server for sensors data and

receive the responses as publications from WITSML server.

The WITSML Bridge starts with establishing a connection to WITSML server, if the

connection is successfully established then a subscription with list of sensors will be sent
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<log uidWell="W-12" uidWellbore="B-01" uid="L001">
<logHeader>

<endIndex></endIndex>
<indexCurve></indexCurve>

<logCurvelnfo=
<mnemonic> </mnemonic>

<startInde: startindex>

<g (></endIndex>

C “ecolumnindex>
</logCurv

<columnindex>2</columnindex>
</logCurvelnfo>

<mnemonic>ECD</mnemonic>
=<columnIndex>3</columnindex>
</logCurvelnfo=>
</logHeader>

<data=>4040, 30.30, 85.68.
<data>4050, 37.11, 93.74, </data>
=data=4060, 9.85, 95. 1.33</data>
<data>4070, 32.44, 89.19, l.31</data>
=<data=>4080, 29.03, -99999, 1.32</data>
<data>4090, 13.09, -99999, | .34</data>
=data=5000, 22.59, 1.36</data>

</logHeader> </data=
<logData>
<data></data>

</logData>

<flo g>

</log=

WITSML Subscription/Request for Sensor Data WITSML Publication/Response with Sensor Data

FIGURE A.4: WITSML Subscription/Request and Publication/Response

to the WITSML server, the server then will receive the request and and process it in
order to prepare the results of request and send them back to WITSML bridge once
the sensors data is available at the server from measurements system (see figure A.3 for
more information). Once the WITSML bridge receives the response with sensors data
from WITSML server, it parses the response and validates it, then the sensors data will
be stored locally or forwarded to other interested parties or components (see chapter 10

for more information on how the sensors data will be processed by other components).

A.6 Experimental Results - Live Rig Data Sets

WITSML Bridge is built in order to acquire sensors data from rig sites using WITSML
protocol. Five test rigs with different WITSML servers were used to test the suggested
WITSML Bridge. The rigs were distributed over different parts of the world (two rigs
in Norway, two rigs in North Sea, and one rig in India). The rigs have different types:
three drilling platforms, one drilling Jackup, and one drilling ship. For each rig, sensors
data during drilling one well is fetched, the total size of sensor data is around 200 days of
drilling, the sensor data of hookload, torque, rpm, flowin, mdbit, mdhole, block position

and pumps pressure were imported.
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WITSML Bridge Broker - Sequence Flow

WITSML Subscription/Publication

WITSML Server Side

Connection Handling
Recieve Request

Prepare Response

Send WITSML
Response to Client

Actions Sequence Flow - Time

Connect()

Connectiong Handling

Connect To WITSML
Server

Subscribe(DataQuery)

—— Publish(SensorData)=— ———

Handling

Send Subscription
Request to WITSML
Server

A

Receive Sensors Data |

Data Handling

from WITSML Server

—
Parsing and Validating
Sensor Data

H

Publish Received Data
To other interested
parties

H

Store Data in sensors
database

]

Ficure A.5: WITSML Bridge Broker - Sequence Flow

Data set of Rig3-Well3 took around 3 months to be imported. Figure A.6 shows a

summary on the five experiments, the type of each rig, frequency of data and length of

sensor data.

Rig Type Location Sensor Data Data Length
Frequency
Rig 1 Well 1 Drilling Norway 1 second 12.14 days of
Platform - 1Hz drilling
Rig 2 Well 2 Drilling Norway 5 second 26 days of drilling
Platform 0.2 Hz
Rig 3 Well 3 Drilling North Sea 10 second 96 days of drilling
g
Jackup 0.1 Hz
Rig 4 Well 4 Drilling Ship India 10 second 40 days of drilling
0.1 Hz
Rig 5 Well 5 Drilling North Sea 10 second 25 days of drilling
Platform 0.1 Hz

FIGURE A.6: Test Data Sets.
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Figure A.7 displays one month sketch of sensors data from Jackup rig at North Sea

Rig3 — Well3.
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FIGURE A.7: Sensors data imported from rig for complete drilled well using WITSML

Bridge.

In order to test the performance of WITSML Bridge, the calculation of completeness for

each data set is done. The calculations based on ratio of the number of expected data

points to the number of received data points.

The results summarized in figure A.8.

WITSML Bridge shows high degree of trust to fetch the data from rig site with mini-

mum completeness around 92.5% and maximum ration of 99.5%, the total completeness

ratio is 97.78%. The main reason of high completeness ratio of WITSML Bridge is that

the communication link between rig site and office is a reliable link and the protocol

of TCP/IP which is used as under laying protocol for communication is a reliable pro-

tocol as well. The missing data is due to problems in measurements systems of sensor

malfunction at rig site.

1,013,564

Rigl |Well1 1 12.14 1,048,896 96.63%
Rig2 |Well 2 5 26 449,280 445,687 99.20%
Rig3 |Well 3 10 96 829,440 824,638 99.42%
Rig4 |Well 4 10 40 345,600 341,267 98.75%
Rig5 |Well 5 10 25 216,000 199,823 92.51%
Total 199.14 2,889,216 2,824,979 97.78%

F1GURE A.8: Completeness ratios of fetched sensors data set from test rigs.
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A.7 Summary

In this appendix, distributed data acquisition service called WITSML Bridge is devel-
oped in order to fetch the data from rig site. WITSML Bridge is designed to run with
WITSML protocol in data formatting and web-enabled service in data communication.
WITSML Server behaviour is studied and a special WTIML query language was used
to query WITSML server for sensor data.

Five experiments were performed to fetch sensors data from five different rigs distributed
over remote locations in the world. The WITSML Bridge shows high degree of com-
pleteness in fetching sensor data from rig sites, the performance of the bridge can be
improved by tracking the gaps in fetched data set and requests back later from the

server, this is in case that the reason of the gap is a failure in communication link.
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