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1. Introduction G taKnrs

» Significance of deep exploration

m \Way to obtain underground resources
m Important for mineral exploration or geothermal exploitation

m In China, over 40% of oil and 60% of natural gas resources are buried deep

» High safety risk in deep drilling process

m Risk of downhole faults increases with the drilling depth
~High temperature, high pressure, high steep structure stratum

»Alternations of hard and soft strata

m Challenges in deep drilling processes
»Incomplete data makes it difficult to accurately obtain the downhole condition

»High porosity, swelling and other factors increase the risk of downhole incidents MANcos

SHALE
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1. Introduction

» Drilling accidents led to disastrous results

m The Deepwater Horizon oil spill
v 11 people killed, 17 people injured

m Blowout in Kai County, Chongging, China
~ Over 200 deaths in the hydrogen sulfide blowout

- _ » Economic losses of more than 64 million yuan
v 4 million barrels of oil flowed from the damaged well

v Tremendous damage to the ecology, economy, and society

Process monitoring and fault detection are significant to ensure drilling safety and
reduce maintenance costs
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» Atypical geological drilling process

 m Key variables to monitor:
v Axial direction: Weight on bit (WOB), Hook load (HKL)

v Torsional direction: Torque (TRQ), rotary per minute (RPM)
v Circulation system: mud flow in/out (MFI, MFO), mud pit volume (MPV), SPP
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» Mechanism model-based methods

m Hydraulic or kinematic model described by differential equations

m Single-phase hydraulic model
v A downhole fault detection method was proposed based on adaptive observers and single-phase hydraulic

model [Willersrud et al., CEP, 2015. Willersrud et al., IFAC Proceedings, 2013.]

m Multiphase flow model
v A fault classification method was developed based on a pressure-temperature coupling model of drilling fluid

system, where the UKF was used to estimate the pressure loss and loss rate[Jiang et al., JPSE, 2020.]

m Differential equation model of drill string
v Considering that the motion characteristics of drillstring were related to downhole faults, differential equation
models describing the stick-slip fault were established [Kamel et al., JSB, 2014 ]

Establishing high precision mechanism models is rather tricky in geological drilling processes
due to the limited measurable variables
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» Data-driven methods

m Learning the underlying structure of the drilling process from historical data without the first principle model

m Downhole fault classification and diagnosis

v Transform the fault diagnosis into a binary or multi-classification problem, supervised learning approaches
were adopted to diagnose downhole faults based on SVM and NN [Zhang et al., JPC, 2021. Li et al., PESP, 2020]

m Distance-based fault detection

v Analyze drilling time series based on distance metrics, such as the morphological distance, local distance,
and dynamic time warping [Zhao et al., INASE, 2019,. Zhang et al., JPC, 2021. ]

m Distribution-based approaches

v The generalized Gaussian distribution was used to describe the drilling data, enabling a detection decision by
comparing the KL divergence from the distribution of normal data to that of online data[Li et al., CEP, 2021.]

Some normal drilling operations may also lead to false alarms, and how to eliminate these
alarms is rarely considered
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> Limitations

o LF . . . . :
m The drilling operation is not always in a stationary phase = °-3JL — ﬂ B

. ) . 0 1000 2000 3000 4000 5000
due to the changes in formation and shifts between Time(s)
1 . .
. . =
operating conditions :20-31 | | o A _
0 1000 2000 3000 4000 5000
. Time(s)
m Non-stationary phases are prone to cause false alarms S MWWM
_ 202
and deteriorate alarm system performance T T T e e on
Time(s)
. . . . .
- - o .l
m Existing methods assume that the templates of all ~ £°°H}— |t
drilling modes are known and well-prepared S
. , . . . _
§O.S-ﬂ|“ kl HI podd oy 1
0O 1000 2OI00 30I00 40I00 5000
Time(s)



IFAC World Congress - 22nd WC 2023™ Yokohama, JAPAN

1. Introduction

» Motivations

m Non-stationary phases are prone to cause false alarms and deteriorate alarm system performance

m Lack of abnormal data and presence of multiple operating states

» Main contributions

m A non-stationary phase detection method is proposed to extract drilling frequent event patterns

m An event sequence generation method is proposed to express drilling frequent event patterns with
a group of symbols
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3. The Proposed Method

» Dominant feature extraction based on t-SNE
m Drilling process is a typical multivariate process (WOB, TRQ, RPM, AC, and SPP)

m A dominant feature needs to be extracted

m Transform the high-dimensional data into a low-dimensional space using similarity probabilities

exp(—||z; — 2| /20%) Original dataset X = {x;, X, ..., X\,}

Pjli = . 2’
2 XP(— i — 2| /207) Low-dimensional dataset Y = {y,, V,, ..., ¥}

m Minimize the difference between pj|l and qj|i

Pij ) -
b= ZKL(Pz'”Qi) = Z Zpu log q_zj o, Y (pis = aii) i — ) (1 v — ui 1) -
i i J J

the distribution P.given all datapoint xito the distribution Q.given all datapoint y;

Low-dimensional signal Y is obtained and prepared for extracting the non-stationary phase

11
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» Non-stationary phase detection using change point detection
m As non-stationary phases caused by set-point adjustments, mode switching, formation
changes, usually result in dynamic changes in the time series

m Change point detection method — extract non-stationary phases in historical data

m The PE divergence PE( P || P, ) between P(y) and P,(y) is given as

PECPIR) = 5 [ P0) (5055 - 1)2 i

P(y) - distribution of Y, P,(y) - distribution of a stable reference signal.

m Estimate the density ratio P(A)/P(B) based on Least-Squares Importance Fitting algorithm
PEa(PHP?") - PE(PHQ‘&)

1 Pw) N g
= 2/Pr(y) (ga(y) 1) Ga(y)dy,
Ja(y) = aP(y) + (1 — a)P(y) a €(0, 1).
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» Non-stationary phase detection using change point detection
P(y)

m o-relative density ratio is given by . (y) = )
Galy

m r (y) Is estimated based on the sum of kernel models as

= wil?

faly) = h(y) = D2 0klyrp), Kl =exn (1150
1=1

: 1 : A ")
PEL(PP) ==— 3 (2h(y;) — ah(y;)?) - > LYz - L
2m = i=1 2

m Determine the threshold by historical data using cumulative distribution as
PE;,

P(s < PE},) = / T(s)ds = 8.
0

m The change point is extracted using the following hypothesis testing

PE; < PE;, : y(k) is not a change point,
PE’ > PE}, : y(k) is a change point.

13
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> Event sequence generation

‘‘‘‘‘
- N

m Drilling signals are transformed into event sequences to 2
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» Change point detection result

m The industrial data from a real drilling project located in Shandong province, China, is provided
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4. Industrial case study

» Non-stationary phases extraction

m Assessing whether the PE divergence violates the red
dashed line representing the threshold

m Expressed by a group of Event Sequences

m The symbol 'a' denotes high, 'b" indicates normal, 'c'
represents low, and 'nul’ correspond to stationary phases
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» Event Sequence Generation

m Frequent event patterns correspond to non-stationary intervals S 'z 1 | e
include [168, 198], [1380, 1410], [2050, 2080] Tt e e
m The first and third non-stationary phases share identical SrE e
sequences, and thus are grouped into the same pattern "o o0 2000 (a;o'oo w000 5000
2 o ]
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Time series plots of the generated event sequences

Part of frequent event patterns extracted from historical data for drilling signals

Frequent event patterns corresponding to false alarms can be obtained, which provides a path
to improve the safety monitoring performance by reducing false alarms
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5. Conclusion

» Summary

m An original framework is proposed for extracting frequent event patterns
m The non-stationary phase is identified from the dominant feature detection

m Frequent patterns associated with the non-stationary phase are determined and
transformed into event sequences

» Future work
m Discover the fault-sensitive feature based on the extracted frequent patterns
m Design a similarity analysis index for frequent patterns to design process monitoring systems

20
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Thank you!
Questions?

Dr. Yupeng Li

School of Automation, China University of Geosciences,
Wuhan 430074, China

Email: yupengli@cug.edu.cn
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