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Abstract

The use of machine learning models for optimization and improved decision-making has a great po-
tential in the drilling industry. This thesis demonstrates a model for predicting fuel consumption on
the Mobile Offshore Drilling Unit (MODU) Deepsea Atlantic, which is a semi-submersible drilling
rig currently operating on the Fram field in the North Sea. A Multi-layer Perceptron (MLP) artifi-
cial neural network is proposed as a tool for setting fuel consumption related performance goals for
offshore personnel on the MODU. A dashboard layout for presenting fuel related performance goals
to offshore personnel based on the predictive model is also proposed in this thesis. This method for
presenting performance goals is inspired by Equinor’s ”Perfect well” and Shell’s ’Drilling the Limit”
performance philosophies. Implementing performance goals for offshore personnel has the potential
to develop a pursuit of operational excellence through a collaborative and competitive mindset, and as

a result lead to a significant improvement in fuel efficiency.

Operational modes, environmental and positional data have been used as input variables for the MLP
model with a data set split into an 80 % training set and a 20 % test set for performance validation. The
best results came with three hidden layers in the neural network architecture with 38 neurons in each
hidden layer. The Adam solver performs better than the Stochastic Gradient Descent (SGD) solver
for weight optimization, and the best o parameter for the L2 regularization term is 0.0001 with the
Adam solver. The MLP regression model predicts the fuel consumption for the test set with a Root
Mean Square Error (RMSE) of 0.0770. Results indicate that an artificial neural network and the MLLP

regressor is a suitable algorithm for predictive modelling of fuel consumption on a MODU.
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1. Introduction

1.1 Background and previous research

A floating semi-submersible drilling rig, or Mobile Offshore Drilling Unit (MODU), is powered by a
diesel-electric power plant. The power demand varies with different operational activities and envi-
ronmental conditions on the MODU. Studying the impact of these variations on the fuel consumption
could be one of the methods to improve energy management on a MODU. Improved energy man-
agement results in reduced in fuel expenditures and CO, emissions [1]. In this context, setting per-
formance goals related to fuel consumption based on short-time predictions provides an approach for

improving energy management on a MODU.

A machine learning approach has previously been used to predict fuel consumption in commercial
buildings in different climate zones in a paper by A. Rahman and A. Smith [2]. This model used
weather variables and schedule variables as input features, and the paper concluded that neural net-
work and Gaussian Process (GP) regression performed better than multivariate regression and ridge
regression for this case. An artificial neural network model with back-propagation was developed by
N. Togun and S. Baysec to predict the specific fuel consumption of a gasoline engine [3]. A success-
ful model constructed with a 3-13-1 neural network architecture was developed, and this resulted in a
correlation coefficient of 0.98331 for the test set. S. Wang et al. researched the use of LASSO regres-
sion for predicting fuel consumption on a ship under different sea-states and weather conditions [4].

Hence, it should be possible to use a similar approach for predicting fuel consumption on a MODU.

The wide range of machine learning applications is enabled by the extensive research on the topic [,
as well as access to large amounts of operational data and the availability of affordable computers with
high processing capabilities. Predictive modelling has many applications in the drilling industry. C.
Hegde and K. Gray [6] found that a machine learning approach for optimization of drilling parameters
by modelling the Rate of Penetration (ROP), the Torque on Bit (TOB) and the Mechanical Specific
Energy (MSE) resulted in a 20% increase in ROP and decrease in MSE and TOB by 15% and 7%, re-
spectively. Other studies have been performed on the prediction of fracture gradients [7], bubble-point

pressure and formation-volume factor [8] and classifying rock type at a drilling bit [9]. Hence, the
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use of machine learning as a tool for optimization and improved decision-making has already proven
great potential in the drilling industry. Machine learning technologies such as predictive modelling,
classification and anomaly detection is therefore thought to be an essential part of the digitization of

the drilling industry.

An artificial neural network model is selected for the machine learning algorithm for this paper. The
artificial neural network is built as a system of interconnected processing units that mimic the biolog-
ical neurons in the human brain [10]. According to R. B Gharbi and G. A. Mansoori, artificial neural
networks are one of the three main technologies within Artificial Intelligence (Al) in the oil and gas
industry together with fuzzy logic and expert systems [S)]. For instance, a fuzzy expert system based
approach was used for functionality failure risk analysis assessments for subsea pipeline systems [11]].
Taking part in these developments within Al will be a necessity for offshore operators in order to
stay competitive in the future, especially with the current global focus on digitization in the industry
[12]. Smart use of data is in fact one of the top priorities in the oil and gas sector today, according to

DNV-GL [12].

1.2 Industrial challenge

Drilling rigs consume large quantities of fuel (i.e. diesel) to generate electrical power used by var-
ious consumers on the rig. It is important to analyze the variations of fuel consumption in order to
understand the impacts of operational and environmental conditions on the MODU. Excessive fuel
consumption has large economic and environmental impacts. Hence, to address the aforementioned
is a significant challenge and a necessity for companies such as Odfjell Drilling. Although renewable
energy sources and alternative sources such as hydrogen may be the solution to reduce emissions in
the long term, the focus for this thesis is to utilize existing technology to improve fuel efficiency in the
short term. A fishbone diagram of the cause and effects related to poor fuel efficiency is illustrated in
Figure The figure indicates how rules/policies/procedures, technology, leadership and personnel
contributes to the problem of poor fuel efficiency on a MODU. Rules related to emergency prepared-
ness dictate how many diesel generators must run simultaneously in case of an event such as drift-off,
loss of a generator or a well control incident. This causes the diesel engines to run at unfavorable load

factor where the fuel efficiency is low. Contributing factors could also be insufficient monitoring of
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Rules/policies/ procedures Technology

Insufficient monitoring of fuel

Requirements for emergency consumption

eparedness - ..
L No model for determining Problem:

No internal benchmarking

between rigs Personnel is not in a

L . collaborative/competitive mindset
No economic incentive

(depending on type of contract) No performance goals

Leadership Personnel

Figure 1.1: Fishbone diagram of the causes and effects related to fuel consumption on a MODU

fuel consumption and lack of tools to evaluate performance.

Currently, as the personnel do not receive performance goals, the fuel efficiency has not been taken
into consideration as a priority in an average working day. Financial incentives for reducing fuel
consumption is another contributing factor. However, this is highly dependent on the type of contract,
i.e. if the fuel expenditures are paid by the client (or the company) hiring the drilling rig. Moreover,
internal benchmarking is another tool that has a potential for setting performance goals. Nevertheless,

to date, no methods to prevent excessive fuel consumption have been taken into consideration.

1.3 Performance philosophies

One of the key objectives of predictive modelling is that it provides the ability to take actions based
on forecasts. This makes predictive modelling especially relevant for various industrial applications.
However, a common challenge regarding fuel management on a MODU is lack of tools to determine
whether the fuel consumption is excessive or not. Equinor’s “perfect well” approach for making
time estimates for drilling and well operations is an example of successful implementation of such a
performance tool, or philosophy [13}14]. The perfect well time is described as “the minimum time
in which a well could possibly be drilled” [14] and is calculated from historical data on similar wells.
This historical data provides the shortest time recorded for each sub-operation, and adding each sub-
operation together gives the time estimate for the “perfect well” [13]]. This is a method for setting
goals for the offshore personnel with focus on continuous improvement. The “perfect well” approach
contributed to reducing the drilling time for onshore wells in the US from over 50 days to less than 10

days, proving that setting the offshore personnel in a collaborative and competitive mindset is useful




for the efficiency in drilling operations [14]].

Another performance philosophy in the drilling industry is ”Drilling the Limit”, which is a Shell
trademark [[15]. This philosophy measures performance against a theoretical perfect limit, which
develops a pursuit of operational excellence. Case studies with the implementation of “Drilling the
Limit” results in an enthusiastic team spirit and change in culture, significant increase in performance
and improved well delivery [15]. The rig personnel reported that they enjoyed the thrill of success and

the peer competition between rigs [14].

1.4 Odjfjell Drilling and Deepsea Atlantic

Odfjell Drilling is an international drilling, well service and engineering company which was founded
in 1974. The company which owns and operates a fleet of semi-submersible drilling rigs and drill
ships, and has extensive experience with operating and manning fixed and mobile installations [16].
The drilling rig Deepsea Atlantic (DSA) has been part of the Odfjell Drilling fleet since 2009 [16]. It is
a harsh environment semi-submersible drilling unit (illustrated in Figure 2(a)) designed for operating
in water depths up to 3000 m. For station keeping during drilling, the rig uses an anchoring system

and/or a dynamic positioning (DP) system. The anchoring system facilitates mooring in 70-500 m

(a) Deepwater semi-submersible drilling rig (b) Location of the Fram field 20 km from the Troll
Deepsea Atlantic field

Figure 1.2: Illustration and location of Deepsea Atlantic




depth. DSA also has a dual derrick to facilitate simultaneous operations [17]. DSA is currently on a
contract for Equinor Energy [18], drilling three multilateral wells in the Fram field in the North Sea

starting from January 2019 [19].

1.5 Problem statement

The topic of this thesis was suggested by the external supervisor from Odfjell Drilling since fuel effi-
ciency is of great interest to the company for both economic and environmental purposes. Combining
the topic of fuel consumption with machine learning is especially interesting due to extensive devel-
opments within Al and machine learning in the recent years and the overall focus on digitization in the
drilling industry. The objective of this thesis is to investigate the current status of fuel consumption on
the semi-submersible drilling rig DSA, and to use a machine learning approach to predict short-term
fuel consumption on the MODU. Predictions are based on operational, positional and environmen-
tal factors’ variations (i.e. input to the machine learning model). The developed machine learning
model is proposed as a tool for improved decision-making and for setting fuel consumption related

performance goals for offshore personnel on the MODU.

1.6 Outline

The thesis is structured as follows. Chapter [2| contains a brief overview of the different types of ma-
chine learning algorithms. This chapter also contains guidelines regarding how to choose the right
model for specific machine learning problems. In Chapter [3] the methodology of the thesis is ex-
plained. This includes both literature review for relevant theory and previous research as well as the
methods for data analytics that are used for developing the machine learning algorithm. Methodology
regarding case study research is also included in this chapter. Results from fuel and power consump-
tion analysis and the machine learning model are presented in Chapter {] and discussed in Chapter
Bl The use of predictive modelling to set fuel related performance goals is also presented in these
chapters. Lastly, the conclusions and recommendations for further research on the topic of predictive
modelling of fuel consumption are given in Chapter [0] The appendix contains relevant documents,

such as Python scripts, schematics and technical specification sheets to support the thesis.







2. Theory

This chapter explains the basic theory behind machine learning and the most common types of ma-
chine learning models. The basic principles of time series forecasting will also be explained, as well

as the most common methods for measuring performance of forecasts.

2.1 Machine learning models

There are many definitions of machine learning, and one is proposed by Tom Mitchell by explaining
the well-posed learning problem [20]. A computer program is said to learn from experience E with
respect to some task T and some performance measure P, if its performance on T, as measured by
P, improves with experience E. Machine learning algorithms are commonly divided into supervised
learning and unsupervised learning depending on the type of problem and data set [21]. Supervised
learning algorithms learn from pairs of inputs and outputs. The algorithm is then able to make predic-
tions for outputs corresponding to inputs the model has not seen before. Unsupervised learning, on the
other hand, only knows the inputs of the problem and must extract knowledge from this data without

knowing any previous outputs.

Machine learning models are often categorized as classification, regression or clustering problems
[21]. Classification problems are characterized as problems with categorical solutions, such as the
binary “True” or "False”, ”1” or ”0” or non-binary discrete solutions such as the classification of an-
imals within a certain number of species. There is a discrete-valued output, meaning that the output
y can only take on a small number of discrete values. A regression problem is where a continuous
output value is predicted from a number of features, or input variables. This means that classification
and regression problems are easily distinguished by evaluating whether there is continuity in the out-
put. Regression and classification are supervised learning problems where a data set is given and it
is known what the correct output should look like for the training data. This also means that there is
feedback to the model based on the prediction results. Problems where data needs to be organized to
find specific patterns are clustering problems. Clustering is an unsupervised learning problem, where
the model learns by itself to find structure in data without necessarily knowing the correct output.

In conclusion, the supervised learning models are predictive and unsupervised models are explana-
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tory [22]. Another category of unsupervised learning is dimensionality reduction which finds new
ways to represent the essentials of many features into fewer features [21]. The various supervised and
unsupervised machine learning models and their applications are further described in the following

section.

2.1.1 Overview of supervised learning algorithms

The goal of a supervised learning problem is to learn a function h: X — y where X is the input
feature and y is the estimated output value. The hypothesis h(x) shall be a good predictor of the target
variable (see Figure[2.1). Choosing how to represent the hypothesis is an important part of developing
a supervised learning algorithm, and this is illustrated in Figure [23]. Depending on the type of
problem and number of input features, the hypothesis may be represented as a linear function or a
polynomial function with multiple degrees. It is important to avoid using a suitable hypothesis to
prevent overfitting (too complex model) or underfitting (too simple model) which could result in poor

performance on the validation data [23]].

As previously mentioned, supervised learning algorithms are used for either regression or classifica-
tion problems depending on whether the desired output is continuous or finite. Table [2.1] presents the
the most common supervised learning algorithms and an overview of which inputs and outputs these
models can work with. The contents of this table is based on descriptions by A. C. Miiller and S. Guido
[21]. In addition to those methods mentioned in the table below, there are also ensembles of machine
learning models where different models are combined to take advantage of the strengths of each model

[21]. Random forests and gradient boosted regression trees are examples of such ensembles.

[ Training set ]

v

[ Learning algorithm ]

Input Estimated
features output

Figure 2.1: The role of hypothesis, h, in a learning algorithm




f®)
A

(a)

(b) (c)

(d)

Figure 2.2: Finding the best hypothesis for two different data sets: (a) A good fit with linear hypothesis. (b)

Overfitting with a 7 degree polynomial. (c) Good fit with 6 degree polynomial and underfitting with linear

hypothesis. (d) A good sinusoidal fit.

Table 2.1: Description of supervised learning algorithms

Model Category Description Input Output
Linear . Makes predictions with a linear One or multiple )
Regression Continuous
regression function of input variables features
) ) Continuous
o ) Learning process by comparing output ) )
Artificial Regression or One or multiple  (regression)

neural networks

k-Nearest

neighbor

Decision tree

Support vector
regression [24]
Logistic
regression
Linear support

vector machine

classification

Regression or

classification

Regression or

classification

Regression

Classification

Classification

values to desired values, improved

performance over time

Predictions using one or multiple
nearest neighbors close to the new

input in the data set

Regression model is fitted to the target
variable using each of the independent
variables. Classification by a hierarchy

of logical if-then conditions

Data correlation through linear
mapping

Decision boundaries

found by linear models
Decision boundaries

found by linear models

features

One or multiple

features

One or multiple

features

One or multiple
features
One or multiple
features
One or multiple

features

or discrete
(classification)
Continuous
(regression) or
discrete binary/
multiclass
(classification)
Continuous
(regression)

or discrete binary/
multiclass

(classification)

Continuous

Discrete binary

or multiclass

Discrete binary




Table 2.1 continued from previous page

Model Category Description Input Output
One-vs.-rest ) ) Extends binary classification models One or multiple ) )
Classification Discrete multiclass
approach to multiclass output features
) ) ) o ) One or multiple Discrete binary
Naive Bayes Classification  Probabilistic classifier
features or multiclass
Kernelized support . . . . One or multiple  Discrete binary
Classification ~ Non-linear decision boundary
vector machines features or multiclass

Each of the methods described in the table above have their strengths and weaknesses. For instance,
decision trees have severe limitations in making predictions outside the range of the training data
(i.e. extrapolating data) [21]. Nearest neighbors is a good approach for small data sets, whereas
linear models and neural networks perform well with large data sets. Supervised learning algorithms
often have limitations regarding dimensionality of the data, meaning the number of input features in
the data set. Dimensionality should therefore be evaluated when selecting an appropriate supervised
learning method for a particular problem. For instance, the k-Nearest neighbor algorithm performs
poorly when there are more than a few hundred input features in the data set. Linear models have the
ability to handle a large number of input features, and the linear classification models such as logistic
regression and linear support vector machine (SVM) have restrictions in low-dimensional spaces. This
is because the linear models can only separate points by a straight line. The same issue is present for

linear regression methods.

In addition to the dimensionality of the data set, there could also be issues related to the contents
of the input features. The term “sparse data set” is used when most input features are 0. Sparse
data causes issues for the k-Nearest neighbor algorithm, however, this causes no problem for linear
models. Similarly to linear models, the Naive Bayes algorithm is preferred when handling data sets in
high-dimensional spaces and could even be faster to train than linear models. Gaussian Naive Bayes
is a variant of Naive Bayes that is often preferred for high dimensional data, whereas the variants
multinomial and Bernoulli Naive Bayes are typically used with sparse data sets. Tree-based models
are preferred with low-dimensional non-sparse data. The Kernelized SVM is an algorithm where
flexibility is increased by adding non-linear features to the linear models for classification. This means

that the Kernelized SVMs perform better than linear models in low-dimensional spaces.
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2.1.2  Overview of unsupervised learning algorithms

Unsupervised learning algorithms differ from supervised algorithms because they have no known
outputs [21]]. This family of machine learning algorithms is often applied to clustering problems,
meaning that different parts of a data set is grouped into clusters of similar data points. Unsupervised
learning is also used for transformation of a data set where the algorithm presents the data in a way that
is more easily understood. This is for instance dimensionality reduction where the number of features
in a data set is reduced to only those features that best describe the problem. Various unsupervised

learning algorithms are presented in Table [2.2]

Table 2.2: Description of unsupervised learning algorithms

Model Category Description Input Output
Finds cluster centers and
k-Means . Input data Cluster
Clustering assigns points to these
clustering with features membership
centers by feature similarity
) Identifies dense regions Input data Cluster
DBSCAN Clustering
as clusters with features membership
Agglomerative ) Iteratively joining the two Input data Cluster
Clustering
clustering closest clusters with features membership
Principal Dimensionality reduction Transformed data
. Input data
Component Transformation by dropping certain with reduced
with features
Analysis principal components dimension

2.1.3 Selecting the right machine learning model

The Scikit-learn documentation provides a map of the different estimators that can be used for super-
vised and unsupervised learning [25]. This flowchart gives a guidance of which estimator, or machine
learning model, could be used depending on the type of problem and data set. Figure [2.3]is the com-
plete flowchart from the Scikit-learn documentation. This flowchart does not provide a definite answer
to which machine learning model that will give the best results for the learning problem. However, it

gives an indication to which estimators to try on the data set.
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Figure 2.3: Machine learning map

2.2 Artificial neural networks and the multi-layer perceptron

2.2.1 Architecture of artificial neural networks

A neural network is built as a system of interconnected processing units which mimic the biological
neurons in the human brain [26]. The processing units are called neurons, or nodes, and are built into
the model in input, output and hidden layers. An input layer communicates with the external environ-
ment [27]], meaning that this layer receives the input variables imported into the model. Similarly, the
output layer communicates the pattern learned by the model into the external environment. Between
the input layer and the output layer is one or multiple hidden layers. Each neuron the in the hidden
layers receives an input and determines an appropriate output value based on an activation function. A
widely used type of ANN is the feed forward neural network. A feed forward neural network consists

of an input layer, one or multiple hidden layers and an output layer [26], as illustrated in Figure 2.4

Selecting a suitable number of hidden layers and the number of neurons in each hidden layer is im-

portant when building the neural network architecture. These are in fact the most important features
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Input layer

Hidden
layer

> Output

Figure 2.4: Feed forward neural network

of the model. A good starting point is to use one or two hidden layers. The number of neurons in
each hidden layer could often be the same as the number of input features [21]], or around 2/3 of the
size of the input layer [27]]. Underfitting could occur if the number of hidden layers and neurons is
too low for a complex problem. Too many neurons or hidden layers, on the other hand, could result in

overfitting the problem [27]).

2.2.2  Multi-layer perceptron

The Multi-Layer Perceptron (MLP) model is a type of feed forward artificial neural network used for
both classification and regression probems [21]]. It can be seen as an extension of linear regression,
and is useful when predicting target values from one or multiple input features. The algorithm learns
a function from a set of features X = X1, X, ..., Xy and a target y [28]]. The MLP model contains
an input layer, an output layer and one or more hidden layers in between. Neurons are connected by
coefficients, also referred to as weights. There are weights between each input and hidden unit, and
between each hidden unit and the output. Learning is achieved by computing a series of weighted
sums and run the result through an activation function, which will be explained in the next section.
Figure [2.5]is an example of an MLP with four features in the input layer, three neurons in the hidden
layer and a single output. The connection weights between the input x and the hidden layer h are
denoted as w[0,0], w[0,1] and so on. Similarly, v is the notation for the weights between the hidden

layer and the output [21]].
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Figure 2.5: Neural network with connection weights

2.2.3 Activation function

An activation function is applied to the weighted sum for each of the hidden units. Sigmoid, tanh and

Rectified Linear Unit (ReLU) are three common activation functions for ANNSs [21]. These are non-

linear functions, and can be seen in Figure [2.6][22]. Expressed mathematically, the sigmoid function

returns f(x)=1/(1+exp(-x)). This functions gives an output between 0 and 1. The tanh function, also

known as tangens hyperbolicus, returns f(x)=tanh(x) and the output ranges from -1 to 1. The ReLU

function sets the output to 0 until the weighted average reaches zero. After this threshold, f(x) is a

linear function. The ReLU function is expressed mathematically as f(x) = max(0,x). Equations @

[2.2]and 2.3]illustrate how the ReL.U activation function is used to calculate h[0], h[1] and h[2] for the

MLP hidden neurons in Figure [2.5]
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Figure 2.6: Activation functions: Sigmoid (left), tanh (center) and ReL.U (right)
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h[0] = ReLU (w[0,0] - x[0] +w[1,0] - x[1] + w[2,0] - x[2] + w[3, 0] - x[3] + b[0]) (2.1)
h[1] = ReLU (w[0, 1] - x[0] + w[1, 1] - x[1] + w[2, 1] - x[2] + w[3, 1] - x[3] + b[1]) (2.2)

h[2] = ReLU (w[0,2] - x[0] + w[1,2] - x[1] + w[2,2] - x[2] + w[3,2] - x[3] + b[2]) (2.3)

where w is the weight, x is the value for the input feature and b is the intercept. The predicted output,

9, is then calculated by Equation 2.4}

$=v[0]-A[0] +v[1]- A[1]+v[2] - h[2] + b (2.4)

2.2.4 Learning and weight optimization

Connection weights are adjusted by comparing the expected output to the actual output from each
neuron. Error between expected and actual output is evaluated by a loss function. The MLP regressor

uses the Square Error loss function [28]], written as:

R L. (01
Loss(9,y,W) = 5|9 —y"+ S [W[* 2.5)
where ¥ is the predicted value, y is the actual value and W is the connection weight. & |W| 2 is an
L2-regularization term which is added to the loss function to prevent overfitting. This is done by
shrinking weights with large values. The regularization term contains an o value which is a parameter

that controls how large the penalty, or shrinking, should be for the regularization term [28].

Minimizing the loss function increases model accuracy, and this is done by optimizing weights be-
tween neurons. After the loss function in Equation [2.5]is calculated, backpropagation is used to pass
the updated weight back to the previous layers. The change in weights is determined from gradient de-

scent by calculation the partial derivative of the loss function to see how parameters should be changed
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to minimize the loss. The change in weights is calculated from the following equation:

wiHh —wi — eVLoss'w (2.6)

where i is the iteration step and € is the learning rate, which is the step size for gradient descent. In
this way, the weights are updated repeatedly until the algorithm has reached a set number of iterations,
or if the improvement in loss from one iteration to the next is below a set value. Weight optimization
is done by implementing a learning algorithm, and two of the recommended learning algorithms for
MLPs are Adam and SGD. These solvers determine how the model will learn the parameters of the
model [21]. Both solvers are stochastic optimizers. The Adam solver is developed by Jimmy Ba et
al., and is suitable for relatively large data sets [29]. Weight optimization by SGD supports adaptive
learning rates where the learning rate is reduced when the improvement in training loss is below a set

value [30].

2.3 Performance evaluation

There are numerous methods for measuring the performance of a predictive model. A common method
is the Mean Square Error (MSE), which is a measure of the average squared difference between real

values and the predicted values. MSE is calculated by the following equation [31]:

MSE ==Y (vi—3:)’ 2.7)

-

1
nzl

where n is the number of training sets. MSE close to zero will indicate good performance for the
forecasting model. Root Mean Square Error (RMSE) is another widely used method of evaluating
performance of a model. RMSE is the root of MSE, and is calculated from Equation [2.8] Lastly, the

Mean Absolute Error (MAE) is the root of the average difference between real and predicted values,

1 n
RMSE = /; Z(y,- — ;)2 (2.8)
i=1
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as described in Equation [2.9]




(2.9)

All these methods summarize the performance with disregard of whether the model prediction over-

shoots or under-shoots the actual value.

2.4 Time series forecasting

Time series analysis is an important part of machine learning, and is a useful tool for looking into
the future of a given data set. A time series is a data set with a time component, and all data is time-
dependent and observed sequentially over time [32]]. Forecasting is when past behavior is used to
predict an unseen future behavior [33]]. The term time series forecasting is used when a time series
of past observations of a variable is extrapolated into the future [34]. Only systematic components
like trend and seasonality of a time series are predictable [22]. Time series forecasting can be divided
into decomposition based methods, smoothing based methods, regression based methods and machine

learning methods [22].

There are many reasons why it is interesting to study time series of data. C. Chatfield [32] describes
the main objectives of time series forecasting as description, modelling, forecasting and control. De-
scription is to use statistics or graphical models such as time plots to understand the behavior of the
time series. Modelling utilizes statistical models to describe the behavior of the time series, and is
used for both univariate and multivariate time series. Univariate forecasting is where forecasts of a
single variable is only based on past observations of this variable. Multivariate forecasting predicts
future behavior of a time series based on one or more series, or predictors, that the predicted variable is
dependent on. Forecasting is to estimate, i.e. to predict, the future development of a time series. This
is the main objective for time series analysis this thesis. Forecasting is often performed in steady-state
conditions where the future trends are considered similar to the past trends. Another way of forecast-
ing is the “what if’-principle where variables of a multivariate model are changed to predict the effect
of a never-before seen scenario. The last objective is control, which is strongly linked to forecasting
of time series. Control means that is it possible to take actions based on a predicted forecast of a time

series, which makes time series analysis especially relevant for various industrial applications.
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3. Methodology

Literature review, case study research and data analysis are the three methodologies used in this thesis.
Firstly, relevant literature in the form of research papers and books regarding data analysis and ma-
chine learning has been reviewed. A case study has then been developed with the use of data analytics

to present a machine learning model for fuel consumption.

3.1 Literature review

One of the methodology approaches for this thesis is literature review. ScienceDirect and Oria is used
to find relevant literature. When performing literature searches, the ”Abstract, title, keyword”-feature
is mostly used in order to obtain relevant literature for each topic. Search words such as “predictive
algorithms”, “machine learning” and ”fuel consumption” are particularly useful, combined with other

search words to narrow down the number of hits. In addition to scientific publications, a number of

websites are also used in order to obtain the required information for this paper.

Books from the library at University of Stavanger are also used in this paper. These books are mainly
used for the theory chapter, and include the books Artificial Intelligence: A Modern Approach” by S.
Russell and P. Norvig, “Python for Data Analysis” by W. McKinney and ”An Introduction to Machine
Learning with Python” by A. C. Miiller and S. Guido.

3.2 Case study research methodology

A mixed approach of case study and action research has been used as the research methodology for
this thesis. The machine learning based approach has been used to perform multi-criteria analysis (i.e.

by taking environmental and operational variables as the input) for predicting fuel consumption.

A case study is a research method which investigates a contemporary phenomenon within its real-
life context [35]. Conducting a case study for research purposes is a useful strategy when posing
“how” or “why” questions. The present thesis poses the question of how to model predictions of fuel

consumption based on why fuel consumption for a MODU is not optimized. A case study is therefore

19



considered as a suitable approach for this purpose. The case study is conducted with the five steps of
the action research cycle [36]: (1) identification of the problem, (2) collection and structuring of data,

(3) interpretation of data, (4) actions based on data, and (5) reflection.

3.3 Data analysis

The machine learning algorithm in this thesis is developed by using the Python language and Jupyter
Notebook in the Anaconda environment. The Python scripts used for data pre-processing and anal-
ysis are presented in Appendix (Bl Python is a popular and useful tool for data analysis for scientific
computing purposes [37]. NumPy, pandas, scikit-learn, matplotlib and DataReservoir.io packages are
imported for the purpose of data cleaning, structuring, analysis, visualization and importing opera-

tional modes, positional and weather data from a DataReservoir.

NumPy is a package for scientific applications, and is short for for Numerical Python. It has good
capabilities for processing multidimensional arrays, and has a collection of mathematical functions.
The pandas library is useful when it comes to working with data sets from Excel and CSV files. Pandas
supports manipulation, reading and writing of these files, and is therefore useful for machine learning
applications [38]. The pandas library also has great graphing capabilities, for example with the use of
the DataFrame.hist feature. Scikit-learn is a tool used for data mining and data analysis. It contains
various features for classification, regression, clustering, dimensionality reduction, model selecting an
pre-processing for machine learning purposes [39]. Plots and 2D visualizations are most commonly

produced by using the matplotlib library.

3.3.1 Fuel calculations

Fuel consumption is usually estimated based on the specific fuel consumption given by engine type,
rated engine power and engine load [40]. Fuel consumption on DSA not measured directly on DSA,
and must therefore be calculated from the sum of the power output from the diesel generators in
the diesel-electric power plant located in each quadrant. The engine output for 100 % load of the
Wairtsila marine main engines on DSA is 5760 kW according to the technical data sheet (see Appendix

There is a 96 % efficiency between the diesel engine and the generator. There is also a 2 %
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loss between the generator output and the point where power is measured. Figure [3.1]illustrates the
efficiency for the diesel engine and generator set. A total loss of 0.96 - 0.98 = 0.9408 must be taken into
the fuel calculations. Power output from each generator is first converted to engine load by dividing
the power output from each generator by the rated engine power (5760 kW), and accounting for the

efficiency coefficients:

P
~ 5760kW -0.96-0.98

ko 3.1

where kg is engine load (ranging from O to 1, i.e. 0 to 100%) and P is the generator power output.
The next step is to determine specific fuel consumption in g/lkWh based on engine load. Figure [3.2]
illustrates the specific fuel consumption per engine load for the marine main engines. This graph is
created by curve fitting using a 2"¢ degree polynomial on given fuel consumption for 25 %, 50 %, 75
%, 85 % and 100 % engine load in the Wirtsild technical data sheet (see Appendix [C). The resulting

polynomial is:

sp = 134,22kq% — 224, 44ky + 270,24 (3.2)

where s is the specific fuel consumption with unit g/kWh. The fuel consumption is then calculated by
Equation below where q is fuel consumption with unit m3/h and p is the density of marine diesel

oil which is given as 845 g/I1.

o St 5760kW - k()

(3.3)

p - 1000

. . 0.98 /
Diesel engine Generator
5760 kW engine output 5530 kW

Figure 3.1: Efficiency of diesel engine and generator
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Figure 3.2: Fuel consumption per engine load factor (in decimal numbers)

3.3.2 Data collection and pre-processing

Operational and environmental data is collected from the 4Subsea DataReservoir, which is a data plat-
form for structuring and storage of time series data. The DateReservoir is accessed through Python
and Jupyter Notebook in the Anaconda environment by importing the “datareservoirio” package as
mentioned in the previous section. Relevant input features for the machine learning model are col-
lected from the DataReservoir as well as necessary data for fuel calculations. Hourly fuel consumption
is the target value for the machine learning model, and will be calculated based on measured power
output from the diesel generators as described in section [3.3.1] Table[3.]is a complete list of the target

value and input features.

Table 3.1: Target value and input features for the machine learning model

Variable Unit  Collected from:
Fuel consumption m3/h  Calculated/DataReservoir
Datetime (UNIX) - DataReservoir
Wind speed m/s DataReservoir
Wind direction rad DataReservoir
Current direction rad DataReservoir
Current speed m/s DataReservoir
Depth in well m Daily Drilling Log
Draught m DataReservoir
Latitude rad DataReservoir
Longitude rad DataReservoir
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Table 3.1 continued from previous page

Variable Unit  Collected from:
Hour of day - Python

Day of year - Python

Ops. mode 1 Rig up og tear down - Daily Drilling Log
Ops. mode 2 Drill actual - Daily Drilling Log
Ops. mode 3 Reaming - Daily Drilling Log
Ops. mode 5 Condition mud and circulate - Daily Drilling Log
Ops. mode 6 Tripping - Daily Drilling Log
Ops. mode 7 Planned maintenance - Daily Drilling Log
Ops. mode 8 Repair rig - Daily Drilling Log
Ops. mode 11 Wire line operations - Daily Drilling Log
Ops. mode 12 Run and pull casing/liner - Daily Drilling Log
Ops. mode 13 Cement operations - Daily Drilling Log
Ops. mode 14 Nipple BOP - Daily Drilling Log
Ops. mode 15 Test BOP - Daily Drilling Log
Ops. mode 19 Fishing - Daily Drilling Log
Ops. mode 21 Stuck pipe - Daily Drilling Log
Ops. mode 23 Waiting on weather - Daily Drilling Log
Ops. mode 24 Marine operations/skid rig - Daily Drilling Log
Ops. mode 25 Additional - Daily Drilling Log
Ops. mode 26 XMT - Daily Drilling Log
Ops. mode 27 Workover riser - Daily Drilling Log
Ops. mode 31 Tubing - Daily Drilling Log
Ops. mode 32 Not in use - Daily Drilling Log
Ops. mode 34 Testing - Daily Drilling Log
Ops. mode 35 Milling - Daily Drilling Log
Ops. mode 38 O & R - Daily Drilling Log
Ops. mode 41 Non-productive time - Daily Drilling Log
Ops. mode 43 Aux - Daily Drilling Log

The input features called "Ops. mode” in the table above is data that indicates the operational mode

of the MODU at all times. Common operational modes are for instance drilling, marine operations,

cement operations, tripping etc. Operational modes are listed in Appendix [D} Only the main derrick

activities are used for this model, and only main operation codes are listed (column named “Code”

in Appendix D)) instead of listing each subcode. This is done to reduce the number of input features.
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Operational modes are imported from an Excel file from the Daily Drilling Log (see Appendix [E). As
opposed to the continuous environmental data such as wind speed and current speed, the operation
mode is a categorical variable and must be represented in the machine learning model accordingly.
One-hot encoding, also known as dummy variables, is a method of representing such categorical vari-
ables. Instead of representing the operation mode as a number from 1 to 43, each mode is represented
by one column with a binary 1 or 0 indicating if the mode is active or not. Table [3.2]illustrates how
one-hot encoding is used to indicate the operational mode over four time steps where the value one
means that the operation code is active, and 0 means inactive. The operational mode is not updated
continuously, but rather logged manually in time intervals. This causes some inaccuracy in the results.

This also applies for the logging of depth in well.

Table 3.2: Example of one-hot encoding of operation modes

Ops. mode 2 Ops. mode 6 Ops. mode 5
Drill actual Tripping Condition mud & circulate
Time 1 1 0 0
Time 2 1 0 0
Time 3 0 0 1
Time 4 0 1 0

Other input variables such as wind speed, wind direction, draught, longitude and latitude are collected
from the DataReservoir. Raw data collected from the DataReservoir is not sampled at a set frequency
in the time series. The data set must therefore be resampled in order to obtain a time series with
constant frequency between values. This is part of the data cleaning and preparation for data analysis.
Resampling is the process of changing the frequency of a time series [37], where frequency can be
increased (upsampling) or decreased (downsampling). In the case of this thesis, it is desirable to
obtain a time series with a frequency of 1 data point per second. The time series is resampled by
the pandas.DataFrame.reindex function combined with forward fill and backfill functions to fill in the
empty NaN values of the resampled time series. A simplified diagram of the collection, cleaning and
structuring of data as well as loading data into the machine learning model is illustrated in Figure
3.3] After the data collection, cleaning and structuring is performed, the data set is ready for final
pre-processing before it is fed into the machine learning model. This step consists of scaling features

and splitting the data set into training set and test set. This will be further explained in Section [3.3.4
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Figure 3.3: Overview of raw data pre-processing and file structure

3.3.3 Correlation analysis

Input features for the machine learning model are evaluated in a correlation plot created using the
pandas.DataFrame.corr() function, and the default method is Pearson standard correlation coefficient.
Correlation analysis is performed to see the relationship between two features on a scale from -1
to 1. A correlation of -1 indicates a perfect negative relationship, and 1 indicates a perfect positive
relationship. O correlation factor means that there is no linear relationship between the two features.

Correlation coefficients are illustrated with examples [41]] in Figure [3.4]

Correlation Coefficient= -1 Correlation Coefficient=0 Correlation Coefficient=1
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120 140
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Some other variable
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-
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40 60
T T T T T T T T T T T T T T T T T T
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Some variable Some variahle Some variahle

Figure 3.4: Pearson correlations -1, 0 and 1
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3.3.4 Selecting and developing a trained model

An appropriate algorithm is selected based on descriptions presented in Section previous research
on the application of fuel consumption related predictive models and the machine learning map in
Figure [2.3] Supervised learning is definitively a more suitable approach compared to unsupervised
learning, since we are working with labelled data (pairs of known inputs and outputs) to train the
model. The model should predict a quantity, not a category, which points to the direction of a re-
gression problem. The number of samples, i.e. training sets, is large ( 7.7 million training sets), so
it is important to select a model which can take on large data sets. By following the map in Figure
this leads to an indication that a Stochastic Gradient Descent (SGD) regressor could be a good
fit. Research papers such as [2] and [3] support the use of neural networks for predictive modelling of
fuel consumption. Neural networks have the ability to build complex models for large data sets [21]],
and is therefore considered a good fit for the fuel consumption model in this thesis. The MLP model
is a type of artificial neural network and is a simple algorithm for both classification and regression
purposes. SGD based solvers are built into the MLP regressor, so this fits well with the decision from

the map in Figure [2.3]

Different architectures and parameters are tested to find the MLP model with highest performance.
Performance is measured by the RMSE by comparing predicted value with actual value, as discussed
in Section[2.3] This performance evaluation requires the data set to be split into a training set (i.e. 80%
of the data set) and a separate test set (i.e. 20% of the data set). Data used to train the model can not be
used to measure its success since the model already knows the correct output, so the test set is applied
for this purpose [21]. The test set is generated by selecting random training sets from the original
data set. The scikit-learn library contains the function sklearn.model selection.train_test_split() for

randomly dividing a data set into training and testing data.

Another pre-processing step is carried out to remove the mean and scaling input variables to unit
variance since the MLP regressor is sensitive to feature scaling [28]]. Standardization is performed with
the sklearn.preprocessing.StandardScaler feature [42]] where standard score for each training sample

is calculated from the following equation:
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(3.4)

where x is the training sample, u is the mean value of the sample and s is the standard deviation of
the sample. The model is then built using the sklearn.MLPRegressor() with a random state set as 0 to
obtain the same results each time the model is run. Relevant parameters for the MLP regressor are;
hidden layers sizes, activation function (sigmoid, tanh or ReL.U), solver (LFBGS, SGD or Adam),
L2 penalty parameter ¢, learning rate €, maximum number of iterations, random state and tolerance.
After the parameters of the model is determined, the model is fitted to the training data by using the

ml_model.fit() function.
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4. Analysis

This case study is based on data from operations on DSA in the time period from 25" of January to
25M of April 2019. DSA is located at the Fram field [43] in the northern part of the North Sea in this
time period. Station-keeping during this time period is provided by a combination of DP and mooring.
The following chapters will present the diesel electric power plant on board DSA and provide an
overview of the power and fuel consumption on DSA for this time period, as well as an analysis of

how this consumption relates to operational conditions on the MODU.

4.1 Power consumption on Deepsea Atlantic

MODUs such as DSA have high power requirements. The various equipment on the rig requires either
continuous or periodic power supply from the diesel-electric power system on board the rig. Diesel-
electric power systems is the industry standard for supplying energy to vessels with DP systems [44]],
and is a widely used system for large marine rigs [45]. The diesel-electric system consists of a set
of diesel engines which are paired with generators in the power system where mechanical energy is
converted into electrical power. This chapter presents an overview of the diesel-electric power system
and power distribution on DSA. Configuration modes for the diesel generators in the power plant is

also presented.

4.1.1 Overview of the diesel-electric power plant and distribution system

The drilling rig DSA is powered by a diesel generator power plant that consists of four quadrants each
containing two diesel generators as well as high and low voltage switchboards and sub-distributors
(see Appendix [F)). The diesel-electric power system generates electrical energy which is transmitted
to the various rig systems where work is performed through the use of electric motors. This power
system enables variable-power operation of equipment on the rig, such as draw-works, mud pumps,
thrusters, Heating Ventilation and Air Conditioning (HVAC), and top drive. A diesel-electric power
system has many advantages compared to the conventional mechanical drive systems that have been

used to operate equipment on drilling rigs in the past [45]. The diesel-electric system allows for
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smooth operation of equipment and has fewer issues related to vibrations and shock compared to a
mechanical drive system. It also enables the use of a simple and flexible control system. Electrical
power on DSA is distributed to five main groups of consumers; thrusters, drilling and distribution
to marine, drilling utilities and HVAC services. These groups of consumers are illustrated in Figure
@.1] which is a simplified diagram of the port-forward quadrant on DSA. This quadrant contains two
diesel generators that supply power to thrusters 7 and 4, drilling consumers and distribution to ma-
rine, drilling utilities and HVAC consumers. The diagram is based on the one-line diagram of DSA in
Appendix |G| Power is distributed to the thrusters through high voltage 11 kV switchboards. Drilling
consumers are supplied through a drilling switchboard in each quadrant, supplying equipment such
as mud pumps, draw-works and mooring windlass (referred to as MP, AHDD and MW in the figure
below) through a Variable Frequency Drive (VFD). Miscellaneous consumers such as HVAC, drilling
utilities and marine services are supplied through low voltage 690 V switchboards. Marine service
includes equipment such as ballast pumps, fresh water cooling pumps and fire pumps. Ventilation
fans and humidifiers are included in the HVAC service. Cranes, HPU units are examples of equipment
found in the drilling utility services (see electrical load analysis in Appendix [H)). In addition to ma-
rine, drilling and HVAC, there is also some power that is distributed to duct heaters and small power

consumers through the low voltage switchboards.

Gen. A Gen. B

11kv

é%) é%) DC bus 690 V SWBD
; @ @ e ) AHOD) (o) (P mcc | [mcc|(mcc) [mec) mee ) [ small power
> A B __’ \_ 1 12 13 14 15 and services

Thrusters Drilling Marine DTL: It:?t?l HVAC

Figure 4.1: Simplified diagram of port-forward quadrant on DSA
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4.1.2 Diesel generator configurations

The number of generators that are in use at any time is determined by the operational conditions
and requirements for emergency preparedness. Favorable conditions require a reduced number of
generators online. These conditions are often present during normal drilling operations with constant
load on drilling motor and mud pumps, and when draw-works are operating on low power settings [1]
in calm weather conditions. Configurations of the generator sets will influence how well generators
can operate in terms of fuel efficiency, as well as determining the level of redundancy in the power
supply system. Diesel engines for marine applications such as vessels with DP systems will typically
have a maximum efficiency at 80 % of the maximum power output of the engine [44]. However,
statistics from the DSA fuel prognosis in Appendix [I| reveals that the average engine load over the
one-year period from Q4 in 2017 to Q4 in 2018 is only 39 %. T. Bg et al. [44] found that diesel
engines that are used to power vessels with DP systems often deliver between 10-50 % of the rated
power, so this is not a unique case. The effectiveness in converting fuel into mechanical energy in
the diesel engines on DSA is previously described in Figure [3.2/in Section The figure confirms
that the fuel consumption per engine load increases with decreasing engine load, and has a maximum

efficiency at around 80% load.

As previously mentioned, the power plant consists of four quadrants (Port Fwd, Stbd Fwd, Stbd Aft
and Port Aft) with a total of 8 diesel engine-generator sets arranged in four engine rooms. One engine-
generator set in each quadrant acts as an emergency generator which will automatically start up if an
engine fails to start after a black out. Specific configurations of the diesel generators are required in
order to maintain redundancy in case of a blackout. The three configurations “Open ring/No split”,
»2-split” and “4-split” mode are used depending on the operational conditions (see Appendix [J). The
No-split mode treats the whole power system as one unit, and is only used when the rig is at yard with

power supply from shore.

The most common mode is the 2-split configuration which is used during transit, drilling or testing
operations during calm weather conditions, and operation with position mooring. Figure 4.2| indicates
how the four high voltage switchboards (HS1, HS2, HS3, HS4) supply power to the thrusters (A to H).
In 2-split mode, the high voltage switchboards HS1 and HS2 are interconnected, and the same with

HS3 and HS4. In case of failure on one side of the split, this configuration ensures that not more than
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Figure 4.2: Power distribution with thrusters (A to H) and high voltage switchboards (HS1 to HS4)

one thruster in each corner of the rig loses power. An advantage for the 2-split configuration is that it is
possible to operate with varying number of generators depending on the current demand. This means
either one, two, three or four generators on each side of the split, which facilitates a more efficient
and economic use of the generators. There is also a possibility of running a 4-split configuration in
the case of demanding conditions that require maximum redundancy. Operational conditions such as
drilling and testing in harsh weather conditions, start-up after a blackout and maintenance operations
on the high voltage switchboard usually requires a 4-split mode. Each quadrant is operated as an
individual system in the 4-split mode, meaning that one or two generators are operating in each of
these units depending on the current demand. Loss of one unit is the worst case failure scenario, and

the remaining units are then capable of maintaining 75 % power supply to the consumers.

4.2 Power and fuel consumption analysis

As described in Section @.1.1] the power generated by the diesel-electric power plant on DSA is

distributed to thrusters, drilling equipment, marine, drilling utilities and HVAC consumers. The share
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of average power consumption for each group of consumers at DSA in the time period from 25® of
January to 25" of April is presented in Figure The electrical power is presented in this plot since
it is a more stable parameter than fuel consumption [46] due to the influence of the engine load on
the fuel consumption. Electrical power is also easier to measure. It reveals that marine utilities has
approximately the same power demand as all other consumers combined. Drilling utility is the second
largest power consumer, followed by HVAC systems. The signals from one of the motor control

centers related to HVAC24 (see Appendix [G) is missing, so this is a source of error.

A correlation matrix for each group of power consumers on DSA is presented in Figure[d.4] The matrix
indicates a correlation of 0.527 between measured power from the drilling VFD and drilling utilities.
The correlation between marine utilities and thruster VFD is 0.452, and there is also a correlation
of -0.446 between marine and HVAC and -0.405 between marine utility and drilling utility. Other
correlations are quite low. It is also interesting to see the power consumption in relation to different
operational activities. Figure [4.5]illustrates the distribution of average (mean) and peak (maximum)
power consumption from drilling consumers for each operational mode. This histogram applies to the
previously mentioned time period from January to April 2019. The load will be highly dependent on

location, seasonal variations, well and operation specific parameters (see Appendix [F).

mmm Drilling Utility
Drilling VFD s Drilling VFD
- Marine Utility
W Thruster VFD
HVAC

Drilling Utility

Marine Utility

HVAC

Thruster VFD

Figure 4.3: Average power consumption for each group of consumers
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Figure 4.4: Correlation matrix for the five main groups of power consumers
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Figure 4.5: Mean and maximum power consumption [kW] for each operational mode

Correlations between power consumption through drilling VFD and the different operational modes
are presented in Figure 4.6] This figure indicates that the features with strongest positive relation-
ships with the power consumption are found at operational modes 2, 5 and 3. The strongest negative

relationships are found at operational modes 43, 11 and 7.
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Figure 4.6: Correlation plot of each operation mode with regards to drilling VFD power consumption

4.2.1 Generated power vs. consumed power

It is interesting to study the relationship between generated and consumed power in order to get a
better understanding of fuel consumption on DSA. The sum of generated power from each diesel
generator in kW from th 25" of January to 25™ of April 2019 is presented in Figure 4.7|together with
the total consumed power (the sum of the five groups of consumers presented in Section 4.1.1) for
the same time period. The mean ratio between generated and consumed power for this time period
is 0.924, meaning that, on average, 92.4% of generated power reaches the consumers on the MODU.
The difference between generated and consumed power is the remaining 7.6% loss. Furthermore, the
loss plot reveals that the loss is not constant, but contains frequent peaks. An example of such a peak
value is presented in Figure The example takes place on the 4" of February 2019 at 17:05 UTC,
and the operational activity on DSA is pulling tubing at approximately 907 m depth (see Appendix
[E). As seen in Figure 4[8(a)] the generated power peaks in four intervals over a time period of 30
minutes. The total power consumption has the same variations but with smaller peaks, meaning that

the difference between consumed and generated power peaks at these intervals. By looking at the

20000 - Total power consumption
-------- Total generated power
15000 - Loss

10000 -

kW

5000 -

2012019262-01 2019-02-15 2019-03-01 2019-03-15 2012UESA-01 2019-04-15 2019-04-29

Figure 4.7: Consumed power vs generated power January - April 2019
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engine load of diesel engines and the corresponding fuel consumption in Figures 4 and 4[8(c)| it

is clear that the same patterns are repeated.

Another example is taken from the 15" of April 2019 at 15:15 UTC to demonstrate how fuel con-
sumption varies with the engine load and number of generators online. The operational activity on
DSA is time drilling at approximately 921 m depth in a well (see Appendix [E), and Figure 4[9(a)| the
loss between generated and consumed power is stable. Diesel engines-generator sets 1, 2 and 6 are
running steadily at approximately 25, 25 and 45 % engine load. The remaining five generators are
not running. At a time between 15:18 and 15:19, diesel engine 2 is shut down, and diesel engine 1
increases to about 50 % load. The load is now carried by two engines instead of one. Figure 4[9(c)|
shows that the result is a significant decrease in fuel consumption of approximately 11% whilst the
total generated power remains the same. This is because the diesel engines are now running at a more

optimal engine load (as discussed in Section 4.1.2).
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Figure 4.8: Example of power and fuel consumption on the 4" of February 2019
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4.3 Machine learning model

An MLP model is built to predict fuel consumption as the target variable over a three month period

from January to April in 2019 (as described in Section[4.2). The target inputs are presented as a time

series in Figure .10}

2.5 -

Feb Mar Apr May

Figure 4.10: Fuel consumption over a period of three months on DSA

A correlation analysis is performed to get an understanding of which input features are important for
the target value. A heat map of the input feature correlations with regards to fuel consumption is
presented in Figure .11} Correlations are scaled from 1 (perfect positive correlation) to -1 (perfect
negative correlation). The correlation plot indicates that features operational mode “’Drill actual”, wind
speed, current speed, operational mode 23 “waiting on weather” and depth in well are the features with
most significant positive relationship with the target variable. Harsh weather conditions will cause high
fuel consumption for the thrusters to keep the rig stationary above the well. Weather observations such
as wind speed and wind direction will therefore be relevant metocean data for the predictive machine

learning model. The draught of the MODU has the most negative correlation with fuel consumption.
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Figure 4.11: Correlation plot of input features with regards to fuel consumption
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4.3.1 Selecting neural network structure

MLP models with different number of neurons in the hidden layers are tested and compared to find
the model with best performance measured by the RMSE. The notation MLP(a,b,c) will be used to
describe the architecture of the MLP models where a, b and ¢ are the number of input neurons, number
of hidden layers and number of outputs, respectively. Initial model parameters are presented in Table
Table is the result from MLP(38,1,1), MLP(38,2,1) and MLP(38,3,1) models, and the best

RMSE value is marked with bold numbers.

Table 4.1: Parameters for the MLP model in Table

Solver Activation function ~Max iterations Early stopping Tolerance Initial learning rate

Adam/SGD ReLU 40 10 epochs 0.0001 0.001

Table 4.2: Performance of different MLP architectures with Adam and SGD solver

ANN Neuronsin ~ Adam solver SGD solver
structure hidden layer RMSE RMSE
20 0.1355 0.1397
25 0.1280 0.1358
MLP(38,1,1)
30 0.1258 0.1319
38 0.1192 0.1271
20-20 0.1108 0.1232
25-25 0.1024 0.1141
MLP(38,2,1) 30-25 0.1020 0.1121
30-30 0.0992 0.1092
38-38 0.0919 0.1038
20-20-20 0.0971 0.1165
25-25-25 0.0899 0.1057
MLP(38,3,1) 30-30-30 0.0845 0.1034
38-30-38 0.0800 0.0965
38-38-38 0.0770 0.0953

The MLP structure with highest performance is the MLP(38,1,1), MLP(38,2,1) and MLP(38,3,1) is
with 38 neurons in each hidden layer. It is now useful to investigate how changing the o parameter in

the L2 regularization term will influence the RMSE. The best models from Table [4.2] are now tested
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using o parameters in the range between 1 and 0.0001 in Table below with both the Adam and
SGD solver.

Table 4.3: Tuning the o parameter

ANN Neurons in Adam solver SGD solver

structure hidden layer ’ RMSE RMSE
1.0000 0.1667 0.1649

0.1000 0.1306 0.1298

MLP(38,1,1) 38 0.0100 0.1305 0.1263
0.0010 0.1194 0.1270

0.0001 0.1192 0.1271

1.0000 0.1678 0.1669

0.1000 0.1164 0.1161

MLP(38,2,1) 38-38 0.0100 0.0939 0.1043
0.0010 0.0901 0.1036

0.0001 0.1919 0.1038

1.0000 0.1717 0.1703

0.1000 0.1145 0.1087

MLP(38,3,1) 38-38-38 0.0100 0.0860 0.0982
0.0010 0.0810 0.0961

0.0001 0.0770 0.0953

The highest performing model with the Adam solver and SGD solver has an RMSE of 0.0770 and
0.0953, respectively. Figure 4.12|1s the loss curve for these two models. The Adam solver model
stopped after 16 iterations when the training loss did not improve more than the tolerance of 0.0001
for 10 consecutive epochs. The SGD solver was set to stop after 40 iterations. The loss curve indicates
that the loss function stabilizes faster for the Adam solver than for the SGD solver. These results prove
that the Adam solver performs better than the SGD solver. The best MLP model (with RMSE=0.0770)
is now tested with different learning rates to find the optimal rate. The accuracy is measured as the
R? value of both the training set and test set. Figure indicates that the peak value for accuracy is

found at the learning rate € = 0.001 for both the test set and the training set.
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Figure 4.13: Comparison of training and test accuracy (R?) as a function of learning rate

4.3.2 Model results

The model with the best performance is the MLP model with ¢ = 0.0001 and the Adam solver for
weight optimization. The number of input features is 38, and there are two hidden layers containing
38 neurons each. This means that there are 38 - 38 = 1444 weights between the input and the hidden
layer. With a single neuron the in output layers, there is 38 - 1 = 38 weights between the hidden
layer and the output layer. The learning rate is set to 0.001. Figure 4[14(a) is the resulting plot for
the model performance of the MLP(a,b,c) model with Adam weight optimization and 38 neurons in
each of the three hidden layers. This scatter plot compares the predicted values with the actual output
values in the test set. The dotted line represents the perfect relationship between prediction and actual
value where § = y. This MLP regression model predicts the fuel consumption for the test set with a
MAE, MSE and RMSE of 0.0464, 0.0059 and 0.0770, respectively. A probability density plot of the
residual errors between real and predicted consumption is presented in Figure 4[14(b)which indicates

that residual errors are concentrated around 0. The mean residual is -0.005335.
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Figure 4.14: Model performance on test set

Figure 4.T3]illustrates how the MLP model predicts fuel consumption in DSA over a three day period
outside the training set from 25.04.2019 to 28.04.2019. This figure is an example of how well the

machine learning model predicts short-term fuel consumption in a time series.

4.3.3  Other forecasting methods

The proposed MLP model is useful when making short-time predictions based on multiple known

input variables, i.e. weather forecasts and known operational plans for the upcoming days or hours.

Fuel consumption [m3/h]
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Figure 4.15: Predicted vs. actual fuel consumption from 25.04.2019 to 29.04.2019
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Other relevant uses of machine learning and time series forecasting could be utilized to make long
term predictions for fuel consumption based on seasonal variations and trends. The Autoregressive
Integrated Moving Average (ARIMA) is one of the stochastic methods for long term time series fore-
casting. ARIMA is in fact one of the most widely used models for this purpose [22]]. Autoregression
is based on the principle that there is a correlation between the current observation and all past ob-
servations. The ARIMA model can make predictions based on univariate (one input) or multivariate
(several inputs) time series. ARIMA is not implemented as part of thesis due to limited time period in
the data set, however, this could be implemented at a later stage when more data is available. Forecast-
ing with exponential smoothing is another alternative forecasting method where the future values of a
time series is predicted as a weighted average between previous forecasts and the current values [47]].
This algorithm is based on an exponential decrease in weights, meaning that recent observations is
more important for the model than older data. Exponential smoothing is an alternative to the moving
average algorithm where all observations are weighted equally. Forecasting with exponential smooth-
ing is a very effective technique, and is able to model trends and seasonality in a time series. Since
short-term forecasts are more relevant than long term trends and seasonal behaviours, this methods

has not been applied to the data set in this thesis.

4.4 Forecasting as a performance tool

Determining performance goals for fuel consumption on a MODU is a difficult task due to the large
variations in weather and operational conditions that influence the consumption. The machine learning
model provides an estimate of the fuel consumption based on weather forecast and operational plan
for the upcoming hours. This estimate can be presented to offshore personnel through a dashboard
together with a set of goals for the next 12 or 24 hours. A time series (see Figure with past
consumption and future predictions is presented to the personnel through a dashboard, together with an
upper and lower limit to indicate ’bad” and ”good” performance. For example, if the fuel consumption
over the next hours fall between the predicted value and the lower limit, the performance goal is
reached. If the actual consumption falls between predicted forecast and the upper limit, the goal is
not reached. For this example, the upper and lower limit is set as 10% above and below the predicted
forecast, respectively. Setting an upper and lower limit is difficult due to large uncertainties in weather

forecasts and operational plans for the upcoming hours. One must also account for the uncertainty of
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Figure 4.16: Performance measure based on forecast of fuel consumption

the MLP model. Determining upper and lower limits will likely require some trial and error before

finding appropriate values.

In addition to the information given in Figure [4.16] a dashboard could contain information such as
weather forecast and operational plans for the next 12 or 24 hours, safety alerts, performance statistics
or other performance goals. A similar approach for Key Performance Indicator (KPI) predictions
through machine learning has been used by accounting, consulting and technology firm Crowe [48]].
Crowe presents KPIs within the health care industry based on moving average predictions, multivariate
and univariate time series forecasting. The result is a dashboard with overview of historical data and
future predictions for a target variable. Figure {.17]is an example of how fuel predictions can be
implemented into a dashboard as a performance tool for offshore personnel. This fuel performance
concept is inspired by Crowe’s KPI prediction tool and performance philosophies such as "Perfect
well” developed by Equinor and Shell’s ”Drilling The Limit” philosophy. Please note that Figure
is only an illustrative example and not an exact representation of the operational plans, performance

over the last weeks etc.
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Figure 4.17: Example of dashboard layout for presenting fuel consumption related performance goals
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5. Discussion

DSA is powered by a diesel-electric power plant, and power is distributed to thrusters, drilling equip-
ment, marine utilities, drilling utilities and HVAC consumers. Marine utilities represent the largest
power consumption in the time period from 25.01.2019 to 25.04.2019, followed by HVAC and drilling
utilities. A correlation analysis is performed for the input variables in the machine learning model in
order to understand how each input influences the target variable. Wind speed, current speed and
“waiting on weather” indicate harsh weather conditions, resulting in higher power demand from
thrusters to keep the floating rig stationary above the well. As expected, operational mode “Drill
actual” also has high impact on fuel consumption. Increased draught has large negative correlation
with fuel consumption, however, relevant literature concludes that a larger draught will increase fuel
consumption on ships due to the increased resistance of the ship’s hull [49]. Operational modes such

as wireline operations and tripping have negative correlation with the fuel consumption.

Choice of model for this thesis is based on relevant research on predictive modelling based on machine
learning and recommendations provided by the Scikit-learn map in Figure MLP artificial neural
networks are recommended as a simple tool for making predictions from large data sets [21]]. For
future research, it could be relevant to investigate the use of other models such as an artificial neural
network with Long Short-Term Memory (LSTM) (as applied in a previous thesis by A. Karimi [31]),
support vector regressor (studied by K. Mohammadi et al. [24]) or an ensemble regressor. Choice of
input variables was based on available data, however, further improvements in the model accuracy can
be made by adding more input features. Wave data such as maximum wave height, significant wave
height and mean wave period has not been available for this data set. This would likely improve the
accuracy if implemented into the MLP model. Data regarding the number of personnel on board could
also be relevant, as well as data to determine if station-keeping is performed by thrusters, mooring or

a combination of both.

A predictive model with best performance is obtained by training an MLP with three hidden layers
with weight optimization by the Adam solver. The MLP regression model predicts the fuel consump-
tion for the test set with MAE, MSE and RMSE of 0.0464, 0.0059 and 0.0770, respectively. The
model performance scatter plot in Figure 4[T14(a)] shows that the predicted values for the test set is

concentrated around the dotted line where y = y. The probability density function in Figure 4{14(b)
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indicates that the residual error is concentrated around 0. The mean residual of -0.005335 implies that
the difference between real and predicted value is close to zero and that, on average, the predicted
value slightly overestimates the real value. This should be considered when setting performance goals

based on forecasts.

As mentioned in Section[2.4] one of the main objectives of time series analysis is related to forecasting
and control. Implementing the predictive model in the daily operations on a MODU has good potential
to support decision-making and provide offshore personnel with a forecast of the fuel consumption
over the next days or hours. Weather forecasts and the upcoming operational plans are easily loaded
into the model, and the model gives an estimate of the upcoming fuel consumption based on historical
data in the training set. It is possible to use the predicted values of fuel consumption to set fuel
consumption related performance goals for offshore personnel, as presented in Figure This
process has similarities to the ”Perfect well” approach developed by Equinor. ”Perfect well” estimates
the minimum time in which a well could possibly be drilled based on historical data. Determining
the “perfect” minimum fuel consumption is, however, a difficult task due to the large amount of
contributing factors influencing the fuel consumption and uncertainties of the model and weather
forecasts. Using a dashboard to present current status and short term performance goals to offshore
personnel will solve several causes leading to poor fuel efficiency (as identified in the fishbone diagram

in Figure[I.1), removing both personnel and technology from the fishbone diagram.

An important part of achieving such fuel performance related goals is to determine which factors we
are able to change related to fuel consumption. Firstly, one can not change the weather conditions.
However, it is possible to adjust the vessel heading to reduce wave action [45]]. Operational modes
are also not possible to change, however, the generator configuration can in some cases be changed
if allowed by requirements for emergency preparedness. As described through an example in Section
4.2.1] reducing from 3 to 2 diesel engines will cause significant reduction in fuel consumption even
though power demand (in kW) remains the same. Reducing power consumption related to equipment
which is critical for drilling efficiency, however, will be counter productive if this leads to reduced
efficiency in the drilling operation. Power consumption from equipment such as HVAC, third party
consumers and certain drilling utilities which are not critical for the efficiency in operations could be

reduced.
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6. Conclusion

A machine learning based model for predicting fuel consumption on a MODU was presented in this
thesis. Weather data, positional data and operational activities on the MODU were used as input
features for the mode. The results indicate that an artificial neural network and the MLP regressor is a
suitable algorithm for predictive modelling of fuel consumption on a MODU. Weight optimization by
the Adam solver yields better results than the SGD solver for weight optimization. The best parameter
for the L2 regularization term is 0.0001 with the Adam solver, and the optimal learning rate is €=0.001.
The MLP regression model predicts the fuel consumption for the test set with an RMSE of 0.0770. A
dashboard layout for presenting offshore personnel with fuel consumption related performance goals
based on predictive modelling is also presented in this thesis. Implementing such a performance tool
has the potential to result in similar effects as seen with the implementation of ”Perfect well” approach

in Equinor and Shell’s "Drilling the Limit” performance philosophies.

The following is a list of recommendations for further research on the subject:

Add more input features (wave data, mooring, personnel on board, etc.)

Predict fuel consumption for different groups of consumers, such as thrusters/station-keeping or

HVAC

Combine machine learning model with methods for time-series forecasting such as ARIMA

* Investigate the use of LSTM (another neural network approach), support vector regressor or an

ensemble regressor as an alternative to MLP

Extend the machine learning model to learn from real-time data (online learning)
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Abstract — Application of machine learning models for
optimization and improved decision-making has a great
potential in the drilling industry. This paper demonstrates a
model for predicting fuel consumption on a Mobile Offshore
Drilling Unit (MODU) with a Multi-layer Perceptron (MLP)
artificial neural network. The model is proposed as a tool for
setting fuel consumption related performance goals for
offshore personnel on a MODU. Operational and
environmental data have been used as input variables for the
model with a dataset split into 80% training set and 20% test
set. The highest performance is obtained with two hidden
layers with 38 nodes each. The Adam solver performs better
than the Stochastic Gradient Descent (SGD) solver for weight
optimization, and the best o« parameter for the L2
regularization term is 0.0001 with the Adam solver. The MLP
regression model predicts the fuel consumption for the test set
with a Root Mean Squared Error (RMSE) of 0.0770. This
result indicates that artificial neural networks and the MLP
regressor is a suitable algorithm for predictive modelling of
fuel consumption on a MODU.

Keywords — Fuel consumption, machine learning,
predictive modelling, multi-layer perceptron

I. INTRODUCTION

A floating semi-submersible drilling rig, or Mobile
Offshore Drilling Unit (MODU), is powered by a diesel-
electric power plant. The power demand varies with
different operational activities and environmental
conditions on the MODU [1]. Studying the impact of these
variations on the fuel consumption could be one of the
methods to improve energy management on a MODU.
Improved energy management results in a reduction in fuel
expenditures CO emissions [2]. In this context, setting
performance goals related to fuel consumption based on
short-time predictions provides an approach for improving
energy management on a MODU.

A machine learning approach has previously been used
to predict fuel consumption in commercial buildings and
for automobiles [3, 4]. Hence, it should be possible to use
a similar approach for predicting fuel consumption on a
MODU. The wide range of machine learning applications
is enabled by the extensive research on the topic [5], as well
as access to large amounts of operational data availability
of affordable computers with high processing capabilities.
Predictive modelling has many applications in the drilling
industry. C. Hegde and K. Gray [6] developed a machine
learning model for optimization of drilling parameters by
modelling the Rate of Penetration (ROP), the Torque on Bit

(TOB) and the Mechanical Specific Energy (MSE). Other
studies have been performed on the prediction of fracture
gradients [7], bubble-point pressure and formation-volume
factor [8] and classifying rock type at a drilling bit [9].
Hence, the use of machine learning as a tool for
optimization and improved decision-making has already
proven great potential in the drilling industry. Machine
learning technologies such as predictive modelling,
classification and anomaly detection is therefore thought to
be an essential part of the digitization of the drilling
industry.

An artificial neural network model is selected for the
machine learning algorithm for this paper. The artificial
neural network is built as a system of interconnected
processing units that mimic the biological neurons in the
human brain [10]. According to R. B Gharbi and G. A.
Mansoori, artificial neural networks are one of the three
main technologies within Artificial Intelligence (Al) in the
oil and gas industry together with fuzzy logic and expert
systems [5]. For instance, a fuzzy expert system based
approach was used for functionality failure risk analysis
assessments for subsea pipeline systems [11]. Taking part
in these developments within Al will be a necessity for
offshore operators in order to stay competitive in the future,
especially with the current global focus on digitization in
the industry [12]. Smart use of data is in fact one of the top
priorities in the oil and gas sector today [12]. The
objective of this manuscript is to demonstrate a case study
of the use of a machine learning approach in predicting
short-term fuel consumption on a MODU operating on the
Norwegian continental shelf. Predictions have been based
on potential operational and environmental factors’
variations (i.e. input to the machine learning model). The
developed machine learning model is proposed as a tool for
improved decision-making and for setting fuel
consumption related performance goals for offshore
personnel onboard on a MODU.

II. INDUSTRIAL CHALLENGE

Drilling rigs are large fuel consumers where diesel is
used to generate electric energy to be consumed by various
equipment on the rig. The fuel consumption on a MODU
is mainly due to drilling activities, station-keeping, marine
utilities, Heating, Ventilation and Air Conditioning
(HVAC), and third-party consumers. It is important to
analyze the variations of fuel consumption in order to



understand the impacts of operational and environmental
conditions on the MODU. Excessive fuel consumption has
large economic and environmental impacts. Hence, to
address the aforementioned is a significant challenge and a
necessity for the drilling rig operators. Although renewable
energy sources and other alternative sources such as
hydrogen may be the solution to reduce emissions in the
long term, the focus for this paper is to utilize existing
technology to improve fuel efficiency in the short term.

1) Cause and effects: A fishbone diagram of the
cause and effects related to poor fuel efficiency is

illustrated in Fig. v
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Insufficient
monitoring of
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for emergency
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Fig. 1. Fishbone diagram of the causes and effects related to fuel
consumption on a MODU.

The figure indicates how rules/policies/procedures,
technology, leadership and personnel contributes to the
problem of poor fuel efficiency on a MODU. Rules related
to emergency preparedness dictate how many diesel
generators must run simultaneously in case of an event
such as drift-off, loss of a generator or a well control
incident. This causes the generators to run at unfavorable
load factor where fuel efficiency is low. Contributing
factors could also be insufficient monitoring of fuel
consumption and lack of tools to evaluate performance.
Currently, as the personnel do not receive performance
goals, the fuel efficiency has not been taken into
consideration as a priority in an average working day.
Financial incentives for reducing fuel consumption is
another contributing factor. However, this is highly

dependent on the type of contract, i.e. if the fuel
expenditures are paid by the client (or the company) hiring
the drilling rig. Moreover, internal benchmarking is
another tool that has a potential for setting performance
goals. Nevertheless, to date, none have been taken into
consideration.

1) Performance tool:

One of the key objectives of predictive modeling is that
it provides the ability to take actions based on forecasts.
This makes predictive modelling especially relevant for
various industrial applications. However, a common
challenge regarding fuel management on a MODU is lack
of tools to determine whether the fuel consumption is
excessive or not. Equinor’s “perfect well” approach for
making time estimates for drilling and well operations is an
example of successful implementation of such a
performance tool [13, 14]. The perfect well time is
described as “the minimum time in which a well could
possibly be drilled” [13] and is calculated from historical
data on similar wells. This historical data provides the
shortest time recorded for each sub-operation, and adding
each sub-operation together gives the time estimate for the
“perfect well” [14]. This is a method for setting goals for
the offshore personnel with focus on continuous
improvement. The “perfect well” approach contributed to
reducing the drilling time for onshore wells in the US from
over 50 days to less than 10 days, proving that setting the
offshore personnel in a collaborative and competitive
mindset is useful for the efficiency in drilling operations
[13].

I1l. METHODOLOGY

Case study and action research based mixed approach
has been used as the research methodology [15, 16]. The
machine learning based approach has been used to perform
multi-criteria analysis (i.e. by taking environmental and
operational variables as the input) for predicting fuel
consumption.

1) Research methodology: A case study is a research
method which investigates a contemporary phenomenon
within its real-life context [15]. Conducting a case study
for research purposes is be a useful strategy when posing
“how” or “why” questions. The present paper poses the
question of how to model predictions of fuel consumption
based on why fuel consumption for a MODU is not
optimized. A case study is therefore considered as a
suitable approach for this purpose. The case study is
conducted with the five steps of the action research cycle
[16]; (1) identification of the problem, (2) collection and
structuring of data, (3) interpretation of data, (4) actions
based on data and (5) reflection.

2) Data collection and pre-processing methodology:
Relevant data such as operational modes and weather
conditions have been collected and used to train the model
using a case study of a MODU operating on the Norwegian
continental shelf. The target variable has been the fuel
consumption and it is calculated based on the measured



power output from the diesel generators. Data from the
MODU is imported as raw data and resampled to one data
point per second. Operational modes are categorical inputs
and are therefore presented in matrix form using one-hot-
encoding. This method uses the binary 1 and 0 values to
indicate if the operational mode is active or not. A complete
list of the target value and input variables is presented in
Table 1. As the data used to train the model is not possible
to use for verification of its accuracy, the collected data set
has been split into a training set (i.e. 80% of the data set)
and a test (i.e. 20% of the data set). Another preprocessing
step has been carried out to remove the mean and scaling
input variables to unit variance as the solvers used are
sensitive to feature scaling.

TABLE |
TARGET VALUE AND INPUT VARIABLES

Variable Unit

mode 32 Not in use -

173

Ops.
Ops. mode 34 Testing -
Ops. mode 35 Milling -
Ops. mode 380 &R -

173

I

Ops. mode 41 Non-productive time -
Ops. mode 43 Aux -

Variable Unit
Fuel consumption mé/h
Datetime (UNIX) -
Wind speed m/s
Wind direction rad
Current direction rad
Current speed m/s
Depth in well m
Draught m
Latitude rad
Longitude rad
Hour of day -
Day of year -
Ops. mode 1 Rig up and tear down -

Ops. mode 2 Drill actual -
Ops. mode 3 Reaming -
Ops. mode 5 Condition mud & circulate -
Ops. mode 6 Tripping -
Ops. mode 7 Planned maintenance -
Ops. mode 8 Repair rig -
Ops. mode 11 Wire line operations -
Ops. mode 12 Run and pull casing/liner -
Ops. mode 13 Cement operations -
Ops. mode 14 Nipple BOP -
Ops. mode 15 Test BOP/pressure testing -
Ops. mode 19 Fishing -
Ops. mode 21 Stuck pipe -
Ops. mode 23 Waiting on weather -
Ops. mode 24 Marine operations/skid rig -
Ops. mode 25 Additional -
Ops. mode 26 XMT -
Ops. mode 27 Workover riser -
Ops. mode 31 Tubing -

3) Choice of model: The selected model is a Multi-layer
Perceptron (MLP) regression algorithm, which is a type of
feed forward artificial neural network [17]. Fig. 2
illustrates an example of a feed forward neural network
with a single hidden layer containing two nodes. MLP
regression is seen as an extension of linear regression and
is useful when predicting target values from one or multiple
input features. Choice of parameters for the fuel
consumption model, such as hidden layers, solver and a
parameter, is based on a grid search over relevant
parameter values.

Input layer

Output
layer

Inputs

> Output

Fig. 2. Example of a feed forward neural network model with one
hidden layer.

4) Activation function: The Rectified Linear Unit
(ReLU) function is the selected activation function for the
hidden layers. This function sets the output to 0 until the
weighted average reaches zero. After this threshold, the
function is linear [18, 19]. The ReLU function is expressed
mathematically as f(x) = max(0,x).

5) Layers: The MLP model contains an input layer,
an output layer and one or more hidden layers in between.
Selecting a suitable number of hidden layers and the
number of neurons in each hidden layer is important when
building the neural network architecture. These are in fact
the most important features of the model. A good starting
point is to use one or two hidden layers with the same
number of neurons as the number of input features [18], or
around 2/3 of the size of the input layer [19]. Underfitting
could occur if the number of hidden layers and neurons is
too low for a complex problem. Too many neurons or
hidden layers, on the other hand, could result in overfitting
[12].

6) Learning: Connection weights are adjusted by
comparing the expected output to the actual output from
each node. Error between expected and actual output in the
MLP model is evaluated by the square error loss function,
written as:
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Fig. 4. Feature correlations from high (black) to low (white).

Loss(3.y, =3 [7- yl+5 W12 @)
where y is the predicted value, y is the actual value and W
is the connection weight. % [WP? is the L2-regularization
term which is added to the loss function to prevent
overfitting by shrinking weights with large values. The
regularization term contains an a value which is a
parameter that controls how large the penalty, or shrinking,
should be for the regularization term [20].

Minimizing the loss function increases model
accuracy, and this is done by weight optimization.
Backpropagation is used to pass the updated weight back
to the previous layers. The change in weights is determined
from gradient descent by calculating the partial derivative
of the loss function to see how parameters should be
changed to minimize the loss. The change in weights is
calculated from the following equation:

W =i~ ¢ VLoss'y )
where i is the iteration step and ¢ is the learning rate, which
is the step size for gradient descent [20]. Weights are
updated repeatedly until the algorithm stops at 40
iterations, or if the validation score is below a certain value
for 10 consecutive iterations. Weight optimization is
performed by implementing a learning algorithm. Both the
Adam and Stochastic Gradient Descent (SGD) solvers are
considered for the fuel consumption model. Both solvers
are stochastic optimizers. The Adam solver is developed by
Jimmy Ba et al., and is suitable for relatively large data sets
[21]. Weight optimization by SGD supports adaptive

learning rates where the learning rate is reduced when the
improvement in training loss is below a set value.

6) Performance measure: There are numerous
methods for measuring the performance of a predictive
model. A common method is the Root Mean Squared Error
(RMSE), which is the root of the average squared
difference between real values and the predicted values.
RMSE is calculated by the following equation:

1 on —
RMSE = /;Zi:o - 5’

where n is the number of samples.

®

IV. RESULTS
A. Fuel Consumption and Feature Correlations

Fig. 3 illustrates the hourly fuel consumption over a
period of three months in 2019 for a MODU operating in
the North Sea. The mean value for fuel consumption in this
time period is 1.11 m3/h. Feature correlations for this time
period (Fig. 4) indicate that operational mode 2 “Drill
actual”, wind speed, current speed, operational mode 23
“Waiting on weather” and the depth in well are the features
with most influence on the target variable.

B. Model Results
MLP models with different number of neurons in the

hidden layers are tested and compared to find the model
with best performance measured by the RMSE. The



notation MLP(a,b,c) will be used to describe the
architecture of the MLP models where a, b and c are the
number of inputs, number of hidden layers and number of
outputs, respectively. Table Il shows the results from
MLP(38,2,1) and MLP(38,3,1) models with different
number of neurons in the hidden layers. The o parameter is
set to 0.0001. The Adam and SGD learning rate is set to be
adaptive from 0.001. The tolerance is set to 0.0001.

TABLE I
NUMBER OF NEURONS IN HIDDEN LAYER

MLP model Neurons in “Adam” “SGD”

hidden layers RMSE RMSE

MLP (38,2,1) 20,20 0.1108 0.1232
MLP (38,2,1) 25,25 0.1024 0.1141
MLP(38,2,1) 30, 25 0.1020 0.1121
MLP (38,2,1) 30,30 0.0992 0.1092
MLP (38,2,1) 38,38 0.0919 0.1038
MLP (38,3,1) 20, 20,20 0.0971 0.1165
MLP (38,3,1) 25,25,25 0.0899 0.1057
MLP (38,3,1) 30, 30, 30 0.0845 0.1034
MLP (38,3,1) 38,30, 38 0.0800 0.0965
MLP (38,3,1) 38,38,38 0.0770 0.0953

The MLP structure with highest performance is the
MLP(38,2,1) and MLP(38,3,1) with 38 neurons in each
hidden layer. It is now useful to investigate how changing
the a parameter influences the RMSE. The best models
from Table II are tested using o parameters in the range
between 1 and 0.0001 in Table Il with the Adam and SGD
solver. The best model performance for the MLP(38,2,1)
and MLP(38,3,1) model is marked with bold numbers. The
lowest overall RMSE is achieved with the Adam solver
with & = 0.0001. Fig. 5 is the loss curve for this model as
well as the best model with SGD solver. The Adam solver
model stopped after 16 iterations when the training loss did
not improve more than the tolerance of 0.0001 for 10
consecutive epochs. The SGD solver was set to an early
stop after 40 iterations.

TABLE IIl
CHOICE OF SOLVER AND TUNING THE o PARAMETER

MLP model Neurons in «Adam» «SGD»

hidden layers RMSE RMSE
MLP(38,2,1) 38,38 1.0000 0.1678 0.1669
MLP(38,2,1) 38,38 0.1000 0.1164 0.1161
MLP(38,2,1) 38,38 0.0100 0.0939 0.1043
MLP(38,2,1) 38,38 0.0010 0.0901 0.1036
MLP(38,2,1) 38,38 0.0001 0.0919 0.1038
MLP(38,3,1) 38, 38,38 1.0000 0.1717 0.1703
MLP(38,3,1) 38,38,38 0.1000 0.1145 0.1087
MLP(38,3,1) 38, 38,38 0.0100 0.0860 0.0982
MLP(38,3,1) 38, 38,38 0.0010 0.0810 0.0961
MLP(38,3,1) 38, 38,38 0.0001 0.0770 0.0953

The lowest overall RMSE is achieved with the Adam
solver with a = 0.0001. Fig. 5 is the loss curve for this
model as well as the best model with SGD solver.

— Adam solver
0.014 - —— SGD solver

0.012-

0.010 -

Loss

0.008 -

0.006 -

0.004 -

0 5 10 15 20 25 30 35 40
Iterations

Fig. 5. Loss curve for the MLP model.

The Adam solver model stopped after 16 iterations
when the training loss did not improve more than the
tolerance of 0.0001 for 10 consecutive epochs. The SGD
solver was set to an early stop after 40 iterations. Fig. 6 is
the resulting plot for the model performance of the
MLP(38,3,1) model with Adam weight optimization and
38 neurons in both hidden layers. This scatter plot
compares the predicted values with the actual output values
in the test set. The dotted line represents the perfect
relationship where y=1y. A probability density plot of the
residual errors between real and predicted consumption is
presented in Fig. 7, and indicate that the residual error is
concentrated around 0. The mean residual is -5.335e-3.
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Fig. 6. Model performance on test set.
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Fig.7. Probability density function of the residual errors.



V. DISCUSSION

A correlation analysis is performed for the input
variables in order to understand how each input influences
the target variable. Wind speed, current speed and “waiting
on weather” indicate harsh weather conditions, resulting in
higher power demand from thrusters to keep the floating
rig stationary above the well. As expected, operational
mode 2 “Drill actual” also has high impact on fuel
consumption. A predictive model with best performance is
obtained by training an MLP with three hidden layers with
weight optimization by the Adam solver. The MLP
regression model predicts the fuel consumption for the test
set with a mean absolute error, mean square error and root
mean square error of 0.0464, 0.0059 and 0.0770,
respectively. The model performance scatter plot in Fig. 6
shows that the predicted values for the test set is
concentrated around the dotted line where y=y. The mean
residual indicates that the difference between real and
predicted value is close to zero and that, on average, the
predicted value slightly overestimates the real value.

Implementing this predictive model in the daily
operations on a MODU has good potential to support
decision-making and give offshore personnel a forecast of
the fuel consumption over the next days or hours. Weather
forecasts and the upcoming operational plans are easily
loaded into the model, and the model gives an estimate of
the upcoming fuel consumption based on historical data in
the training set. Table IV illustrate predictions using the
proposed machine learning based approach. Only the three
most important features (ops. mode 2, wind speed and
current speed) are described in this table.

TABLE IV
ILLUSTRATIVE PREDICTIONS OF FUEL
CONSUMPTION

Ops. mode Wind Current Actual Predicted
2 “Drill speed speed value value
actual”

0 7.858465 0.285602 0.988064 0.993091
0 20.76176 0.882120 2.532198 2.501048
0 9.541561 0.865391 1.003447 1.037735
0 5.131526 0.521386 1.206436 1.196783
1 18.777922 0.730153 1.112798 1.190533
0 3.267473 0.541350 1.281728 1.300634
0 17.456802 0.927621 1.105952 1.120031

It is possible to use these predicted values of fuel
consumptions to set performance goals for offshore
personnel, much like the “perfect well” approach
developed by Equinor.

VI. CONCLUSION

Results from this paper indicates that artificial neural
networks and the MLP regressor is a suitable algorithm for
predictive modelling of fuel consumption on a MODU.
Weight optimization by the Adam solver yields better

results than the SGD solver for weight optimization. The

best o parameter for the L2 regularization term is 0.0001

with the Adam solver. The MLP regression model predicts

the fuel consumption for the test set with an RMSE of

0.0770. The following is a list of recommendations for

further research on the subject:

e Predict fuel consumption for different groups of
consumers, such as thrusters/station-keeping or
HVAC.

e Combine machine learning model with methods for
time series forecasting such as Autoregressive
Integrated Moving Average (ARIMA).
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B. Python scripts

Daily drilling log

June 10, 2019

1 Daily drilling log
1.0.1 Import necessary packages and load data

In [2]: # Import packages
Jmatplotlib notebook
import pandas as pd
import matplotlib.pyplot as plt
import numpy as np
import datetime as dt
from matplotlib import style
style.use('ggplot')
from pandas import datetime
from pandas.plotting import register_matplotlib_converters
register_matplotlib_converters()
import seaborn as sns

In [3]: # Load Excel file
time_log=pd.read_excel('DSA_log.xlsx', sheet_name = 'Main', skiprows=2, usecols=('A,C,
time_log.head(5)

Out [3]: Date Start Time Depth Operation Code \
2805 2019-01-20 2019-01-20 00:00:00 0.0 24.60
2804 2019-01-20 2019-01-20 00:20:00 0.0 24.00
2803 2019-01-20 2019-01-20 09:45:00 0.0 24.73
2802 2019-01-20 2019-01-20 12:00:00 0.0 24.73
2801 2019-01-20 2019-01-20 18:00:00 0.0 24.20

Operation Code Name
2805 YARDSTAY/MAINTENANCE STOP

2804 IN TRANSIT / SKID RIG
2803 DP TRIALS
2802 DP TRIALS

2801 ANCHOR HANDLING ARRIVAL

1.0.2 Data cleaning

In [4]: # Convert from Europe/Oslo time zone to UTC time zone
time_log["Start Time"] = time_log["Start Time"].dt.tz_localize("Europe/Oslo").dt.tz_col



In [5]: # Add datetime column
time_log['Datetime'] = time_log['Start Time']

In [6]: # Find duplicate Tows
pd.value_counts(time_log['Datetime'])

Out[6]: 2019-02-26 13:30:00+00:00
2019-04-27 11:10:00+00:00
2019-04-26 23:20:00+00:00
2019-04-27 01:40:00+00:00
2019-02-01 04:30:00+00:00
2019-02-05 11:25:00+00:00
2019-03-12 06:00:00+00:00
2019-04-27 04:00:00+00:00
2019-02-25 12:45:00+00:00
2019-04-15 05:45:00+00:00
2019-02-12 00:00:00+00:00
2019-02-25 11:30:00+00:00
2019-02-25 13:15:00+00:00
2019-03-15 10:15:00+00:00
2019-02-25 11:00:00+00:00
2019-04-26 22:00:00+00:00
2019-02-25 13:00:00+00:00
2019-03-12 10:30:00+00:00
2019-03-01 23:45:00+00:00
2019-04-03 05:45:00+00:00
2019-03-17 04:30:00+00:00
2019-02-01 16:30:00+00:00
2019-03-28 12:45:00+00:00
2019-02-15 07:55:00+00:00
2019-03-30 23:00:00+00:00
2019-04-24 03:10:00+00:00
2019-02-13 00:50:00+00:00
2019-04-14 03:45:00+00:00
2019-04-19 20:00:00+00:00
2019-02-10 15:30:00+00:00

P R R R R R R R R R R R RPRDDNOMNDDNDMNDMNDNODDNDNDNDDNDNDNDDNDNDNDDN

2019-03-03 09:30:00+00:00
2019-04-29 22:45:00+00:00
2019-03-14 14:20:00+00:00
2019-02-02 05:30:00+00:00
2019-02-22 14:10:00+00:00
2019-02-06 17:00:00+00:00
2019-04-10 00:20:00+00:00
2019-04-02 01:45:00+00:00
2019-04-13 21:15:00+00:00
2019-01-23 11:00:00+00:00
2019-03-14 08:15:00+00:00

R e e e T o o S S



In [7]:

Out[7]:

2019-
2019-
2019-
2019-
2019-
2019-
2019-
2019-
2019-
2019-
2019-
2019-
2019-
2019-
2019-
2019-
2019-
2019-
2019-
Name:

02-14 01:00:00+00:00
04-14 07:05:00+00:00
02-13 05:30:00+00:00
03-28 06:15:00+00:00
02-15 11:15:00+00:00
03-15 18:30:00+00:00
04-29 22:25:00+00:00
04-13 23:05:00+00:00
04-15 07:30:00+00:00
03-20 06:00:00+00:00
02-24 10:15:00+00:00
02-19 12:30:00+00:00
03-26 23:15:00+00:00
04-11 05:45:00+00:00
03-29 05:00:00+00:00
04-26 07:30:00+00:00
02-09 13:30:00+00:00
03-12 10:15:00+00:00
02-21 22:00:00+00:00
Datetime, Length: 2789, dtype:

e N L T e T e e e e S S S S S S

# See which rows are duplicated
time_log[time_log.duplicated(keep=False)]

2727
2726
1943
1942
1941
1940
1939
1938
1937
1936
397

396

2727
2726
1943
1942
1941
1940
1939
1938
1937

Date Start

int64

Time Depth Operation Code

2019-02-01 2019-02-01 04:30:00+00:00 0.

2019-02-01 2019-02-01 04:30:00+00:00
2019-02-25 2019-02-25 11:30:00+00:00
2019-02-25 2019-02-25 11:30:00+00:00
2019-02-25 2019-02-25 12:45:00+00:00
2019-02-25 2019-02-25 12:45:00+00:00
2019-02-25 2019-02-25 13:00:00+00:00
2019-02-25 2019-02-25 13:00:00+00:00
2019-02-25 2019-02-25 13:15:00+00:00
2019-02-25 2019-02-25 13:15:00+00:00
2019-04-15 2019-04-15 05:45:00+00:00
2019-04-15 2019-04-15 05:45:00+00:00

Operation Code Name

HANDLE LANDING JOINT

HANDLE LANDING JOINT

RIG DOWN BOP RUNNING EQUIPMENT
RIG DOWN BOP RUNNING EQUIPMENT
RIG DOWN BOP RUNNING EQUIPMENT
RIG DOWN BOP RUNNING EQUIPMENT
CHANGE HANDLING EQUIPMENT
CHANGE HANDLING EQUIPMENT

RUN, LP-RISER / DIVERTER

O O O O O OO O o oo
O O O O O OO OO OO o

2019-02-01
2019-02-01
2019-02-25
2019-02-25
2019-02-25
2019-02-25
2019-02-25
2019-02-25
2019-02-25

0

04:
04:
11:
11:
12:
12:
13:
13:
13:

30:
30:
30:
30:
45:
45:
00:
00:
15:

Datet

00+00:
00+00:
00+00:
00+00:
00+00:
00+00:
00+00:
00+00:
00+00:

14.
14.
14.
14.
14.
14.

6.

6.
14.
14.
25.
25.

ime
00
00
00
00
00
00
00
00
00

31
31
17
17
17
17
33
33
23
23
30
30

\



1936 RUN, LP-RISER / DIVERTER 2019-02-25 13:15:00+00:00
397 PREJOBMEETING - BRIEF/DEBRIEF 2019-04-15 05:45:00+00:00
396 PREJOBMEETING - BRIEF/DEBRIEF 2019-04-15 05:45:00+00:00

In [8]: # Drop duplicates
time_log = time_log.drop_duplicates(subset='Datetime’',keep='first"')

In [9]: # Change datetime from string to DateTime
time_log['Datetime']=pd.to_datetime(time_log['Datetime'])
time_log.head(5)

Out [9] : Date Start Time Depth Operation Code \
2805 2019-01-20 2019-01-19 23:00:00+00:00 0.0 24.60
2804 2019-01-20 2019-01-19 23:20:00+00:00 24.00
2803 2019-01-20 2019-01-20 08:45:00+00:00 24.73
2802 2019-01-20 2019-01-20 11:00:00+00:00 24.73
2801 2019-01-20 2019-01-20 17:00:00+00:00 24.20

o O O O
o O O O

Operation Code Name Datetime
2805 YARDSTAY/MAINTENANCE STOP 2019-01-19 23:00:00+00:00
2804 IN TRANSIT / SKID RIG 2019-01-19 23:20:00+00:00
2803 DP TRIALS 2019-01-20 08:45:00+00:00
2802 DP TRIALS 2019-01-20 11:00:00+00:00
2801 ANCHOR HANDLING ARRIVAL 2019-01-20 17:00:00+00:00

In [13]: # Set Datetime as index column
OPS = time_log.set_index('Datetime').iloc[:,2:5]

In [14]: # Resample to 1 sec
OPS_res = OPS.resample('1s') .pad()

In [15]: # Dataframe with only "Depth" and "Operation Code"
df = OPS_res.iloc[:,0:2]

In [16]: # Choose time interval for dataframe
df_new = df.loc['2019-01-25 16:00:00"':'2019-04-29 16:00:00']

In [ ]: # Save as CSV file
df _new.to_csv('drilling_log.csv')

1.0.3 One-hot encoding of operation codes

In [17]: # Dataframe with only operation codes
log_s = df_new['Operation Code']

In [18]: # Round off operation codes to integer
log_int = round(log_s)

In [19]: # Create dummy variables (one-hot encoding)
ops_int = pd.get_dummies(log_int)

4



In [21]: # Check which ops codes we have
ops_int.columns

Out[21]: Float64Index([ 1.0, 2.0, 3.0, 5.0, 6.0, 7.0, 8.0, 11.0, 12.0, 13.0, 14.0,
15.0, 19.0, 21.0, 23.0, 24.0, 25.0, 26.0, 27.0, 31.0, 32.0, 34.0,
35.0, 38.0, 41.0, 43.0],
dtype='float64')

In [22]: # This is the resuling one-hot encoded matriz
ops_int.head(5)

Out [22] : 1.0 2.0 3.0 5.0 6.0 7.0 8.0 11.0 \
Datetime
2019-01-25 16:00:00+00:00 0 0 0 0 0 0 0 0
2019-01-25 16:00:01+00:00 0 0 0 0 0 0 0 0
2019-01-25 16:00:02+00:00 0 0 0 0 0 0 0 0
2019-01-25 16:00:03+00:00 0 0 0 0 0 0 0 0
2019-01-25 16:00:04+00:00 0 0 0 0 0 0 0 0
12.0 13.0 25.0 26.0 27.0 31.0 32.0 \
Datetime
2019-01-25 16:00:00+00:00 0 0 0 0 0 0 0
2019-01-25 16:00:01+00:00 0 0 0 0 0 0 0
2019-01-25 16:00:02+00:00 0 0 0 0 0 0 0
2019-01-25 16:00:03+00:00 0 0 0 0 0 0 0
2019-01-25 16:00:04+00:00 0 0 0 0 0 0 0

34.0 35.0 38.0 41.0 43.0
Datetime
2019-01-25 16:00:00+00:00
2019-01-25 16:00:01+00:00
2019-01-25 16:00:02+00:00
2019-01-25 16:00:03+00:00
2019-01-25 16:00:04+00:00

o O O O O
o O O O O
o O O O O
O O O O O
e

[5 rows x 26 columns]

In [ 1: # Save as CSV file
ops_int.to_csv('drilling_one_hot_encoded.csv')



Fuelcons

June 10, 2019

1 Fuel calculations

1.0.1 Import necessary packages

In [1]: # Import packages
Jmatplotlib notebook
import pandas as pd
import matplotlib.pyplot as plt
import numpy as np
import datetime as dt
from matplotlib import style
style.use('ggplot')
from pandas import datetime
import datareservoirio as drio
from pandas.plotting import register_matplotlib_converters
register_matplotlib_converters()
import seaborn as sns

In [2]: #Define time format
def parser(x):
return datetime.strptime(x, '%Y-Ym-%d %H:%M:%S.%f")

In [3]: # DataReservoir authenticator
auth = drio.Authenticator()

Authentication from previous session still valid.

In [4]: client = drio.Client(auth, cache_opt={'max_size': 128%1024})

1.0.2 Fuel consumption

In [6]: # Define time interval
start='2019-01-20 16:00:00"'
end='2019-05-01 16:00:00'

In [6]: # Load generator power data from DataReservoir
incomer_genl_pwr_raw = client.get('8d799c0e-3c93-4e11-8a5f-268ba991cOb5',start = start
incomer_gen2_pwr_raw = client.get('289f8ab1-6982-47af-803e-2628145baded’' ,start = start



In [7]:

In [8]:

incomer_gen3_pwr_raw

incomer_gen4_pwr_raw =

incomer_genb_pwr_raw
incomer_gen6_pwr_raw
incomer_gen7_pwr_raw
incomer_gen8_pwr_raw

# Resample to 1 s with

incomer_genl_pwr_res
incomer_gen2_pwr_res
incomer_gen3_pwr_res
incomer_gen4_pwr_res
incomer_genb_pwr_res
incomer_gen6_pwr_res
incomer_gen7_pwr_res
incomer_gen8_pwr_res

client.get('355f976b—1ed0—4337—956c—fdd51d9b93ab',start = start
client.get ('607f£d49-916b-4ea9-a971-114e3a26df27"',start = start
client.get ('2b186ec6-254a-42cf-bebc-242c2d8c7588"' ,start = start
client.get('c570b34c-9fb2-4£f87-a62d-70dc6d19d0b7"' ,start = start
client.get('1203cc00-c8b7-496c-b604-8f145f06cef7 ' ,start = start
client.get ('04dla3c6-8bdd-47ff-af4e-ae099173643d',start = start

forward fill

incomer_genl_pwr_raw.
incomer_gen2_pwr_raw.
incomer_gen3_pwr_raw.
incomer_gen4_pwr_raw.
incomer_genb_pwr_raw.
incomer_gen6_pwr_raw.
incomer_gen7_pwr_raw.
incomer_gen8_pwr_raw.

resample('1s').
resample('1s').
resample('1s').
resample('1s').
resample('1s').
resample('1s').
resample('1s').
resample('1s').

# Calculate engine load/load)

load_perc_genl
load_perc_gen2
load_perc_gen3
load_perc_gen4
load_perc_genb
load_perc_gen6
load_perc_gen7
load_perc_gen8

incomer_genl_pwr_res
incomer_gen2_pwr_res
incomer_gen3_pwr_res
incomer_gen4_pwr_res
incomer_genb_pwr_res
incomer_gen6_pwr_res
incomer_gen7_pwr_res
incomer_gen8_pwr_res

(5760%0.
(5760%0.
(5760%0.
(5760%0.
(5760%0.
(5760%0.
(5760%0.
(5760%0.

96%0.
96%0.
96%0.
96%0.
.98)
96%0.
96%0.
96%0.

96*0

98)
98)
98)
98)

98)
98)
98)

In [9]:

# Plot load)

fig=plt.figure(figsize=(10,5))

axl=fig.add_subplot(111)

plt

axl.
axl.
axl.
axl.
axl.
axl.
axl.
axl.

axl.
plt.
axl.

plt

.title('Title', y=1)

plot(load_perc_genl.
plot(load_perc_gen2.
plot(load_perc_gen3.
plot(load_perc_gen4.
plot(load_perc_gen5.
plot(load_perc_gen6.
plot(load_perc_genT.
plot(load_perc_gen8.

set_ylabel('Load’%"')
legend(loc="'best')
set_ylim(-10,75)

.show ()

loc['2019-02-04
loc['2019-02-04
loc['2019-02-04
loc['2019-02-04
loc['2019-02-04
loc['2019-02-04
loc['2019-02-04
loc['2019-02-04
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00']*100,label="Ge:
00']*100,1label="Ge:
00']*100,1label="Ge:



<IPython.core.display.HTML object>

In [10]: # Calculating from load/ to g/kWh

In [11]:

In

In

In

In

In

In

Out [20] :

[12]:

[13]:

[14]:

[15]:

[19]:

[20]:

fuel_cons_genl = (134.22+load_perc_genl+*load_perc_gen8) - (224.44xload_perc_genl)
fuel_cons_gen2 = (134.22+load_perc_gen2+load_perc_gen8) - (224.44xload_perc_gen2)
fuel_cons_gen3 = (134.22*load_perc_gen3+*load_perc_gen8) - (224.44xload_perc_gen3)
fuel_cons_gend = (134.22*load_perc_gend*load_perc_gen8) - (224.44xload_perc_gen4d)
fuel_cons_genb = (134.22%load_perc_genb+load_perc_gen8) - (224.44xload_perc_gen5)
fuel_cons_gen6 = (134.22+load_perc_gen6+load_perc_gen8) - (224.44xload_perc_gen6)
fuel_cons_gen7 = (134.22+load_perc_gen7+load_perc_gen8) - (224.44xload_perc_gen7)
fuel_cons_gen8 = (134.22+load_perc_gen8+load_perc_gen8) - (224.44xload_perc_gen8)

# Converting from specific fuel consumption g/kWh to fuel consumption m3/s
fuell = (fuel_cons_genl/(845*3600%1000))*5760*1load_perc_genl
fuel2 = (fuel_cons_gen2/(845+3600%1000))*5760*1oad_perc_gen2
fuel3 = (fuel_cons_gen3/(845%3600%1000))*5760*1oad_perc_gen3
fueld = (fuel_cons_gen4/(845%x3600%1000))*5760+1oad_perc_gen4d
fuelb = (fuel_cons_genb/(845%3600%1000))*5760*1oad_perc_genb
fuel6 = (fuel_cons_gen6/(845+3600%1000))*5760+1load_perc_gen6
fuel7 = (fuel_cons_gen7/(845*3600%1000))*5760%1load_perc_gen7
fuel8 = (fuel_cons_gen8/(845%3600%1000))*5760*1oad_perc_gen8

# Dataframe with fuel consumption m3/s
m3s = pd.DataFrame({'m3/s genl': fuell, 'm3/s gen2': fuel2, 'm3/s gen3': fuel3,

# Fill missing values with forward fill and backfill
filled_fuel = m3s.ffill() .bfill()

# Add fuel consumption from all diesel engines
filled_fuel['Total m3/s']=filled_fuel.sum(axis=1)

# Series with fuel consumption m3/s
total_fuel_sec = filled_fuel['Total m3/s']

# Series with fuel consumption m3/h
fuel_m3_hour = total_fuel_sec * 60 * 60

# Sum up fuel consumption per day (m3/day)
total_fuel_day = total_fuel_sec.resample('1D').sum()
total_fuel_day.head(5)

2019-01-23 00:00:00+00:00 26.308882
2019-01-24 00:00:00+00:00 26.288279
2019-01-25 00:00:00+00:00 36.405416
2019-01-26 00:00:00+00:00 29.843364
2019-01-27 00:00:00+00:00 26.497666
Freq: D, Name: Total m3/s, dtype: float64

+ 4+ 4+ 4+ 4+ 4+ o+ o+
NNNNNNNDN

'm3/s



In [24]: # Plot fuel consumption m3/day
plt.figure(figsize=(20,5))
plt.plot(total_fuel_day)
plt.title('Fuel cons m3/day')

<IPython.core.display.Javascript object>

<IPython.core.display.HTML object>

Out[24]: Text(0.5, 1.0, 'Fuel cons m3/day')

In [25]: # Sum up fuel consumption per hour
total_fuel_hour = total_fuel_sec.resample('1H') .sum()

In [26]: # Plot fuel consumption m3/hour
fig=plt.figure(figsize=(10,3))
total_fuel_hour.plot.line(style='-"',label='x")
plt.savefig('lineplot.png')

<IPython.core.display.Javascript object>

<IPython.core.display.HTML object>

C:\Users\243512\AppData\Local\Continuum\anaconda3\lib\site-packages\pandas\core\arrays\datetim
"will drop timezone information.", UserWarning)

In [27]: # Plot fuel consumption m3/h
fig=plt.figure(figsize=(10,5))
axl=fig.add_subplot(111)

P '2019-04-15 15:16:30"'
q = '2019-04-15 15:20:30'

axl.plot(fuel_m3_hour.loc[p:q],label='Fuel consumption',lw=1,c='teal')
axl.set_ylabel('m3/h")
plt.legend(loc="'best')
axl.set_ylim(0.85,1.5)

plt.show()

#plt.savefig('FU-casel.png')
#plt.savefig('FU-case2.png')



<IPython.core.display.Javascript object>

<IPython.core.display.HTML object>

In [28]: # Plot engine load
fig=plt.figure(figsize=(10,5))
ax1=fig.add_subplot(111)

P '2019-04-15 15:16:30"'
q = '2019-04-15 15:20:30"'

axl.plot(load_perc_genl.loc[p:ql*100,label="'DG1"',1lw=1)
axl.plot(load_perc_gen2.loc[p:q]l*100,label="'DG2"',1lwu=1)
#azl.plot(load_perc_gen3.loc[p:q]*100, label="'DG3", lw=1)
#azl.plot(load_perc_gen.loc[p:q]*100, label="'DG4 ", lw=1)
#axl.plot(load_perc_gen5.loc[p:q]*100, label="'DG5", lw=1)
axl.plot(load_perc_gen6.loc[p:q]l*100,label="'DG6',1lu=1)
#azl.plot (load_perc_gen7.loc[p:ql*100, label="'DG7', lw=1)
#azl.plot (load_perc_gen8.loc[p:ql*100, label="'DG8', lw=1)

axl.set_ylabel('Load’')
plt.legend(loc='best')
axl.set_ylim(-10,80)

plt.show()

#plt.savefig('LP-casel.png')
#plt.savefig('LP-case2.png')

<IPython.core.display.Javascript object>

<IPython.core.display.HTML object>

1.0.3 Add data from daily drilling log

In [30]: # Load drilling log data and exztract input feature "depth"
time_log = pd.read_csv('drilling log.csv', index_col='Datetime', parse_dates = True)
depth = time_log['Depth']

1.0.4 Add weather data etc.

In [31]: # Load weather and gps data from DataReservoir
latitude_raw = client.get('7427ec78-8313-46fa-b9b9-67eae32f300a',start = start, end =
longitude_raw = client.get('21b982f4-262b-4624-b639-0bbb072d9e84"',start = start, end

5



In [33]:

In [34]:

In [35]:

In [36]:

In [37]:

Out [37]:

current_direction_raw = client.get('52b55145-455a-4c49-bldc-9e6342ce7c77',start = sta:

current_speed_raw = client.get('c9fe90f6-40df-4f6c-b367-331d3d3b410e',start

start,

draught_raw = client.get('8c655cb2-5909-4519-979b-912f0clcabca’,start = start, end =
wind_direction_raw = client.get('e7661b3c-1c20-46fc-9c9a-a34bbc0f4b68',start = start,
wind_speed_raw = client.get('877e8bcd-bef0-4917-9f05-5874c17£8341',start = start, end

# Resample to 1 sec and forward fill

latitude_res = latitude_raw.resample('1s').pad()

longitude_res = longitude_raw.resample('ls').pad()
current_direction_res = current_direction_raw.resample('ls').pad()
current_speed_res = current_speed_raw.resample('1ls').pad()
draught_res = draught_raw.resample('ls') .pad()

wind_direction_res = wind_direction_raw.resample('1s').pad()
wind_speed_res = wind_speed_raw.resample('1s') .pad()

# Make dataframe
df = pd.DataFrame({'Fuel_consumption': fuel_m3_hour, 'Depth in well': depth,

# Fill missing data with front fill and backfill
df _filled= df.£f£fi11().bfill()

# Add input features "Day of year" and "Hour of Day"
df _filled['Day'] = df_filled.index.dayofyear
df _filled['Hour'] = df_filled.index.hour

# Reset index
new_df = df _filled.reset_index()
new_df .head(10)

index Fuel_consumption Depth in well Latitude \

0 2019-01-23 00:00:06+00:00 1.027309 0.0 1.065338
1 2019-01-23 00:00:07+00:00 1.027309 0.0 1.065338
2 2019-01-23 00:00:08+00:00 1.028482 0.0 1.065338
3 2019-01-23 00:00:09+00:00 1.032443 0.0 1.065338
4 2019-01-23 00:00:10+00:00 1.032377 0.0 1.065338
5 2019-01-23 00:00:11+00:00 1.029214 0.0 1.065338
6 2019-01-23 00:00:12+00:00 1.030181 0.0 1.065338
7 2019-01-23 00:00:13+00:00 1.023198 0.0 1.065338
8 2019-01-23 00:00:14+00:00 1.022963 0.0 1.065338
9 2019-01-23 00:00:15+00:00 1.028101 0.0 1.065338
Longitude Current direction Current speed Draught Wind direction \
0 0.062364 0.648136 0.546649 24.826622 -0.319278
1 0.062364 0.648136 0.546649 24.826622 -0.319278
2 0.062364 0.634876 0.530271 24.826885 -0.329021
3 0.062364 0.618660 0.511536 24.827158 -0.328347
4 0.062364 0.601338 0.493684 24.827436 -0.332697
5 0.062364 0.584708 0.479889 24.827719 -0.333125
6 0.062364 0.571979 0.472463 24.828000 -0.331139

'Latitud



© 00

0.062364
0.062364
0.062364

Wind speed

© 00 N O Ol WN = O

18.
18.
18.
18.
18.
18.
18.
18.
18.
18.

522430
522430
431189
374803
339280
306420
287144
291555
301160
321085

Day
23
23
23
23
23
23
23
23
23
23

0.567361
0.573889
0.591850

Hour

O O O O O O O oo o

In [38]: # Rename tindez column
new_df .rename (columns={"index": "Datetime"}, inplace=True)
new_df .head(5)

Out [38] :

0 2019-01-23
1 2019-01-23
2 2019-01-23
3 2019-01-23
4 2019-01-23

Longitude
0 0.062364
1 0.062364
2 0.062364
3 0.062364
4 0.062364

Wind speed
0  18.522430
1 18.522430
2 18.431189
3  18.374803
4  18.339280

00:00:
00:00:
00:00:
00:00:
00:00:

0.472444
0.479487
0.492420

24.828276
24.828543
24.828798

Datetime Fuel_consumption Depth in well

06+00:00
07+00:00
08+00:00
09+00:00
10+00:00

.027309
.027309
.028482
.032443
.032377

Current direction Current speed

Day
23
23
23
23
23

0.648136
0.648136
0.634876
0.618660
0.601338

Hour

O O O O O

In [ 1: # Save dataframe as CSV file

new_df.to_csv('fuelcons_multivariate_input.csv')

0.546649
0.546649
0.530271
0.511536
0.493684

0.0
0.0
0.0
0.0
0.0

-0.330582
-0.331332
-0.329606

Latitude \

1.
.065338
.065338
.065338
.065338

Draught Wind

24.826622
24.826622
24.826885
24.827158
24.827436

065338

direction \
-0.319278
-0.319278
-0.329021
-0.328347
-0.332697



MLP regressor

June 10, 2019

1 MLP Regressor and correlation plots

1.0.1 Import necessary packages

In [1]: # Import packages
Jmatplotlib notebook
import pandas as pd
import matplotlib.pyplot as plt
import numpy as np
import datetime as dt
from matplotlib import style
style.use('ggplot')
from pandas import datetime
import datareservoirio as drio
from pandas.plotting import register_matplotlib_converters
register_matplotlib_converters()
import seaborn as sns

1.0.2 Import cleaned data

In [3]: # Load fuel consumption and weather data
df_m = pd.read_csv('fuelcons_multivariate_input.csv', index_col = 'Datetime', usecols=
df_1 = df_m.loc['2019-01-25 16:00:00+00:00"':'2019-04-25 16:00:00+00:00"']
df _1.head(5)

Out [3]: Fuel_consumption Depth in well Latitude \
Datetime
2019-01-25 16:00:00+00:00 1.807751 0.0 1.065337
2019-01-25 16:00:01+00:00 1.789441 0.0 1.065337
2019-01-25 16:00:02+00:00 1.752199 0.0 1.065337
2019-01-25 16:00:03+00:00 1.732183 0.0 1.065337
2019-01-25 16:00:04+00:00 1.636249 0.0 1.065337

Longitude Current direction Current speed \

Datetime
2019-01-25 16:00:00+00:00 0.062365 0.009081 0.565714
2019-01-25 16:00:01+00:00 0.062365 0.011541 0.565834



2019-01-25 16:00:02+00:00  0.062365 0.016058 0.567418
2019-01-25 16:00:03+00:00  0.062365 0.020473 0.570278
2019-01-25 16:00:04+00:00 0.062365 0.022767 0.573709

Draught Wind direction Wind speed Day Hour

Datetime

2019-01-25 16:00:00+00:00 25.041110 -0.398286 16.677326 25 16
2019-01-25 16:00:01+00:00 25.041430 -0.396239 16.767210 25 16
2019-01-25 16:00:02+00:00 25.041761 -0.392005 16.899961 25 16
2019-01-25 16:00:03+00:00 25.042097 -0.391867 17.016794 25 16
2019-01-25 16:00:04+00:00 25.042427 -0.390627 17.102295 25 16

In [5]: # Load operational codes (one hot encoded)
ops = pd.read_csv('drilling_one_hot_encoded.csv', index_col = 'Datetime',parse_dates=T
df_2 = ops.loc['2019-01-25 16:00:00+00:00':'2019-04-25 16:00:00+00:00"]
df _2.head(5)

Out [5] : 1.0 2.0 3.0 5.0 6.0 7.0 8.0 11.0 12.0 \

Datetime

2019-01-25 16:00:00+00:00 0 0 0 0 0 0 0 0 0

2019-01-25 16:00:01+00:00 0 0 0 0 0 0 0 0 0

2019-01-25 16:00:02+00:00 0 0 0 0 0 0 0 0 0

2019-01-25 16:00:03+00:00 0 0 0 0 0 0 0 0 0

2019-01-25 16:00:04+00:00 0 0 0 0 0 0 0 0 0
13.0 ... 25.0 26.0 27.0 31.0 32.0 34.0 \

Datetime

2019-01-25 16:00:00+00:00 0 0 0 0 0 0 0

2019-01-25 16:00:01+00:00 0 0 0 0 0 0 0

2019-01-25 16:00:02+00:00 0 0 0 0 0 0 0

2019-01-25 16:00:03+00:00 0 0 0 0 0 0 0

2019-01-25 16:00:04+00:00 0 0 0 0 0 0 0
35.0 38.0 41.0 43.0

Datetime

2019-01-25 16:00:00+00:00 0 0 0 1

2019-01-25 16:00:01+00:00 0 0 0 1

2019-01-25 16:00:02+00:00 0 0 0 1

2019-01-25 16:00:03+00:00 0 0 0 1

2019-01-25 16:00:04+00:00 0 0 0 1

[5 rows x 26 columns]

In [6]: # Add the two dataframes together
df _col = pd.concat([df_1,df_2], axis=1)

In [7]: # Convert to UNIX time
df = df_col.reset_index()



df ['Datetime'] = pd.DatetimeIndex(df['Datetime']).astype(np.int64) // 1000000000

df .head(5)
Out [7]: Datetime Fuel_consumption Depth in well Latitude Longitude \

0 1548432000 1.807751 0.0 1.065337 0.062365

1 1548432001 1.789441 0.0 1.065337 0.062365

2 1548432002 1.752199 0.0 1.065337 0.062365

3 1548432003 1.732183 0.0 1.065337 0.062365

4 1548432004 1.636249 0.0 1.065337 0.062365

Current direction Current speed Draught Wind direction Wind speed \

0 0.009081 0.565714 25.041110 -0.398286 16.677326

1 0.011541 0.565834 25.041430 -0.396239 16.767210

2 0.016058 0.567418 25.041761 -0.392005 16.899961

3 0.020473 0.570278 25.042097 -0.391867 17.016794

4 0.022767 0.573709 25.042427 -0.390627 17.102295
25.0 26.0 27.0 31.0 32.0 34.0 35.0 38.0 41.0 43.0

0 0 0 0 0 0 0 0 0 0 1

1 0 0 0 0 0 0 0 0 0 1

2 0 0 0 0 0 0 0 0 0 1

3 0 0 0 0 0 0 0 0 0 1

4 0 0 0 0 0 0 0 0 0 1

[5 rows x 38 columns]

In [8]: # Description of all features
df .describe() . transpose()

Out [8]: count mean std min \
Datetime 7776001.0 1.552320e+09 2.244738e+06 1.548432e+09
Fuel_consumption  7776001.0 1.115234e+00 2.637618e-01 5.159828e-01
Depth in well 7776001.0 6.951707e+02 1.068558e+03 0.000000e+00
Latitude 7776001.0 1.065330e+00 1.919788e-06 1.065322e+00
Longitude 7776001.0 6.237767e-02 4.691119e-06 6.235286e-02
Current direction 7776001.0 7.372725e-01 1.473847e+00 -3.141592e+00
Current speed 7776001.0 6.755604e-01 1.936276e-01 1.266806e-02
Draught 7776001.0 2.490957e+01 3.937708e-01 2.091119e+01
Wind direction 7776001.0 -2.096475e-01 1.593127e+00 -3.141592e+00
Wind speed 7776001.0 9.188779e+00 4.950325e+00 3.136683e-03
Day 7776001.0 7.016667e+01 2.598344e+01 2.500000e+01
Hour 7776001.0 1.150000e+01 6.922187e+00 0.000000e+00
1.0 7776001.0 3.742283e-03 6.105964e-02 0.000000e+00
2.0 7776001.0 6.863425e-02 2.528312e-01 0.000000e+00
3.0 7776001.0 9.259258e-04 3.041494e-02 0.000000e+00
5.0 7776001.0 5.124228e-02 2.204915e-01 0.000000e+00
6.0 7776001.0 2.303935e-01 4.210847e-01 0.000000e+00
7.0 7776001.0 8.738438e-02 2.823975e-01 0.000000e+00
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25%

.550376e+09
.696400e-01
.000000e+00
.065329e+00
.237726e-02
.012040e-01
.551385e-01
.494172e+01
-1.
.378816e+00
.800000e+01
.000000e+00
.000000e+00
.000000e+00
.000000e+00
.000000e+00
.000000e+00
.000000e+00
.000000e+00
.000000e+00
.000000e+00
.000000e+00
.000000e+00
.000000e+00
.000000e+00
.000000e+00

101734e+00

LTT7777e-03
.386573e-02
.635802e-02
.641975e-02
.995370e-02
.898148e-02
.983024e-02
.700617e-04
.226852e-02
.175925e-03
.233024e-02
.009259e-03
.787036e-04
.496913e-02
.172839e-04
.314815e-04
.641974e-03
.651234e-02
.643518e-02
.645060e-02

N, P, O, NNDMNNDNOONDOOFR R P, EFENEDNDNDOO

50%
.552320e+09
.004411e+00
.510000e+02
.065330e+00
.237835e-02
.010098e+00
.794196e-01
.497944e+01
.407744e-01
.806188e+00
.000000e+01
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.000000e+00
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.643134e-02
.100818e-01
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.013415e-01
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75%
.554264e+09
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.495219e+00
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max
.556208e+09
.401226e+00
.999000e+03
.065338e+00
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.141592e+00
.517747e+00
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1.0.3 Correlation plots
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In [9]: # Make correlation matriz with default Pearson correlations

In [10]:

Out[10]:

In [11]:

Qut[11]:

corr_matrix =

df.corr()

# Visualize correlation matric
corr_matrix.style.background_gradient (cmap='coolwarm')

<pandas.io.formats.style.Styler at 0x18e2bc807b8>
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# Sorted list of absoulte correlations with regards to fuel consumption
abs_corr = np.abs(corr_matrix.Fuel_consumption)
abs_corr_df= pd.DataFrame(abs_corr)
abs_corr_df.sort_values(["Fuel_consumption"], ascending = False, inplace

abs_corr_df

Fuel_consumption
2.0

Wind speed
Current speed
23.0

Depth in well
Draught

Day

Datetime

11.0

6.0

7.0

14.0

Current direction
41.0

5.0

24.0

25.0

31.0

Fuel_consumption

1.000000
.365264
.339310
.212641
.203590
.158404
.146840
.145651
.145293
.128498
.098279
.075374
.069457
.067554
.065259
.061500
.059048
.055078
.053505

O O O O O OO OO OO0 O OO O OoOOo
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In [13]:

19.0 0.040331
3.0 0.034471
Hour 0.033431
35.0 0.032734
13.0 0.032709
26.0 0.026516
15.0 0.025940
43.0 0.025675
21.0 0.024502
Longitude 0.021967
38.0 0.019811
1.0 0.016067
Latitude 0.015693
32.0 0.014073
8.0 0.013893
Wind direction 0.013844
27.0 0.013524
12.0 0.009885
34.0 0.006467

# Define list of all features for the ML model
all_features = list(abs_corr_df.index[1:])

1.0.4 Preprocessing

In [14]:

In [15]:

In [16]:

# Import nmecessary packages

from sklearn.preprocessing import StandardScaler
from sklearn import metrics

from sklearn.model_selection import train_test_split
from sklearn.neural_network import MLPRegressor

# Creating series of target wariable and input features (y:target wvariable, X: input
y = df ['Fuel_consumption'].values
X = df[all_features].values

# Splitting the data into training and test set (test set is 207)
X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.20, random_stat

scaler = StandardScaler()
scaler.fit(X_train)

X_train = scaler.transform(X_train)
X_test = scaler.transform(X_test)

1.0.5 MLP regressor with SGD solver

In [17]:

In [18]:

# Building the ML model
ml_model_sgd = MLPRegressor (random_state=0, max_iter=40, hidden_layer_sizes=(38,38,38

# Fitting the model with training data
trained_model_sgd = ml_model_sgd.fit(X_train, y_train)



Iteration 1, loss = 0.01461873
Iteration 2, loss = 0.00934317
Iteration 3, loss = 0.00805522
Iteration 4, loss = 0.00735338
Iteration 5, loss = 0.00690187
Iteration 6, loss = 0.00658547
Iteration 7, loss = 0.00633801
Iteration 8, loss = 0.00614161
Iteration 9, loss = 0.00596468
Iteration 10, loss = 0.00580324
Iteration 11, loss = 0.00566519
Iteration 12, loss = 0.00554885
Iteration 13, loss = 0.00544435
Iteration 14, loss = 0.00534747
Iteration 15, loss = 0.00525742
Iteration 16, loss = 0.00517738
Iteration 17, loss = 0.00510443
Iteration 18, loss = 0.00503578
Iteration 19, loss = 0.00497408
Iteration 20, loss = 0.00491762
Iteration 21, loss = 0.00486238
Iteration 22, loss = 0.00481067
Iteration 23, loss = 0.00476272
Iteration 24, loss = 0.00471828

Training loss did not improve more than tol=0.000100 for 10 consecutive epochs. Setting learnii

Iteration 25, loss = 0.00466795
Iteration 26, loss = 0.00465899
Iteration 27, loss = 0.00465073
Iteration 28, loss = 0.00464246
Iteration 29, loss = 0.00463448
Iteration 30, loss = 0.00462635
Iteration 31, loss = 0.00461852
Iteration 32, loss = 0.00461094
Iteration 33, loss = 0.00460335
Iteration 34, loss = 0.00459583
Iteration 35, loss = 0.00458876

Training loss did not improve more than tol=0.000100 for 10 consecutive epochs. Setting learnii

Iteration 36, loss = 0.00457933
Iteration 37, loss = 0.00457769
Iteration 38, loss = 0.00457636
Iteration 39, loss = 0.00457489
Iteration 40, loss = 0.00457347

C:\Users\243512\AppData\Local\Continuum\anaconda3\1lib\site-packages\sklearn\neural network\mul
% self .max_iter, ConvergenceWarning)

In [21]: #Predicting the test data using the trained model
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predictions_sgd = trained_model_sgd.predict(X_test)

# Printing MAE, MSE and RMSE

print('Mean Absolute Error:', metrics.mean_absolute_error(y_test, predictions_sgd))
print('Mean Square Error:', metrics.mean_squared_error(y_test, predictions_sgd))
print ('Root Mean Square Error:', np.sqrt(metrics.mean_squared_error(y_test, predictio

Mean Absolute Error: 0.057823752511413876
Mean Square Error: 0.009089942226348171
Root Mean Square Error: 0.09534118850920714

1.0.6 MLP regressor with Adam solver

In [22]: # Butilding the ML model
ml_model_ada = MLPRegressor(random_state=0, max_iter=40, hidden_layer_sizes=(38,38,38

In [23]: # Fitting the model with training data
trained_model_ada = ml_model_ada.fit(X_train, y_train)

Iteration 1, loss = 0.00675147
Iteration 2, loss = 0.00417168
Iteration 3, loss = 0.00384339
Iteration 4, loss = 0.00367566
Iteration 5, loss = 0.00356651
Iteration 6, loss = 0.00348342
Iteration 7, loss = 0.00342432
Iteration 8, loss = 0.00338781
Iteration 9, loss = 0.00335227
Iteration 10, loss = 0.00332256
Iteration 11, loss = 0.00329866
Iteration 12, loss = 0.00328407
Iteration 13, loss = 0.00327366
Iteration 14, loss = 0.00325659
Iteration 15, loss = 0.00324721
Iteration 16, loss = 0.00323755

Training loss did not improve more than tol=0.000100 for 10 consecutive epochs. Stopping.

In [25]: #Predicting the test data using the trained model
predictions_ada = trained_model_ada.predict(X_test)

print('Mean Absolute Error:', metrics.mean_absolute_error(y_test, predictions_ada))
print('Mean Square Error:', metrics.mean_squared_error(y_test, predictions_ada))
print ('Root Mean Square Error:', np.sqrt(metrics.mean_squared_error(y_test, predictio

Mean Absolute Error: 0.04641723209014779
Mean Square Error: 0.005927502138123705
Root Mean Square Error: 0.07699027300980107



1.0.7 Test set and training set accuracy for different learning rates

In [26]: # Checking different learning rates

ml_model_ada0 = MLPRegressor(random_state=0,
ml_model_adal = MLPRegressor(random_state=0,
ml_model_ada2 = MLPRegressor(random_state=0,
ml_model_ada3 = MLPRegressor(random_state=0,

In [27]:

OQut [27]:

In [28]:

In [33]:

In [34]:

# Fitting with training data

ml_model_ada0l.fit(X_train, y_train)
ml_model_adal.fit(X_train, y_train)
ml_model_ada2.fit(X_train, y_train)
ml_model_ada3.fit(X_train, y_train)

max_iter=40, hidden_layer_sizes=(38,38,3
max_iter=40, hidden_layer_sizes=(38,38,3
max_iter=40, hidden_layer_sizes=(38,38,3
max_iter=40, hidden_layer_sizes=(38,38,3

‘
¢
‘
¢
‘
¢
‘
«

MLPRegressor(activation='relu', alpha=0.0001, batch_size='auto', beta_1=0.9,
beta_2=0.999, early_stopping=False, epsilon=1e-08,
hidden_layer_sizes=(38, 38, 38), learning rate='constant',
learning_rate_init=1e-05, max_iter=40, momentum=0.9,
n_iter_no_change=10, nesterovs_momentum=True, power_t=0.5,
random_state=0, shuffle=True, solver='adam', tol=0.0001,
validation_fraction=0.1, verbose=False, warm_start=False)

# Set up empty lists
training_accuracy0 = []
test_accuracy0 = []

training_accuracyl = []
test_accuracyl = []

training_accuracy2 = []
test_accuracy2 = []

training_accuracy3 = []
test_accuracy3 = []

# Fill empty lists with R2 score

training accuracy0.append(ml_model_adaO.score(X_train,y_train))
test_accuracy0.append(ml_model_ada0.score(X_test,y_test))

training_accuracyl.append(ml_model_adal.score(X_train,y_train))
test_accuracyl.append(ml_model_adal.score(X_test,y_test))

training accuracy2.append(ml_model_ada2.score(X_train,y_train))
test_accuracy2.append(ml_model_ada2.score(X_test,y_test))

training_accuracy3.append(ml_model_ada3.score(X_train,y_train))
test_accuracy3.append (ml_model_ada3.score(X_test,y_test))

# R2 score for training and test set,
print(training_accuracy0)

print(test_accuracy0)

learning rate = 0.01



[0.8942763925447031]
[0.8941004656407224]

In [35]: # R2 score for training and test set, learning rate = 0.001
print(training_accuracyl)
print(test_accuracyl)

[0.9152322238797699, 0.9152322238797699]
[0.9149412411754964, 0.9149412411754964]

In [36]: # R2 score for training and test set, learning rate = 0.0001
print(training_accuracy2)
print(test_accuracy2)

[0.8954236587437729, 0.8954236587437729]
[0.895389741492984, 0.895389741492984]

In [37]: # R2 score for training and test set, learning rate = 0.00001
print(training_accuracy3)
print(test_accuracy3)

[0.8571607409345383, 0.8571607409345383]
[0.8573300330934351, 0.8573300330934351]

1.0.8 Performance evaluation

In [38]: # Making a function for the x = y perfect relationship
x_line=[0.7,4]
y_line=[0.7,4]

In [41]: # Scatter plot of real vs predicted values, and dotted line for linear relationship
plt.figure(figsize=(6,6))
plt.scatter(y_test,predictions_ada,marker='o',s=1)
plt.xlabel('Real fuel consumption values')
plt.ylabel('Predicted fuel consumption values')
plt.plot(x_line,y_line,'--',color='black')
plt.title(' ")
plt.savefig('predreal.png')

<IPython.core.display.Javascript object>

<IPython.core.display.HTML object>
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1.0.9 Comparing actual vs. predicted consumption

In [42]:

Out [42] :

In [43]:

In [44]:

Out [44] :

In [45]:

# Creating a dataframe with two columns(real consumption, predicted consumption)
dataframe= pd.DataFrame([y_test, predictions_adal).T
dataframe.columns=['realConsumption', 'predictedConsumption']

dataframe.head(5)

realConsumption predictedConsumption

0 1.170577 1.189542
1 1.010247 0.928975
2 1.026299 0.983982
3 0.948860 0.974437
4 0.988064 0.993091

# Residual error is the difference between real and predicted consumption
Residual_Errors = dataframe.realConsumption - dataframe.predictedConsumption

Residual _Errors.describe()

count 1.555201e+06

mean -5.335377e-03
std 7.680521e-02
min -1.050939e+00
25% -3.503352e-02
50% -8.241588e-03
75% 1.970077e-02
max 2.009050e+00

dtype: float64

plt.figure(figsize=(6,6))
Residual_Errors.plot(kind='kde')
plt.savefig('density.png')

<IPython.core.display.Javascript object>

<IPython.core.display.HTML object>

1.0.10 Testing the model on data outside the training set

In [46]:

In [47]:

In [48]:

# Load data and combine in a new dataframe

df _testingl = df_m.loc['2019-04-25 16:00:00+00:00":'2019-04-28 14:00:00+00:00"']
df _testing2 = ops.loc['2019-04-25 16:00:00+00:00"':'2019-04-28 14:00:00+00:00"]
df_col_testing = pd.concat([df_testingl,df_testing2], axis=1)

# Set index
df_col_testing.index = pd.to_datetime(df_col_testing.index)

# Resample to one hour
df _testing_hour = df_col_testing.resample('1H') .pad()
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In

In

In

In

In

[49] :

[50]:

[51]:

[52]:

[53]:

# Convert to UNIX time
df _testing_hour = df_testing_hour.reset_index()
df _testing_hour['Datetime'] = pd.DatetimeIndex(df_testing_hour['Datetime']) .astype(np

# Make dataframe for input features and target variable
y_testing = df_testing_hour['Fuel_consumption'].values
X_testing = df_testing_hour[all_features].values

# Feature scaling

scaler_testing = StandardScaler()
scaler_testing.fit(X_testing)
X_testing = scaler.transform(X_testing)

# Make predictions on the new input features
predictions_testing = trained_model_ada.predict(X_testing)

# Plot actual values vs predicted values for this data set
fig=plt.figure(figsize=(15,5))
axl=fig.add_subplot(111)

axl.plot(y_testing,label='Actual',lw=0.5)
axl.plot(predictions_testing,label='Predicted',1lw=0.5)

axl.set_ylabel('Fuel consumption [m3/h]")
plt.legend(loc="'best"')
axl.set_ylim(0.80,1.45)

plt.show()

plt.savefig('predactual.png')

<IPython.core.display.Javascript object>

<IPython.core.display.HTML object>
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Power consumption and correlation plots

June 10, 2019

1 Power consumption and correlation plots

1.0.1 Import necessary packages

In [1]: # Import packages
Jmatplotlib notebook
import pandas as pd
import matplotlib.pylab as plt
import numpy as np
import datetime as dt
from matplotlib import style
style.use('ggplot')
from pandas import datetime
import datareservoirio as drio
from pandas.plotting import register_matplotlib_converters
register_matplotlib_converters()

In [2]: # Define the date/time format
def parser(x):

return datetime.strptime(x, '%Y-Ym-%d JH:%M:%S.%f")

In [3]: # Authenticate access to DataReservoir
auth = drio.Authenticator()

Authentication from previous session still valid.

In [4]: client = drio.Client(auth, cache_opt={'max_size': 128%1024})
In [5]: # Set start and end date for time series

start='2019-01-25 16:00:00"'

end='2019-04-25 16:00:00"'

2 Generator

In [6]: # Load raw data from DataReservoir
incomer_genl_pwr_raw = client.get('8d799c0e-3c93-4e11-8a5f-268ba991c0b5', start=start,



incomer_gen2_pwr_raw =
incomer_gen3_pwr_raw =
incomer_gen4_pwr_raw =
incomer_genb_pwr_raw =
incomer_gen6_pwr_raw =
incomer_gen7_pwr_raw =
incomer_gen8_pwr_raw =

In [7]: # Resample to 1s
incomer_genl_pwr_res =
incomer_gen2_pwr_res =
incomer_gen3_pwr_res =
incomer_gen4_pwr_res =
incomer_genb_pwr_res =
incomer_gen6_pwr_res =
incomer_gen7_pwr_res =
incomer_gen8_pwr_res =

client.get('289f8ab1—6982—47af—803e—2628145ba4ed', start=start,

client.get ('355f976b-1ed0-4337-956c-fdd51d9b93ab "',
client.get ('607f£d49-916b-4ea9-a971-114e3a256df27",
client.get('2b186ec6-254a-42cf-be5c-242c2d8c7588",
client.get ('c570b34c-9fb2-4£87-a62d-70dc6d19d0b7 ",
client.get ('1203cc00-c8b7-496c-b604-8f145f06cef7 ",
client.get ('04dla3c6-8bdd-47ff-af4e-ae099173643d",

incomer_genl_pwr_raw.
incomer_gen2_pwr_raw.
incomer_gen3_pwr_raw.
incomer_gen4_pwr_raw.
incomer_genb5_pwr_raw.
incomer_gen6_pwr_raw.
incomer_gen7_pwr_raw.
incomer_gen8_pwr_raw.

resample('1s').
resample('1s').
resample('1s').
resample('1s').
resample('1s').
resample('1s').
resample('1s').
resample('1s').

In [10]: # Make dataframe and calculate sum of total power
gen = pd.DataFrame({'Gen A': incomer_genl pwr_res, 'Gen B': incomer_gen2 pwr_res, 'Gel
gen_filled = gen.f£fill() .bfill()

gen_filled['Total power']l=gen_filled.sum(axis=1)

total_gen = gen_filled['Total power']

3 Distribution (marine, drilling utilities, HVAC)

In [11]: # Load raw data from DataReservoir, drilling utilities:

pad()
pad()
pad()
pad()
pad()
pad()
pad()
pad()

start=start,
start=start,
start=start,
start=start,
start=start,
start=start,

drilli13_raw
drill23_raw
drill33_raw
drill43_raw

= client.get('974e5070-8450-4b74-81d4-6c0917a0a%bl"', start=start, end= en
= client.get ('698672c9-de9d-4ca2-b936-30439c537600"', start=start, end= en
= client.get ('74435696-4263-4098-819f-91d0b2eb1b66', start=start, end= en
= client.get('acc525a6-1985-4a87-947f-d64d00e67afb', start=start, end= en

# Load raw data from DataReservoir, HVAC consumers:

= client.get('aleb0078-67cd-43ed-a87d-29d1a9b25a6b', start=start, end= en
client.get ('1b283686-97c9-4486-803f-40f76c9818a2', start=start, end= end
client.get('2e0c3c2d-5068-4d5b-adbf-e958e28c8f45', start=start, end= end
client.get ('687f8e6a-3bdb-4bOb-abee-al6240b7dfea’, start=start, end= end
client.get('123366d1—5690—46e3—9b37—f5bb771815b0', start=start, end= end

hvacl4_raw

hvaclb_raw =
hvac24_raw =
hvac34_raw =
hvac44_raw =

# Load raw data from DataReservoir, marine utilities including column loads (mud tank

marinell_raw
marinel2_raw
marine21_raw
marine22_raw
marine3l_raw
marine32_raw

= client.
= client.
.get ('38£87491-ee78-4948-8cf7-1a3449cd727c', start=start, end= el
= client.
= client.
.get('1ef93cf1-2a04-412b-8e1d-92d7c4ff4f7a', start=start, end= el

= client

= client

get (' 0650c3f2-bd35-4bf5-b4e5-633937f1da7d', start=start, end= e
get ('18962a0a-aba4-48a9-8723-5eb65607b29¢c', start=start, end= e

get ('62354629-fb82-4ca2-82e6-a2b333c73ab2', start=start, end= el
get ('bccBedf2-e081-42c8-9952-6e98b65¢c2d91', start=start, end= el



marine4l_raw = client.get('b32e327e—3321—4d79—9669—ed392af4dc48', start=start, end= el
marine42_raw = client.get('4192b518-7582-4a96-a03c-dca78b6baad8', start=start, end= e:

In [12]: # Resample to 1s

drilli3_res = drillil3_raw.resample('ls').pad()
drill23_raw.resample('1s') .pad()
drill33_raw.resample('1s') .pad()
drill43_raw.resample('1s') .pad()

drill23_res
drill33_res
drill43_res

hvacl4_res = hvacl4_raw.resample('ls').pad()
hvacl5_res = hvacl5_raw.resample('ls').pad()
hvac24_res = hvac24_raw.resample('ls') .pad()
hvac34_res = hvac34_raw.resample('1s').pad()
hvac44_res = hvac44_raw.resample('1s').pad()

marinell_res = marinell_raw.resample('ls').pad()
marinel2_res = marinel2_raw.resample('1s').pad()
marine21_res = marine2l_raw.resample('1s').pad()
marine22_res = marine22_raw.resample('ls').pad()
marine3l_res = marine3l_raw.resample('1s').pad()
marine32_res = marine32_raw.resample('ls').pad()
marine4l_res = marine4l_raw.resample('ls').pad()
marine42_res = marine42_raw.resample('ls').pad()

In [13]: # Make dataframe and calculate sum of total power

drilll = pd.DataFrame({'Drilli3': drilli13_res, 'Drill23': drill23_res, 'Drill33': dri:
drill_filled = drilll.f£il1().bfill()

drill_filled['Total power']l=drill_filled.sum(axis=1)
drill_ut = drill_filled['Total power']*690%1.732%0.95/1000
In [14]: # Make dataframe and calculate sum of total power

hvacl = pd.DataFrame({'HVAC14': hvacl4_res, 'HVAC15': hvacl5_res, 'HVAC34': hvac34_re
hvac_filled = hvacl.ffill() .bfill1()

hvac_filled['Total power']=hvac_filled.sum(axis=1)
hvac = hvac_filled['Total power']*690%1.732%0.95/1000
In [15]: # Make dataframe and calculate sum of total power

marinel = pd.DataFrame({'Marinell': marinell_res, 'Marinel2': marinel2_res, 'Marine21
marine_filled = marinel.ffill().bfill()

marine_filled['Total power']=marine_filled.sum(axis=1)



marine = marine_filled['Total power']*690%1.732%0.95/1000
In [16]: # Calculate total power for distribution (drilling utility, hvac and marine)

total_dist_sum = drill_ut + hvac + marine

4 Drilling

In [17]: # Load raw data from DataReservoir
drillA_raw = client.get('ed2dc553-4dde-44£8-a01c-005d2d26edd5', start=start, end= end
drillB_raw = client.get('a654a15e—ac8f—474e—87ad—f908ee4867ae', start=start, end= end
drillC_raw = client.get('827848ba—a13b—40e1—922e—24eba264ddd1', start=start, end= end
drillD_raw = client.get('f4741913-6689-4629-a498-b10e8dccad25', start=start, end= end

In [18]: # Resample to 1s
drillA_res = drillA_raw.resample('1s').pad()
drillB_res = drillB_raw.resample('1s').pad()
drillC_res = drillC_raw.resample('1ls').pad()
drillD_res = drillD_raw.resample('1s').pad()

In [19]: # Make dataframe and calculate sum of total power

drill = pd.DataFrame({'Drill A': drillA_res, 'Drill B': drillB_res, 'Drill C': drillC
drill_filled = drill.ffil1() .bfill()

drill_filled['Total power']=drill_filled.sum(axis=1)

total_drill = drill_filled['Total power']

5 Thrusters

In [20]: # Load raw data from DataReservoir
thrA_raw = client.get('4340d9cc-49ba-4271-afbd-c5ce7a21lbacd', start=start, end= end)
thrB_raw = client.get('e33b4fda-0feb5-4ab7-a7cc-cc25cfe8d665', start=start, end= end)
thrC_raw = client.get('f81f31d6—8ece—4f2f—8d8e—ac84b9f86780', start=start, end= end)
thrD_raw = client.get('a965b9f6-eee7-450a-alfb-ea9b8dd4ff9e', start=start, end= end)
thrE_raw = client.get('6b51198a-37eb-4e73-b3ea-60e6e84ec182', start=start, end= end)
thrF_raw = client.get('701f5b8c-562f-4679-99¢c0-9834ce49665a', start=start, end= end)
thrG_raw = client.get('2e47d7ed-53ed-4d81-aal6-£883d01582b3"', start=start, end= end)
thrH_raw = client.get('be304853-cfc6-4e43-a020-dd5be7791£87"', start=start, end= end)

In [21]: # Resample to 1s
thrA_res = thrA_raw.resample('1s').pad()
thrB_res = thrB_raw.resample('ls').pad()
thrC_res = thrC_raw.resample('1s').pad()
thrD_res = thrD_raw.resample('1s').pad()



In

In

In

In

In

[22]:

[23]:

thrE_res = thrE_raw.resample('1s').pad()
thrF_res = thrF_raw.resample('ls').pad()
thrG_res = thrG_raw.resample('1s').pad()
thrH_res = thrH_raw.resample('1s').pad()

# Make dataframe and calculate sum of total power

thr

thr_

thr_

= pd.DataFrame({'Thruster A': thrA_res, 'Thruster B': thrB_res, 'Thruster C': thr!
filled = thr.ffil1() .bfill()

filled['Total power']=thr_filled.sum(axis=1)

total_thr = thr_filled['Total power']

# Remove mnegative values (set negative wvalues to 0)

num

= total_thr._get_numeric_data()

num[num < 0] = 0

Total power consumption

[24]: # Total consumption (Drilling, thrusters, distribution)
total_cons = total_drill + total_thr + total_dist_sum

[25]: # Difference between generated and consumed power
residual_consgen = total_gen - total_cons

[26]:

# Plot total consumed vs generated power

fig=
axl=

p =
q =

axl.
axl.
axl.

axl.
plt.
.set_ylim(-4000,22000)

axl

plt.

plt.figure(figsize=(12,3))
fig.add_subplot(111)

start
end

plot(total_cons.loc[p:ql, label='Total power consumption',lw=0.5,c='mediumseagree:
plot(total_gen.loc[p:q],label='Total generated power',lw=0.5,c='gray',linestyle="'
plot(residual_consgen.loc[p:q],label='Loss',1lw=0.5,c="'orchid"')

set_ylabel('kW')

legend(loc='best"')

show ()

#plt.savefig('residuals.png')
#plt.savefig('CG-casel.png')
#plt.savefig('CG-case2.png')



<IPython.core.display.Javascript object>

<IPython.core.display.HTML object>

In [27]: # Mean efficiency (consumed vs. generated)
eff = total_cons / total_gen
eff .mean()

Out [27]: 0.9244692227155703

In [28]: # Pie plot of the power consumption
power_mean = pd.DataFrame (
{'" ': [drill_ut.mean(), total_drill.mean() , marine.mean(), abs(total_thr.mean())
'Max Power': [drill_ut.max(), total_drill.max() , marine.max(), total_thr.max(),]
index=['Drilling Utility', 'Drilling VFD', 'Marine Utility', 'Thruster VFD', 'HV
power_mean.plot.pie(y=' ', labels=power_mean.index, figsize=(10,10), autopct='71.1£%J
plt.savefig('pieplot.png')

<IPython.core.display.Javascript object>

<IPython.core.display.HTML object>

In [30]: #Plot power consumption in line plot
fig=plt.figure(figsize=(12,3))
ax1=fig.add_subplot(111)

start = '2019-01-25 16:00:00"
stop = '2019-04-25 16:00:00'

xlim=[pd.Timestamp(start), pd.Timestamp(stop)]

axl.p10t(hvac,1abe1='HVAC',1w=0.5)
#awl.plot(dTiLZ_ut,label=’DrilLing utilities', lw=0.5)
#axzl.plot (marine, label="'Marine', lw=0.5)

#azl.plot (total_drill,label='Drilling VFD', lw=0.5)
#azl.plot (total_thr,label="'Thrusters', lw=1)

#azl.plot (total_cons, label="'Total consumption',lw=0.5)

axl.set_xlim(left=start,right=stop)
axl.set_ylabel('kW')
plt.legend(loc='best')
axl.set_ylim(-500,3000)

plt.show()
#plt.savefig('HVAC.png')



<IPython.core.display.Javascript object>

<IPython.core.display.HTML object>

6.0.1 Feature correlation between each group of consumers

In [34]: # Make dataframe
df1 = pd.DataFrame({'Drilling VFD': total_drill, 'Thruster_VFD': total_thr, 'HVAC': h

In [35]: # Make correlation matriz
corr_matrixl = dfl.corr()

In [36]: # Visualize correlation matriz
corr_matrixl.style.background_gradient(cmap='coolwarm')

Out [36]: <pandas.io.formats.style.Styler at 0x17d01194978>

6.0.2 Feature correlation with ops codes

In [37]: # Load data
df _ops_hot = pd.read_csv('drilling_one_hot_encoded.csv',index_col='Datetime',parse_da
df _ops_hot.head(5)

Out [37]: 1.0 2.0 3.0 5.0 6.0 7.0 8.0 11.0 12.0 \
Datetime
2019-01-25 16:00:00+00:00 0 0 0 0 0 0 0 0 0
2019-01-25 16:00:01+00:00 0 0 0 0 0 0 0 0 0
2019-01-25 16:00:02+00:00 0 0 0 0 0 0 0 0 0
2019-01-25 16:00:03+00:00 0 0 0 0 0 0 0 0 0
2019-01-25 16:00:04+00:00 0 0 0 0 0 0 0 0 0
13.0 ... 25.0 26.0 27.0 31.0 32.0 34.0 \
Datetime
2019-01-25 16:00:00+00:00 0 0 0 0 0 0 0
2019-01-25 16:00:01+00:00 0 0 0 0 0 0 0
2019-01-25 16:00:02+00:00 0 0 0 0 0 0 0
2019-01-25 16:00:03+00:00 0 0 0 0 0 0 0
2019-01-25 16:00:04+00:00 0 0 0 0 0 0 0

35.0 38.0 41.0 43.0
Datetime
2019-01-25 16:00:00+00:00
2019-01-25 16:00:01+00:00
2019-01-25 16:00:02+00:00
2019-01-25 16:00:03+00:00
2019-01-25 16:00:04+00:00

o O O O O
O O O O O
O O O O O
e

[5 rows x 26 columns]



In [38]: df2 = df_ops_hot.loc['2019-01-25 16:00:00+00:00"':'2019-04-25 16:00:00+00:00"']

In [43]: # Combine dataframes
corr = pd.concat([df1,df2], axis=1)

In [44]: corr_matrix = corr.corr()
In [46]: m_corr=(corr_matrix.Drilling_VFD)

m_corr_df= pd.DataFrame(m_corr)
m_corr_df.sort_values(["Drilling_VFD"], ascending = False, inplace = True)

m_corr_df

Out [46] : Drilling_VFD
Drilling_VFD 1.000000
2.0 0.656538
Drilling_utility 0.526503
HVAC 0.200083
5.0 0.194772
3.0 0.051007
35.0 0.037369
21.0 0.034977
34.0 0.000037
27.0 -0.009270
32.0 -0.011585
26.0 -0.011847
8.0 -0.015322
1.0 -0.019295
24.0 -0.021962
19.0 -0.030983
12.0 -0.032918
6.0 -0.034488
13.0 -0.038614
23.0 -0.041016
38.0 -0.044252
15.0 -0.049682
41.0 -0.062710
25.0 -0.069584
31.0 -0.076219
14.0 -0.083721
Thruster_VFD -0.084822
7.0 -0.093866
11.0 -0.104600
43.0 -0.139793
Marine -0.212632

6.0.3 Data for ops code histogram

In [47]: df_model_1 = total_drill.loc['2019-01-25 16:00:00+00:00"':'2019-04-25 16:00:00+00:00"]



In [48]: df_model_2 = df_ops_hot.loc['2019-01-25 16:00:00+00:00"':'2019-04-25 16:00:00+00:00']

In [50]: # Combine dataframe (Drilling VFD and operation codes)
hist_df = pd.concat([df_model_1,df_model_2], axis=1)

In [51]: rigup = hist_df.loclhist_df['1.0'] == 1]
print(rigup['Total power'].mean())
print(rigup['Total power'] .max())

259.9999814992795
1621.672518

In [52]: drillactual = hist_df.locl[hist_df['2.0'] == 1]
print(drillactual['Total power'].mean())
print(drillactual['Total power'].max())

735.3058687676846
1664.697063

In [53]: reaming = hist_df.loc[hist_df['3.0'] == 1]
print(reaming['Total power'].mean())
print (reaming['Total power'] .max())

606.0966778355929
1589.10252

In [54]: condition = hist_df.loclhist_df['5.0'] == 1]
print(condition['Total power'].mean())
print(condition['Total power'].max())

460.4807005529498
2524 .383515

In [62]: tripping = hist_df.loclhist_df['6.0'] == 1]
print (tripping['Total power'].mean())
print (tripping['Total power'].max())

303.7825337160014
2063.1766049999997

In [63]: maint = hist_df.locl[hist df['7.0'] == 1]
print(maint['Total power'].mean())
print(maint['Total power'].max())



261.99408394444987
1681.987305

In [64]: repair = hist_df.loclhist_df['8.0'] == 1]
print(repair['Total power'].mean())
print(repair['Total power'].max())

264.25946837484366
1382.021847

In [65]: wireline = hist_df.locl[hist_df['11.0'] == 1]
print(wireline['Total power'].mean())
print(wireline['Total power'].max())

258.22974081927896
1250.1335359999998

In [76]: run = hist_df.loc[hist_df['12.0'] == 1]
print(run['Total power'].mean())
print(run['Total power'].max())

291.3208896710072
1669.92434

In [77]: cement = hist_df.loclhist_df['13.0'] == 1]
print(cement['Total power'].mean())
print(cement['Total power'].max())

280.2050563578717
15632.004578

In [78]: nipple = hist_df.loclhist_df['14.0'] == 1]
print(nipple['Total power'].mean())
print(nipple['Total power'].max())

257.0956426033216
996.4094399999999

In [79]: testbop = hist_df.locl[hist_df['15.0'] == 1]
print(testbop['Total power'].mean())
print (testbop['Total power'].max())

252.63417396361004
1511.095411

10



In [80]: fishing = hist_df.loc[hist_df['19.0'] == 1]
print(fishing['Total power'].mean())
print (fishing['Total power'] .max())

276.86528876872546
1425.046409

In [81]: stuck = hist_df.loclhist_df['21.0'] == 1]
print(stuck['Total power'] .mean())
print(stuck['Total power'].max())

684.8086183244438
1145.587967

In [82]: wow = hist_df.loclhist_df['23.0'] == 1]
print(wow['Total power'].mean())
print (wow['Total power'].max())

250.74728232471918
683.576865

In [83]: marineops = hist_df.loclhist_df['24.0'] == 1]
print (marineops['Total power'].mean())
print (marineops['Total power'] .max())

269.82335234714327
482.92972759

In [84]: additional = hist_df.loclhist_df['25.0'] == 1]
print(additional['Total power'].mean())
print(additional['Total power'].max())

257.1899883046777
1522.354215

In [85]: xmt = hist_df.loclhist_df['26.0'] == 1]
print (zmt['Total power'].mean())
print (xmt['Total power'].max())

277.24626796813413
692.42302294

In [86]: workover = hist_df.locl[hist_df['27.0'] == 1]
print (workover['Total power'].mean())
print (workover['Total power'].max())

11



247.75710577092977
435.4821034

In [87]: tubing = hist_df.loclhist_df['31.0'] == 1]
print (tubing['Total power'].mean())
print (tubing['Total power'].max())

264.46270735049484
1324.9238599999999

In [88]: niu = hist_df.loc[hist_df['32.0'] == 1]
print(niul['Total power'].mean())
print(niul'Total power'].max())

233.6850857774519
430.25485690000005

In [89]: testing = hist_df.locl[hist_df['34.0'] == 1]
print(testing['Total power'].mean())
print (testing['Total power'].max())

315.1675630434111
628.891468

In [90]: milling = hist_df.locl[hist_df['35.0'] == 1]
print(milling['Total power'].mean())
print (milling['Total power'].max())

384.34282365687824
1056.322137

In [91]: oandr = hist_df.locl[hist_df['38.0'] == 1]
print(oandr['Total power'].mean())
print(oandr['Total power'].max())

255.35594385667844
1372.7735519999999

In [92]: npt = hist_df.loclhist_df['41.0'] == 1]
print(apt['Total power'].mean())
print(npt['Total power'].max())

230.3842547870296
1430.675735

12



In [96]: aux = hist_df.loclhist_df['43.0'] == 1]
print(aux['Total power'].mean())
print (aux['Total power'].max())

240.34065156754903
784.905663

In [ ]:

13



C. Wartsila Technical Data

WARTSILA Technical data

cb Technical data

WARTS”_A 22.12.2015

Wartsila 12V32, Marine main engine, diesel-electric

Number of cylinders 12

Engine speed 720 rpm
Engine output 5760 kW
Bore 320 mm
Stroke 400 mm
Mean effective pressure 2,49 MPa
Mean piston speed 9,6 m/s

Combustion air system: (Note1)

Flow at 100% load 9,86 kgls
Temperature at turbocharger intake, max 45 °C
Temperature after air cooler, min (TE601) 50 °C
Temperature after air cooler, max (TE601) 60 °C
Temperature after air cooler, nom 55 °C
Temperature after air cooler, alarm 70 °C
Temperature after air cooler, stop 80 °C
Temperature before air cooler, nom 215 °C

Exhaust gas system: (Note 2)

Flow at 100% load 10,17 kagls
Flow at 85% load 9,65 kagls
Flow at 75% load 8,7 kgls
Flow at 50% load 6,3 kagls
Temperature after turbocharger at 100% load (TE517) 384 °C
Temperature after turbocharger at 85% load (TE517) 331 °C
Temperature after turbocharger at 75% load (TE517) 330 °C
Temperature after turbocharger at 50% load (TE517) 354 °C
Temperature after cylinder, alarm 500 °C
Exhaust gas backpressure, max 4 kPa
Exhaust gas pipe diameter, min 800 mm
Exhaust gas pipe outlet diameter 600 mm
Calculated exhaust diameter for 35 m/s 827 mm

Heat balance at 100% load: (Note 3)

Jacket water 949 kw
Charge air (HT-circuit) 915 kw
Charge air (LT-circuit) 728 kW
Lubrication oil 690 kw
Radiation 170 kw
Fuel system: (Note 4)

Pressure before injection pumps, nom 700450 kPa
Fuel consumption at 100% load (HFO) 182 g/kWh
Fuel consumption at 85% load (HFO) 180 g/kWh
Fuel consumption at 75% load (HFO) 181 g/kWh
Fuel consumption at 50% load (HFO) 191 g/kWh
Fuel consumption at 25% load (HFO) 224 g/kWh
Fuel consumption at 100% load (MDF) 182 g/kWh
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WARTSILA

Fuel consumption at 85% load (MDF)
Fuel consumption at 75% load (MDF)
Fuel consumption at 50% load (MDF)
Fuel consumption at 25% load (MDF)
Leak fuel quantity (MDF), clean fuel at 100% load
Leak fuel quantity (HFO), clean fuel at 100% load

Lubricating oil system:

Pressure before bearings, nom (PT201)
Pressure before bearings, alarm
Pressure before bearings, stop

Suction ability, including pipe loss, max
Priming pressure, nom (PT201)

Priming pressure, alarm

Temperature before bearings, nom (TE201)
Temperature before bearings, alarm
Temperature after engine, approx.
Pump capacity (main), engine driven
Pump capacity, electrically driven
Priming pump capacity (50/60 Hz)

Oil volume in separate system oil tank
Oil volume, nom

Filter fineness

Filter difference pressure alarm

Oil consumption at 100% load, approx

High temperature cooling water system:

Pressure at engine, after pump, nom (PT401)
Pressure at engine, after pump, max (PT401)
Temperature before cylinders, approx. (TE401)
Temperature after cylinders, nom (TE402)

Temperature after cylinders without CAC, nom. (TE402)

Temperature after charge air cooler, nom (TE432)
Temperature after engine, alarm

Temperature after engine, stop

Capacity of engine driven pump, nom

Pressure drop over engine, total

Pressure drop in external system, max

Pressure from expansion tank, min

Pressure from expansion tank, max

Delivery head of standby pump (excluding static pressure)

Water volume in engine
Low temperature cooling water system:

Pressure at engine, after pump, nom
Pressure at engine, after pump, max
Temperature before engine, min
Temperature before engine, max
Capacity of engine driven pump, nom
Pressure drop over charge air cooler
Pressure drop over oil cooler

Pressure drop in external system, max
Pressure from expansion tank, min
Pressure from expansion tank, max
Delivery head of stand-by pump (excluding static
pressure)
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WARTSILA

Compressed air system: (Note5)

Technical data

Pressure, nom (PT301) 3000 kPa

Pressure, min (PT301) 1800 kPa

Pressure, max (PT301) 3000 kPa

Low pressure limit in air vessels 1600 kPa

Air consumption per start 57 Nm3

Notes:

1) At ISO 15550 conditions (ambient air temperature 25°C, LT-water 25°C) and 100% load. Tolerance 5%.

2) At ISO 15550 conditions (ambient air temperature 25°C, LT-water 25°C) and 100% load. Flow tolerance 5% and
temperature tolerance 10°C.

3) At ISO 15550 conditions (ambient air temperature 25°C, LT-water 25°C) and 100% load. Tolerance for cooling water heat
10%, tolerance for radiation heat 30%. Fouling factors and a margin to be taken into account when dimensioning heat
exchangers.

4) At ambient conditions according to ISO 15550. Lower calorific value 42 700 kJ/kg. With engine driven pumps (two cooling
water + one lubricating oil pump). Tolerance 5%.

5) Automatic (remote or local) starting air consumption (average) per start, at 20°C for a specific long start impulse (DE/AUX:

2...3 sec, CPP/FPP: 4...6 sec) which is the shortest time required for a safe start.

Wartsilé reference number:1318
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Operational Codes

Operational Codes

Date: 13.02.2019
Page: 1 of 10

Code Subcode Description Textblock
1 RIG UP AND TEAR DOWN General rig up and tear down activities
1.0 |RIGUPAND TEAR DOWN. General rig up and tear down activities.
2 DRILL ACTUAL Drilling operations.
200 |DRILL ACTUAL Rotating bit on bottom, including circulating / reaming prior to
connection & connection time. Includes taking weights and SCR
210 |UNDERREAMING Enlarging hole below last sat csg.
220 |HOLE OPENING Rotating hrs. while enlarging pilot hole using holeopner or larger
bit.
230 |DRILL CEMENT Time spent drilling cement.
240 ([TIMEDRILLING Time spent on time driling
250 |DRILL ACTUAL TOOL FAILURE Reduced ROP due to Tool failure
2.60 [PRESSEREPOINTSWHILE DRILLING From stop drilling to start drilling after pressurepoint
270 [CASING WHILE DRILLING CWD, rotating bit on bottom, including circulating /while running
casing
275 |JETTING CONDUCTOR Time spent jetting conductor
2.80 [DIRECTION WORK Time spent on setting tools and getting survey if <15 min
290 |[SCR Time spent on taking slow circulation rates
3 REAMING Reaming when running in or pulling out of hole.
3.00 |REAMING Time spent on rotating string during RIH due to tight hole,
exessive fill or undergauged hole.
3.10 [BACKREAMING Time used to rotate drillstring while POOH. Incl.wipertrip to
improve hole conditions.
330 |NIU Not in use
4 CORING Coring operations
40 |CORING [Actually coring on bottom, removing core & service
coreequipment.
5) ICONDITION MUD & CIRCULATE Circulate and condition well fluid
5.0 |CIRCULATE AND CONDITION MUD Time used for circulate and condition mud . Can be used when
circulating to get down gas level without closing BOP
501 |CIRCULATE HOLE CLEAN Time used to circulate the hole/well clean
5.02 |DISPLACE WELL/RISER Time used for displacing well ,riser, bop and kill and choke lines
5.03 |TREATING WELL TREATING WELL
504 [PUMPPILL Time spent on pumping pill if time speint is <15 min
5.05 [MUD AND FLUID PREPARATION Time used to prepare fluid and line up
5.06 [JET AROUND WELLHEAD Time spent on jetting around the wellhead with example jetsub,
muleshoe, BHA
5.07 [MIX AND PREPARE MUD Mix and prepare mud prior to drill ahead
6 ITRIPPING Tripping operations
6.00 [RIHCH Tripping in with string in cased hole.Do not include filling of pipe
if time spent >15 minutes.
6.01 |[POOH CH Pulling out with string i cased hole.
6.02 |[PUMPAND POOH OH Time used to pull string out of open hole while pumping
6.03 |PUMPAND POOH CH Time used to pull string out of cased hole while pumping
6.04 |PUMPSLUG Time used to pump slug before trips
6.05 |[EMPTY TRIP TANK Time used to empty trip tank <15 min
6.06 [FILL TRIP TANK Time used to fill Trip tank< 15 min
6.07 [RIH CH Reduced speed Tripping in with string in cased hole, with reduced speed.
6.08 |POOH CH reduced speed Pulling out with string in cased hole, with reduced speed




Operational Codes

Code Subcode Description

Date: 13.02.2019
Page: 2 of 10

Textblock

6.09 |WDP integrity test

Time used for wired drillpipe integrity signal test

6.10 [MAKEUPBHA

Make up and RIH with BHA includes HWDP.

6.11 (LAY DOWN BHA

POOH with BHA / Laying down BHA includes HWDP.

6.12 (MWD HANDLING

Dumping data and loading MWD and all surface handling of
MWD.

6.13 [TRAINING WITH MANUAL RIG TONGS

All time spent on training with rig tongs, includesrig up and rig
down of tongs.

6.14 [TEST MWD

Time used to surface test MWD

6.15 [CHECK OF HANDLING EQUIPMENT

Rig time spent on checking handling equipment

6.16 [M/U Wired BHA

Time used for make up wired bottom hole assembly

6.17 [L/D Wired BHA

Time used for laydown of wired bottom hole assembly

6.18 |RIH With WDP

Time used for tripping in hole with wired drillpipe

6.19 |POOH With WDP

Time used for pulling out of hole with wired drill pipe

6.20 [NIU

Not in use

6.21 [WORK PIPE

Time used to work pipein or out of hole during trip. Can include
rotating. Does not include circulating/pumping.

6.22 (WASH DOWN

Time used to move pipe up or down during atrip. Includes
circul ating/pumping.

6.23 [ENGAGE TOPDRIVE AND LAND TOOLS

Used where time spent to engage topdrive to string, compensate
& land toolsin well head or in well.

6.24 |SET/RELEASE Whipstock

Time used set and release whipstock run on pipe

6.30 |P/UDRILLSTRING

Time spent picking up drillstring to from deck - in use from
23.08.07.

6.31 |L/D DRILLSTRING

Time spent laying down drillstring to deck - in use from 23.08.07.

6.32 [TRIPPING WITH MANUAL EQUIPMENT

To be used when using manual rig tongs or manual slips. Both
RIH and POOH.

6.33 [CHANGE HANDLING EQUIPMENT

Time used on changing tripping equipment (elevator/inserts
and/or slips/inserts and bails).

6.34 [CHANGE SAVER SUB Time spent to change saversub. Operationa time.

6.40 |FILL PIPE Fill pipe. If time spend > 15 minutes

6.41 |[FLOW CHECK Time used to flow check well.

6.50 |RIHOH Run in open holePull out of open hole. Do not include filling of
pipe or breaking cirkulation if time spent <15 minutes.

6.60 [POOH OH Pull out of open hole

6.70 |MOVE RIG TO/OFF WELL Moverig to/off well prior to stab in/ pull out of wellhead with

BHA.

6.71 [STABINHOLE

Time used to stab in hole with BHA. Includes installing of
guidelines and run / pull guideframe.

6.72 [RIH RISER

Tripping in with string in riser - in use on ultra deep water

6.73 [POOH RISER

Pulling out with string in riser - in use on ultra deep water

6.74 [COMPENSATE THROUGH BOP

Time used to compensate tools through BOP

6.75 [TRIPPING RISER WITH FULL BORE TOOLS

Tripping in/out of riser with full bore tools. like boreprotector etc.
- in use on ultra deep water.

6.76 (WELL CONTROL DRILLS

6.80 [RIH OPEN WATER

Time used tripping in open water

6.81 [POOH OPEN WATER

Time spent pulling out of open water

6.82 |RIH with BHA

Time used RIH with BHA

6.83 |POOH with BHA

Time used POOH with BHA
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6.90 |TAKE PRESSURE POINT WHILE RIH To be used when taking pressure point when RIH.
6.91 |TAKE PRESSURE POINT WHILE POOH To be used when taking pressure point when POOH
7 PLANNED MAINTENANCE IAll maintenance that is planned that stops operations.
7.01 [PLANNED MAINTENANCE Normal and planned lubrication and service of rig.
7.02 |INSPECTION OF RIG Inspection of rig prior to run csg. or inspection before and after
bad weather and DROPS
7.03 |OPERATOR PLANNED MAINTENANCE Maintenance that is planned by operator that requirer stop in the
operation.
7.04 [UNPLANNED MAINTENANCE Unplanned maintenance that is not planned and require stop in
operation.
8 REPAIR RIG
8.0 |REPAIRRIG Actual downtime used on rig repairs. if poosible use sub
8.01 |[MECHANICAL REPAIRS Actual time spent on repair rig due to mechanical reasons.
8.02 |[ELECTRICAL REPAIRS Actual time spent on repair rig due to electrical reasons.
8.03 |DOWN TIME, OTHERS Down time, others, caused by OD (Odfjell Drilling).
8.04 [DOWN TIME - BOP and Control system Code for BOP and adhering control systemsincluding pod's.
8.05 |DOWN TIME - Riser and Slipjoint Code for reporting downtime related to equimpment from the
BOP riser adapter and all adhering riser- and dlip joint equipment
up to drill floor».
8.06 |DOWN TIME - ROV Operations - Tech Time spent waiting for ROV operations due to technical failure or
any deficiencies
8.07 |DOWN TIME - ROV Operation - Resourc Time spent waiting for ROV operations due to Resources
8.08 |DOWN TIME - Casing running - Tech Time spent waiting for Casing running services due to technical
failure or any deficiencies
8.09 |DOWN TIME - Casing running - Resour Time spent waiting for Casing running services due to insufficient|
resources
9 SLIP & CUT ITime spent on slip and cut operations, change of drill - line or
restring off block.
9.01 [SLIP& CUT DRILLING LINE Time spent on slip and cut operations
9.02 [CHANGE OF DRILL LINE Time spent on changing drill line
9.03 |STRINGING BLOCK Time spent on stringing block, also when restringing lines.
10 DEVIATION SURVEY/MWD LOGGING ITime spent on taking deviation surveys and MWD logging
10.01 |DEVIATION SURVEY Surveyswith singel / multi shots for determine hole direction and
deviation. NOT TO INCLUDE; Surveyswith MWD during
drilling
10.02 |MWD LOGGING Surveying with MWD tool, time used for logging with MWD.
NOT TO INKLUDE; Surveying time while drilling.
10.03 [NIU Not in use
11 WIRE LINE OPERATIONS ITime spent on wire line logging operations.
11.01 |WIRELINE LOGGING Running wireline logging equipment. Includes formation tester,
FMT, sidewall cores, seismic logs etc.
11.02 |RIG UP OR DOWN FOR WIRELINE Time spent rigging up or down for wireline, including time spent
handling W-L tools on surface w/ rig equipment between runs.
11.03 (WL OPERATIONS Other wire line operation. Installation/retrieving plugs etc.
11.04 [TLCLOGGING Time spent on TLC logging. Not to be used on trip inn and out.
11.05 |WIRELINE TESTING All presure testing of wire line equipment and testing of X-mas
tree and DHSV, etc
12 RUN AND PULL CASING/LINER Preferentially use sub codes 12.1 "RUN CSG." or 12.2 "CMT."
12.00 [RUN CASING IN CASED HOLE Time spent on running casing & liner in cased hole.
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12.05 |PULL CASINGIN CASED HOLE Time spent on pulling casing & liner in cased hole.

12.09 [PULL CASING IN OPEN HOLE Time spent on pulling casing in open hole.

12.10 [RUN CASING IN OPEN HOLE Time spent on running casing in open hole.

12.11 [RIG UP CASING/LINER EQUIPMENT Includes al rig up of csg and liner running equipment.

12.12 |RIG DOWN CASING/LINER EQUIPMENT Includes al rig down of csg and liner running equipment.

12.13 [SEAL ASSY / WEAR BUSHING Time spent on pulling/setting & testing seal assembly & wear
bushing.

12.14 [LAND/PULL CSG ON LANDING STRING Run/pull csg on ex drill pipe or csg landing string

12.15 [RUN LINER IN CASING Time spent on running liner in cased hole

12.16 |RUN LINER ON LANDING STRING IN CSG Time spent on running liner on drillpipe or other landing string in
casing.

12.17 |RUN LINER IN OPEN HOLE Time spent on running liner in open hole

12.18 |BUILD CSG STANDS P/U & build csg for racking in drk

12.19 |LAY DOWN CSG STANDS B/O & L/D csg stands from drk.

12.20 [CIRC. CASING/LINER Circulating prior to and after casing / liner is landed.

12.21 [CLEAN WH PRIOR TO RUN CASING/TUBING [Time spent on washing wellhead prior to running casing.

12.22 [RUN LINER ON LANDING STRING IN OH Time spent on running liner on drillpipe or other landing string in
OH.

12.23 |PULL LINER ON LANDING STRING IN OH Time spent on pulling liner on drillpipe in open hole.

12.24 |PULL LINER ON LANDING STRINGIN CSG  [Time spent on pulling liner on drillpipein casing.

12.25 |RUN CSG IN CH (REST SPEED) Time spent running casing in cased hole with restricted running
speed.

12.26 |RUN CSG IN OH (REST SPEED) Time spent running casing in open hole with restricted running
speed.

12.27 |RUN LINERIN CH (REST SPEED) Time spent running liner in cased hole with restricted running
speed.

12.28 [RUN LINER ON DPIN OH (REST SPEED) Time spent running liner on pipe in open hole with restricted
running speed.

12.29 |RUN LINER ON DPIN CH (REST SPEED) Time spent running liner on pipe in cased hole with restricted
running speed.

12.30 [CUT CASING Time spent on cutting casing. Not to be used on trip in and out
prior or after cut.

12.31 |SETTING OF LINERHANGER Include setting of same

12.40 |Run CSG in open water RIH Time spent on running casing in open water

12.41 |Pull CSG in open water POOH Time spent pulling casing in open water

12.42 |Run Conductor in open water RIH Time spent running conductor in open water

12.43 [Pulling conductor in open water Time spent pulling conductor in open water POOH

1250 [MOVE RIG RUN PULL CASING/LINER Includes move rig to / from well.

12.60 [MAKE UP SHOETRACK Time spent making up Shoetrack

12.88 [SET/RELASE MECH PLUGS All time used on setting and releasing mechanical plugs that are
run on pipe.

12.89 |RUN CONDUCTOR Run Conductor

12.90 |PICK UPAND MAKE UP CASING HANGER Pick up and make up casing hanger

12.91 |RUN INNERSTRING IN CASING Time spent on running innerstring in casing

12.92 |RELEASE HANGER RUNNING TOOL Time spent on release hanger running tool from well head/set
hanger

13 CEMENT OPERATINS ITime spent on cement operations
13.00 |RIG UPAND DOWN CEMENT EQUIPMENT R/U & R/D of cementing equipment.Includes pressuretests of
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surface equipment.

13.01 [WAIT ON CEMENT Time spent waiting on cement to set.

13.02 [PUMPCMT Pumping of spacer, cement and displasing of cement.

13.03 [SQUEEZE CEMENT Time spent on squeezing cement. Not to be used on trip in and out|
prior to squeeze cmt.

13.10 |PRESSURE TEST CEMENT Time spent on testing cement.

13.20 |PRESSURE TEST OF CASING Time spent on testing casing

14 NIPPLE B.O.P. Installing BOP, Diverterstack and risers for initial installation and

required BOP handling during drilling operations.

14.00 [NIPPLEUPB.O.P Time spent on preparing BOP for running on subsea or preparing
and nipple up BOP on HP riser on fixed rigs.

14.01 [NIPPLE DOWN B.O.P. Time spent on preparing BOP for pulling on subsea or preparing
and nipple down BOP on HP riser on fixed rigs.

14.1 |NIPPEL UP/DOWN WELLHEAD Time spent on wellhead sections, conversion seal assembly and

other wellhead equipment. NOT TO INCLUDE: Time spent on
setting seal assy, Use code 12.13

14.10 [PREPARE & RIGGING IN MOONPOOL All time spent rigging or preparing in moonpool for run or pull
BOP

14.11 |PRESSURE TEST K&C LINES Time spent on pressure test k& c lines when running BOP.

14.12 |PREPARE TO RUN BOP Prepare to run subsea BOP. Includes rigging up riser handling
equipment.

14.15 |PREPARE TO PULL BOP Prepare to pull BOP. Includes rigging up riser handling
lequipment.

14.16 [TELESCOPIC JOINT Time spent on handling Telescopic Join.

14.17 |RIG DOWN BOP RUNNING EQUIPMENT Rig down BOP running eguipment

14.18 [RIG UPBOP RUNNING EQUIPMENT Time spent on rigging before running BOP

14.19 [RUN BOP Time spent on running BOP. NOT TO INCLUDE: Move rig
to/off wellhead (use code 14.30)

14.191 |RUN BOPWITH SLICK RISER Time spent on running BOP with SLICK RISER

14.192 |RUN BOPWITH BUOYANG RISER Time spent on running BOP with BUOY ANG RISER

14.193 [RUN BOPWITH FAIRING BUOYANG RISER  |Time spent on running BOP with FAIRING BUOYANG RISER

14.20 |PULL BOP Time spent on pulling BOP. NOT TO INCLUDE: Moverigto/
off wellhead.(use code 14.30) Time spent on setting wear
bushing, (Use code 12.13).

14.201 |PULL BOPWITH SLICK RISER Time spent on pulling BOP with SLICK RISER

14.202 [PULL BOP WITH BUOYANG RISER Time spent on pulling BOP with BUOYANG RISER

14.203 [PULL BOPWITH FAIRING BUOYANG RISER  |Time spent on pulling BOP with FAIRING BUOY ANG RISER

14.21 [RUN HP-RISER Time used on run HP-riser on fixed rigs.

14.22 [PULL HP-RISER Time used on pull HP on fixed rigs.

14.23 |RUN, LP-RISER/ DIVERTER Timeused onrun, LP-RISER /DIVERTER .

14.24 |PULL ,LP-RISER/DIVERTER Time used on pull , LP-RISER/ DIVERTER.

14.25 [RIG UPBEFORE RUNNING LMRP Time spent on rigging up before running LMRP

14.26 [INSTALL KILL, CHOKE, BOOST & COND. All time spent for installing Kill, Choke, Boost & conduit
gooseneck's on telescopic joint.

14.27 |RUN PROD. RISER Run prod. Riser

14.28 |PULL PROD. RISER Pull Prod. Riser

1429 [RUN/PULL RISER PUP'S Time spent to P/U or L/D to run or pull riser pup jnt’s.

14.30 [LAND BOP Move rig & prepare to land BOP, includes running of slipjoint

and etc.
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14.31 |HANDLE LANDING JOINT Time spent to P/U and install landing joint or disconnect and L/D
same.
14.32 [INST./DISC. LOOPS/SHEAVES FOR HYDR. Time spent on installing or disconnecting loops or sheaves for
hydraulic lines, mux cable or electric cables.
14.33 |PREPARE TO JUMP BOP Time spent before and after jumping BOP
14.34 [JUMPBOP Time spent for jumping BOP from one well to next.
14.40 [DISC. BOP Disconnect BOP & moverrig.
14.41 |Disconnect LMRP Disconnect LMRP due to weather conditions
14.42 |Connect LMRP Connect LMRP to BOP
14.45 [RUN/PULL SLOT NET Trekking og kjering av slot net
14.99 [NIU Not in use
15 ITEST BOP/ PRESSURE TESTING IAIl time spent on pressure testing BOP and equipment.
15.0 [PRESS.TESTING OF CSG UNDERBOPTEST  [Time spend testing casing in connection to BOP test.
15.01 |FUNCTION TEST BOP Function testing of BOP.
15.02 [PRESSURE TEST MANIFIOLDSAND LINES  [All rigtime spent on testing standpipe, kill & choke manifoils,
fixed cmt lines standpipe and etc.
15.03 [PRESSURE TESTING KELLY COCKS Rigg time spent on testing DDM, kellycooks, Grey valves &
temporarily hooked up surface lines.
15.04 [KICK DRILL, CHOKE DRILL Time spent for kick drills and practice on choke or strip drill.
15.05 [LEAK-OFF/FIT TEST Time spent performing leak off test or FIT.
15.06 |CONNECTOR TEST Test of wellhead and LMRP connector
15.07 [FUNCTION TEST DIVERTER Time spent on function test of the diverter system.
15.08 |PRESSURE TEST SHEAR RAM Pressure test shear ram
15.11 |PRESSURE TEST BOP Pressure test BOP include function test on wellhead. Includes
macking up test string and run/pull same.
16 DRILL STEM TEST
16.0 |DRILL STEM TEST Making up drill stem testing tool, conducting test, killing well and
lay down test tool. NOT TO INCLUDE; R/U or R/D testing
lequipment; Use code 1. "RIG UP & TEAR DOWN"
17 Not in use
17.0 [NIU Not in use
171 [NIU Not in use
18 Not in use
180 [NIU Not in use
19 FISHING Al lost rig time lost due to fishing operations until normal
operation continues. TO INCLUDE: Wireline operations, feepoint
indicators, backoff operations
19.0 [FISHING, OTHERS Fishing activities not covered by 19.1 or 19.2
19.1 [FISHING OF DRILL STRING Fishing for drillsting or drill string component.
19.2 |FISHING FOR WIRELINE EQUIPMENT Fishing for loggs & wireline-equipment.
20 Not in use
20.1 [NIU Not in use
21 STUCK PIPE L ost operation time due to sticking or going stuck
20.0 |NIU Not in use
21.0 |[STUCK WITH DRILLSTRING L ost operation time due to sticking or going stuck
211 [STUCK WITH LOGGING EQIUPMENT Lost Rig time/operation time due to going stuck with wireline
equipment. INCLUDES; Stuck during TLC logging.
21.2 |STUCK WITH LINER/CASING Lost operation time due to sticking or going stuck
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21.3 NIV Not in use
22 LOST CIRCULATION
22.0 |LOST CIRCULATION All time spent to regaing circulation. Flowchecks, mixing of pills,
cmt. squeeze, spotting of pluggs and waiting etc. are to be
included.

23 WAITING ON WEATHER

23.00 |WOW DRILLING \Waiting on weather: Lost time due to stop in operation until
normal operation can continue.

2310 |WOW ROV \Waiting on weather:L ost time due to stop in ROV operation until
normal operation can continue.

23.20 |WOW SUB SEA EQUIPMENT Waiting on weather:Lost time due to stop in landing / pulling
operation until normal operation can continue.

23.30 |WOW SUPPLY \Waiting on weather:L ost time due to stop in unload / load
operation of supply boat until normal operation can continue.

2340 |WOW ANCHOR HANDLING Waiting on weather:Lost time due to stop in anchor handling
operation until normal operation can continue.

2350 |WOW CRANE Waiting on weather:Lost time due to stop in crane operation until
normal operation can continue.

23.60 |WOW NON DRILLING ACTIVITIES Waiting on weather: Lost time due to stop in operation until
normal operation can continue.

23.70 |WOW OPERATOR / SERVICE COMPANY \Waiting on weather: Lost time due to Operator or Service
company limitations until normal operation can continue.

24 MARINE OPERATIONS/ SKID RIG /A ctivities in connection with rig move and anchorhandling on
Ifloating wessels and activities in connection with rig skidding on
ifixed platforms.

24.00 |IN TRANSIT/SKIDRIG IN TRANSIT
24.10 |ANCHOR HANDLING DEPARTURE Time spent on anchor handling when departure location.
24.100 [NIU Not in use
24.20 |ANCHOR HANDLING ARRIVAL Time spent on anchor handling when arriving location.
2430 [PREPARE TO SKID Prepare to skid rig.
24.40 |SKID Skid rig.
2450 |RIG UPAFTER SKID Rig up after skid
24.60 |YARDSTAY/MAINTENANCE STOP Y ardstay, maintenance stop on fixed rigs.
24.70 |DYNAMIC POSITIONED MODE UNTIL POSITONING THROUGH THE DIGITAL GLOBAL
POSITION SYSTEM HAS COMMENCED AT THE NEW
WELL LOCATION
24.71 |DEPLOYING/RETREAVING TRANSPONDERS |Deploying or retreaving transponders and hydrophones.
24.72 |HYDRO ACCOUSTIC CALIBRATIONS Hydro accoustic referance system calibration
24.73 |DPTRIALS DPTRIALS
24.80 |HOOK UP PRELAID ANCHORS Time spent for marine operations
24.81 |RELEASE PRELAID ANCHORS Time spent for marine operations
24.85 |BALLAST RIG Time spent for marine operations
24.86 |DEBALLAST RIG Time spent for marine operations
2490 |BRAKE TEST ANCHOR WINCHES Time spent for marine operations
2491 |TOW RIG TO 500 m ZONE Time spent for marine operations
2498 |MOVE RIG TO WELL/OFF WELL Moverig to well/off well
2499 |NIU Former: Time spent for any additional marine operations
25 IADDITIONAL
250 |[NIU Former: Operations not covered by any other code.
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25.1 |ROV OPERATIONS All operations done by ROV, not covered in others code.
252 |[STAND BY RATE
25.22 |DROFP' s Inspection Performing DROP’ s inspection of equipment in derrick or
moonpool
253 |PREJOBMEETING - BRIEF/DEBRIEF Meetings in operation. Prejobbmeeting, safetymeeting, brief,
debrief, pit stop or other meetings included in operation (100 %
rate).
25.31 |TOFS-Time Out for Safety in opera TOFS - Time Out for Safety in operation.
254 [SUSPENSION RATE Due to period of sustension
255 |[REDRILLING RATE drill new well hole to the depth at which the loss ore damage
occorred or re-drill such section of the damaged well hole.
25,6 |NOPAYMENT OF RATE The drilling unit isfor any reason unable to perform the Drilling
Service. Modification, Re Certifying...
25.7 |FORCE MAJEURE RATE etc. strike
25.8 [Reduced Efficiency Rate Reduced Efficiency rate
25.91 |Equipment planned maintenance Stop in operation due to planned maintenance on equipment iein
between well maintenance
25.92 |Mobilization Mobilizing rig for operations
25.93 |Demoabilzation Demobilzation of Rig after operation
25.99 |RETRIEVE BOPDUE TO OEM SAFETY BULL |Any time used, due to oem safety bulletins
26 XMT
26.00 |XMT PREPARE RUN Prepare to run XM-tree Includes testing, running tool &
umbilical.
26.10 |XMT RUN Run XM-tree Includes: Landing on fixed rigs.
26.20 |XMT LAND Moverig & land
26.30 |XMT R.TOOL Pull XM-tree running tool and lay down
26.35 |INSTALL JUMPER HOSES Install 3" & 4" jumper hoses and test same
26.40 |XMT TEST Test XMT/TRT when landed.
26.50 |XMT PREPARE PULL Prepare to pull XM-tree
26.60 |XMT PULL Pull XM-tree
26.70 |ADAPTOR FLANGE Time spent on Adaptor flange
26.71 |HPTCRIG UP Time spent on rigging up equipment before running HPTC
26.72 |RUN HPTC/RUNNING TOOL Time spent on running HPTC or running frame on pipe or winch
26.73 |TEST HPTC Time used on testing HPTC.
26.74 |PULL HPTC/RUNNING FRAME Time spent on pulling HPTC or Running frame.
26.75 |HTPC RIG DOWN Time spent on rigging down equmpent after running HPTC.
26.80 |RUN TRT/RPD Time spent on prepering and running TRT/RPD
26.81 |PULL TRT/RPD Time spent on prepering and pulling TRT/RPD
26.90 |Handle Subsea EQ on DrillFloor Time spent handling Subsea Equipment on drillfloor.
26.91 |Work with Subsea EQ in WH area Time spent working with Subsea Equipment in Wellhead area.
27 WORKOVER RISER ITIME SPENT ON WORKOVER RISER
27.00 |WORRIG UP Rig up equipment
27.10 |WOR RUN Run
27.20 |WORPULL Pull
27.30 |WOR RIG DOWN Rig down equipment
27.40 |WOR OTHER Other
28 SURFACE TEST TREE ITime spent rigging up and down SST.
28.00 |STT RIGUP Rig up surface test tree




Operational Codes

Date: 13.02.2019

Page: 9 of 10
Code Subcode Description Textblock
28.10 |STT RIG DOWN Rig down surface test tree
28.20 |NIU Not in use
29 SCREEN
29.00 |SCREEN RIG UP/DOWN Rig up / down equipment
29.10 |SCREEN RUN Run screens. Includes landing string
29.20 |NIU Not in use
30 PERFORATING
30.00 |RIH PERFORATION GUNS Run in hole with perforation guns
30.10 |POOH PERFORATION GUNS Pull out of hole with perforation guns
30.20 |PERFORATION GUNS CORR AND PERFORATE|Orient guns, correlate and perforate weel etc.
30.30 |P/U PERFORATING GUNS Pick up perforation guns
30.40 |L/D PERFORATING GUNS Lay down perforation guns
31 TUBING
31.00 |RUN TUBING Run tubing.
31.01 |P/U AND INSTALL TBG ASSEMBLIES Install and terminate TBG assemblies
31.02 |RIGUPFORDUAL TUBING Time spent on rig up for dual tubing.
31.05 |RUN TUBING DUAL STRING Run tubing dua string
31.10 |PULL TUBING Pull Tubing.
31.15 |PULL TUBING DUAL STRING Pull tubing dual string
31.20 |RIGUPTUBING Rig up tubing equipment
31.21 |RIG DOWN TUBING Rig down tubing equipment
31.22 |RUN TUBING HANGER ON WOR Time spent on running tubing hanger on WOR
31.23 |PRESSURE TEST TUBING AND CONT LINES |Time spent on testing tubing/controll-lines during completion.
31.30 |PICK HANGER MAKE UP AND TEST Make up hanger land and test
31.40 |RUN TUBING ON LANDING STRING Run on landing string.
31.41 |PULL TUBING ON LANDINGSTRING Pull on landing string
31.50 |TERMINATING AND TESTING CONT LINES |Time spent on termination and testing of control lines
31.51 |SPACE OUT AND LAND TUBING HANGER. Time spent on space out tubing and land tubing hanger. Include
setting of prod packer.
32 Not in use
320 |NIU Not in use
33 Not in use
33.0 |NIU Not in use
34 ITESTING
340 |INFLOWTEST \Well testing.
34.10 |ACCEPTANCE TEST A cceptance test
342 |(INJECTIVITY TEST INJECTIVITY TEST
35 MILLING ITime spent on milling
35.0 |[MILLING Time spent on milling, not to be used on trip inn and out.
36 GRAVEL PACK ITime spent on gravelpack operations
36.0 [GRAVEL PACK Gravel packing operations.
37 Not in use
37.0 |NIU Not in use
38 O & R Stop due to housekeeping/cleaning are provided prior to
operations are allowed to continue.
38.0 |CLEAN AND CLEAR RIGFLOOR Stop due to housekeeping/cleaning are provided prior to operation

continue.

39

Not in use
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39.0 |NIU Not in use
39.01 |NIU Not in use
40 COILTUBING/SNUBBING
40.10 |Rig up coil tubing/snubbing Time spent on rigging up coiltubing/snubbing equipment
40.11 |Rig down coil tubing/snubbing Time spent on rigging down coiltubing/snubbing equipment
40.20 |Test coil tubing/snubbing Time spent on testing coiltubing/snubbing, aso for testing before
RIH
40.30 [Run coil tubing/snubbing Time spent RIH with coiltubing/snubbing.
40.40 |Pull coil tubing/snubbing Time spent on pull coiltubing/snubbing out of hole
411 NON PRODUCTIVE TIME
41.01 |WAIT ON 3.PART \Waiting on 3.part equipment og people
41.02 |WAIT ON ROV \Wait in etc. maintence of subsea wells.
41.03 NPT NPT Drilling contractor
41.10 [WAIT ON CRANES \Wait on cranes(platforms only)
41.20 [WAIT ON INSTRUCTIONS \Wait on company instructions
41.30 |WAIT ON EQUIPMENT, OPERATOR Wait on equipment,operator
41.40 |WAIT ON EQUIPMENT, CONTRACTOR Wait on equipment,contractor
4150 [WAIT ON MATERIALS \Wait on materials
41.60 |WAIT ON PLATFORM OPS \Wait on platform operation schedule
41.70 [WAIT ON INVESTIGATION Wait on investigation
41.80 |WAIT ON PERMITS Time awaiting permits and alteration etc
4190 |WAIT ON PERSONELL \Wait on personell etc. crewchange
42 SHUT IN WELL
4210 [SHUT IN WELL DUE TO GAS Shut in well due to high gaslevel in mud and time spent
sirculating with closed BOP
42.20 [SHUT IN WELL DUE TO KICK Shut in well due to kick and time spent sirculating with closed
BOP
43 IAUX
431 [|AUX NO OPERATIONAL ACTIVITY To be used for the Aux when there is no operational activity in
the Aux. Timein aux spent on cleaning/maintenance of drilling
equipment. Also to be used when Aux crew isworking in Main.
432 |[MAKE UPTOOLSOFFLINE Building Egiupment in buckingmachine
43.3 |Assist main well operations To be used for the Aux when assisting main well operations.
43.4 |Install / Pull mousehole running or pulling mousehole.
435 [MAIN OPERATION IN OTHER WELL CENTER (To be used when standing by for operation in other well center.




E. Daily Drilling Log

onor ater.
30.apr-19 1020 11:50 50 o 38,01 CLEAN AND CLEAR RIGFLO 100 35/11:8-12BY1H
303019 Deepsea Atlantic 0930 1020 50 3 611 LAY DOWN 100 L/D sngl W, RT with GTV plug and Scrae to ROWM.U/D scrape with tugger. 35118128714
POGH with GTV plug on 5 7/8" HWDP T/18m.
303pr19 Deepsea Atlantic 0915 0930 15 18 6,83 POOH with 8HA 100 Compensated through BOP. 35118128714
30a01-19 Deepse Atlantic 0845 0915 0w 6,08 POOH CH reduced speed 100 Continued POOH with GTV plug and scrape /387m MD. 35/11-812 8710
3030119 Deepsea Atlantic 0835 [ 1 a2 6,41 FLOW CHECK 100 Flow checked wellagainst TT. Wellsttick /11812 8Y1H
30apr-19 Deepsea Atlantic 07.00 0835 ECRT 6,08 POOH CH reduced speed 100 POOH with GTV plug and scrape on § 7/8" DP T/812m MD. Observed serveral points of 0P 35/11-8-12 BYIH
303019 Deepsea Atlantic 05:50 07:00 70 1853 6,08 POOH CH reduced speed 100 718" 07 F /11812 BYIH
303pr-19 Deepsea Atlantic 05:40 0550 10 10 604 PUVPSLUG 100 Pump 1,62:¢ slug. 35/11-8128Y1H
30.9pr-19 Deepsea Atlantic 0530 05:40 10 104 12,88 SET/RELASE MECH PLUGS 100 35/11:8-12BY1H
3030115 Deepsea Atlantic 05:20 05:30 0 197 6.41 FLOW CHECK 100 Flow check. Wellstatic. 35/11812871H
19754
Pressure up, down string with cement unt and veriy plug s equalized
30apr19 Deepsea Atlantic o430 05:20 s 1975 12,88 SET/RELASE MECH PLUGS 100 35/11:8-128Y1H
303pr-19 Deepsea Atlantic 0315 0430 75 190 5,02 DISPLACE WELL/RISER 100 Emty wip anis, 1305 C: Jug. With
c FRT 10 RPM SKNm.
303pr19 Deepsea Atlantic 0300 0315 15 190 6,07 RIH CH Reduced speed 100 RIH and comp. through Tie Back to 1960m. 35/11812871H
30-9pr-19 Deepsea Atlntic 0200 0300 60 108 6 RHCH 100 RIH with GTV retreve assy on 5 7/8 DP from 500m to 1948m. 35/11:8-128Y1H
303019 Deepsea Atlantic o145 0200 1 s 6,07 RIN CH Reduced speed 100 35/11812871H
30a91-19 Deepsea Atlantic o140 o145 5 aso 5 R 100 P/U on sng DP and RIH with GTV retrieve assy on 5 7/SDP from 390m to 430m 35/11-812 8710
302019 Deepsea Atlantic o130 ot:40 0 30 6,74 COMPENSATE THROUGH BOP. 100 35/118.128VIH
3030119 Deepsea Atantic o045 o130 a5 36 682 R 100 RIH with 10 stand 5 7/8° HWOP. F/15m - T365m. 3511812 8Y1H
303019 Deepsea Atlantic 0025 0045 2 15 6.1 MAKE UP BHA 100 P/UGTV Retrievalassy & 1 52 5 7/8" HWDP DP. Instal pipe doper 35/11:8-128Y1H
303pr-15 Deepsea Atlantic 0010 0025 15 o 25,3 PREIOBMEETING - BRIEF/DEBRIEF 100 Prejobmeeting prior o RIH with GTV Retrievallassy 35118128710
30.9pr-19 Deepsea Atlantic 0000 0010 10 o 6,11 LAY DOWN BH 100 Rack back et sub stand. 35/11:8-128Y1H
25.30r15 Deepsea Atlantic 2350 0000 10 E 611 LAY DOWN BHA 100 L/D MUT in RCWM. 35118128714
2930119 Deepsea Atlantic 220 250 30 50 675 TRIPPING RISER WITH FULL BORE TOOLS 100 on'5 7/8" DP, reduced speed.
29.30r19 Deepsea Atlantic 2310 2320 0 12,13 SEAUASSY / WEAR BUSHING 100 Set down W8 @ 383, according to Aker rep. ull ree with 10 OP. 35118128714
2920119 Deepsea Atlantic 250 210 0 675 TRIPPING RISER WITH FULL BORE TOOLS 100 RIH with MUT on § 7/8" DP, reduced speed. from 50m to 383m. 3511812 8Y1H
29.201-19 Deepsea Atlantic 2215 22:50 3 s0 6.1 MAKE UP BHA 100 RIH with 5 /8"t sub stand. P/U MUT from RCWM. 35/11-8.128Y1H
29-3pr-19_ Deepsea Atlantic 200 215 15 3 25,3 PREIOBMEETING - BRIEF/DEBRIEF 100 Prejobmeeting prir to P/U MUT 35118128710
Pressure test 9 5/8" x 10 3/4" tieback against BOP shear ram and GV plug. Pressure up.
29:3pr-19 Deepsea Atlantic 2115 200 I o 12,13 SEALASSY / WEAR BUSHING 100 slowly t020/290 bar and hold for 10 min. Volumed pumped 709 ier, bieed back 709 iter.  35/11-8:12 8YIH
29:3pr-19 Deepsea Atlantic 2100 2115 15 o 6,11 LAY DOWN BHA 100 P/U double 5 7/8" /D Hange M
29.30r19 Deepsea Atlantic 2010 2100 50 2 611 LAY DOWN BHA 100 POOH with STT on 5 7/8" HWOP from 383m to 26m. 35118128714
2K,
25.3pr19 Deepsea Atlantic 1920 2010 50 1956 12,13 SEAUASSY / WEAR BUSHING 100 Pull ST-MPT free according to Aker rep. 3511812871
29.3pr19 Deepsea Atlantic 1845 1920 3 1086 12,13 SEAUASSY / WEAR BUSHING 100 1500/om/9bar. 3511812871
200/pm/abs
Pt 8 bar @ 1951,5m
a
choke line
29:3pr19 Deepsea Atlantic 17:30 1845 75 1956 12,31 SETTING OF LINERHANGER 100 Bled down pressure and opend AP. 35/11:8-12BY1H
29.30r19 Deepsea Atlantic 1630 17:30 60 193 12,16 RUN LINER ON LANDING STRING IN C5G 100 RIM with 10 3/4 x9 5/8" teback on 5 7/8" HWDP. 35118128714
2930119 Deepsea Atlantic 1600 1630 30 1585 6.3 P/UDRILSTRING 100 U015 7/8" sngl5 7/8" DPinEOP.
nspect Hangs
29-9pr-19 Deepsea Atlntic 1530 1600 0 1s8s 12,9 PICK UP AND MAKE UP CASING HANGER 100 RIK 3511828710
2920119 Deepsea Atlantic 1525 1530 s ser 12,12 RIG DOWN CASING/LINER EQUIPMENT. 100 Rigged down csg equipment and removed 10 3/4"sips from RKG. 35/11812871H
25.30r-19 Deepsea Atantic 1510 1525 15 sl 6,33 CHANGE HANDLING EQUIPMENT 100 Changed BX3 toBX 4 35118128710
RiH with 1 T
25.3pr19 Deepsea Atlantic 1015 1510 55 1se1 63 P/UDRILSTRING 100 same R with 15t 10 3/4” tieback P/U Roxar gauge assy. 3511812871
P/U5/5" csg pup from catwalk. Changed insertsinelevator to 10 3/a" csg. RH with XO
29.3pr19 Deepsea Atlantic 1305 105 0 un 6,33 CHANGE HANDLING EQUIPMENT 100 from derrick. Removedt 9 5/8" FAAS and intalled 10 3/4" lps in otary. 3511812871
2930119 Deepsea Atlantic 1200 1305 65 1446 12 RUN CASING IN CASED HOLE. 100 Continued RIH with 8 5/8" Tie back from derrick /855m T/1446m MD. 35/11.8:128Y1H
29.30r19 Deepsea Atlantic 11:20 1200 w0 sss 12,25 RUN CSG IN CH (REST SPEED) 100 Continued RIH with 9 5/8" Tie back from derrick T/855m MD. 35118128714
2939119 Deepsea Atanti 11:10 11:20 PO 6,33 CHANGE HANDLING EQUIPMENT 100 Changed tong inserts. 35118128710
29.201-19 Deepsea Atlantic 1050 1110 0 an 604 PUMPSLUG 100 Pumped 10" 1,255 brine due to backlow in string. 35/11:8-128Y1H
25.3pr-19 Deepsea Atantic 1000 1050 50 an 12,25 RUNCSG IN CH (REST SPEED) 100 RIH with 8 /8" Tie back from 13m to 471m MD. 35118128110
29.20119 Deepsea Atlatic 0930 1000 30 13 12,13 SEALASSY / WEAR BUSHING 100 Transfered seal stem from Aux to Main. BH inspect before RIF. 35/11:8-128Y1H
25.3pr19 Decpsea Atlantic 09:15 0930 15 [ 25,3 PREIOBMEETING - BRIEF/DEBRIEF 100 Prejob before RIH with Ti Back 35/11812871H
2920119 Deepsea Atlantic 09:10 09:15 s o 12,11 RIG UP CASING/LINER EQUIPMENT 100 Rig up csg eauipment for 9 5/3" 35/11:8-128Y1H
29.30r19 Deepsea Atlantic 0855 09:10 15 o 633 CHANGE HANDLING EQUIPMENT 100 Changed to BX-4 elevator. 35/11812871H
23:9pr-19 Deepsea Atlntic 0820 0855 3 [ 38,01 CLEAN AND CLEAR RIGFLOOR 100 Cleaned and cleared dril floor 35/11:8-128Y1H
29.30r19 Deepsea Atlantic o805 08:20 15 [ 25,3 PREIOBMEETING - BRIEF/DEBRIEF 100 Debrief after retrieved 16" W 35118128714
23-9pr-19 Deepsea Atlntic 07:45 o805 2 o 611 LAY DOWN Bt 100 L/D MUT with WE to ROWM and R/E et sub stand. 3511812 8710
2920119 Deepsea Atlantic 07:20 o7:45 2 s8 6,75 TRIPPING RISER WITH FULL BORE TOOLS 100 POOH with 14" W 0n'5 7/8" 35/11812871H
2530119 Deepsea Atantic 0700 07:20 0 s 5,06 JET AROUND WELLHEAD 100 Jet WH with 2300 lom 17 bar. 35118128710
133/8° MUTin WH
29.3pr19 Deepsea Atlantic 0630 o7:00 EO ) 6,23 ENGAGE TOP DRIVE AND LAND TOOLS 100 @383m, t down 10 ton ng with 31 ton OP. 35/11:8-128Y1H
29.30r-15 Deepsea Atlantic 0500 0630 0 36 6.75 TRIPPING RISER WITH FULL BORE TOOLS. 100 RIH from 50m to 365m with Aker Jet sub and MUT. 35118128714
2920119 Deepsea Atlantic 0545 0500 15 50 6.1 MAKE UP BHA 100 P/U Aker et sub and MUT, installed acc Aker insructions. 35/11.8128Y1H
29.30r19 Deepsea Atlantic 0530 o545 15 o 25,3 PREIOBMEETING - BRIEF/DEBRIEF 100_Held preiobmeeting for RIH with Jetsub a 3511812871
2930119 Deepsea Atlantic 0515 0530 15 [ 25,22 DROP's Inspection 100 Drops check grease topdrive. 3511812 8Y1H
29.201-19 Deepsea Atlantic 05:00 05:15 1 o 38,01 CLEAN AND CLEAR RIGFLOOR. 100 Clean and clear dri floor. 35/11:8.128Y1H
29:3pr-19_ Deepsea Atanti 0445 0500 15 o 6,11 LAY DOWN BHA 100 /D ones 7/8" I W
29:30r-19 Deepsea Atlantic 0430 [ 15 2 633 CHANGE HANDLING EQUIPMENT 100 Remove wiper i rotary. 35/11:8-128Y1H
29:3pr-19 Deepsea Atlantic 0340 0430 50 2 6,11 LAY DOWN BHA 100 POOH to with running tool on 5 /8" HWOP from 394m to 24rm. 35/11-8128Y1H
2920119 Deepsea Atlatic 0325 03:40 FER) 501 POOH Ct 100 POOH to with runring tool on 5 7/8" D from 798m to 39am 35/11:8-12BY1H
25.30r19 Deepsea Atlantic 0315 0325 0 7% 641 FLOW CHECK 100 Flowcheck on TT. Wellstatc 3511812871
23:3pr-19 Deepsea Atlntic 0225 0315 so 7 601 POOH CH 100 POOH to with running tool on 5 7/8" DP from 1968m to 798m 35/11:8-12BY1H
29.30r19 Deepsea Atlantic 0215 0225 10 1sas 611 LAY DOWN BHA 100 L/D one 5 7/8" DP singel in RCWM. 35/11812871H
29-9pr-19 Deepsea Atlnic 0200 0215 15 1068 541 FLOW CHECK 100 Flowcheck on TT. Wellstatc. 35/11:8-128Y1H
Emty TT and start o displace K/C lines to.1.10 5g NaCl brne.
1105gN: Pump rate
29.3pr19 Deepsea Atlantic o015 0200 105 1068 5,02 DISPLACE WELL/RISER 100 4500 fom. 35/11:8-128Y1H
turned to (CCW) lft, Skt
23.9pr-19 Deepsea Atlnic 0000 0015 15 1om 12,88 SET/RELASE MECH PLUGS 100 torque in the string. 35/11:8-128Y1H
Released GTV N
28-3pr-19 Deepsea Atlantic 2350 o000 10 198 12,88 SET/RELASE MECH PLUGS 100 torque in the string. 35118128710
Pressure test GTV to 20/280 bar 5/10 min. Pumped 17221ier, get 1704iter retur.
28-apr-19_ Deepsea Atlantic 2310 2350 0 1983 15 PRESS.TESTING OF CSG UNDER BOP TEST 100 Meanwhil hold prejobmeeting prior to displace welL 3511812871
5. St plug @ 19 8itdepth @
28-3pr-19_ Deepsea Atlantic 230 2310 w0 1083 12,88 SET/RELASE MECH PLUGS 100 1982,7m 35/11812871H
2820119 Deepsea Atlantic 2110 230 80 1983 6,08 POOH CH reduced speed 100 " GTV plug from 35/11:8-12BY1H
2830115 Decpsea Atlantic 2000 2110 T 6,08 POOH CH reduced soeed 100 POOH with 9 5/8" GTV plu from 3513m t02978m 35/11812871H
28-9pr-19 Deepsea Atlnic 1945 2000 PO 541 FLOW CHECK 100  wel stabi 35/11:8-12BY1H
22kNm -NOGO.
Worked torque down while puling UP/Down. NOGO
423 ki , Wait 10 min for
28.3pr19 Deepsea Atlantic 1705 1945 120 318 12,88 SET/RELASE MECH PLUGS 100 packer element o retrack. Plug eleased. 35/1181280H
Closed upp linerto
Bled down pressure T/20bar.
2084/ ot
28-apr-19 Deepsea Atlantic 1625 1745 50 319 15 PRESS.TESTING OF CSG UNDER BOP TEST 100 Bled off remaining pressure and opend BOP. 35118128710
Connected:
114t0n,
28apr19 Deepsea Atlantic 1600 1625 3 31 12,88 SET/RELASE MECH PLUGS 100 Spaced out and sat plug according BH nstructions @ 3517,5m MD. 35/11:8-128Y1H
283015 Deepsea Atlantic 1400 1600 120 3507 607 RIH CH Reduced seed 100 T/3507m
282019 Deepsea Atlantic 1350 1400 10 1097 6.3 P/UDRILSTRING 100 " poe
283019 Deepsea Atlantic 1215 1350 o5 1080 6.07 RIH CH Reduced spee 100 RIH with GTV plug assy from 34m T/1389m MD with reduced speed. 0.6 ms 3511812871
2830119 Deepsea Atanti 1210 1215 s 3 6,74 COMPENSATE THROUGH BOP. 100 Compensated BHA throug BOP. 35/11-8128Y1H
283019 Deepsea Atlantic 1200 1210 0 37 682 RH wit 100 RIH with GTV/scrape T/357m MD. 35118128714
28-apr-19 Deepsea Atanti 11:40 1200 0 s 6,82 RIH with BHA 100
283019 Deepsea Atlantic 1125 11:40 1 3 633 CHANGE HANDLING EQUIPMENT 100 Changed to 5 7/8" inserts n elevator and installed auto doper/hydrasips in RKE. 35/11:8-12BY1H
28.apr19 Deepsea Atlantic 1115 1125 10 0 6,1 MAKE UP BHA 100 clamp and inspect BHA, 35/11:8-128Y1H
28.9pr-19 Deepsea Atlntic 1100 1115 15 o 25,3 PREIOBMEETING - BRIEF/DEBRIEF 100 35/11:8-12BY1H
2830119 Deepsea Atlantic 1030 1100 30 [ 38,01 CLEAN AND CLEAR RIGFLOOR, 100 Cleaned and cleared drifioor prior o nstal plug and scrape. 35118128714
28-3pr-19 Deepsea Atlntic 1000 1030 30 o 611 LAY DOWN B 100 Removed wiper, L/D 5 7/8" DP sgl & Top dress mill to RCWN. 35/11:8-128Y1H
2830119 Deepsea Atlantic 0545 1000 15 u 6,08 POOH CH reduced speed 100 POOH with Top dress millon 5 7/8" DP from 400m to 10m MD. 35/11812871H
28-9pr-19 Deepsea Atlntic 0940 0945 5 360 6,74 COMPENSATE THROUGH BOP 100 Comp Top dress mill through 80P, 3511812 8Y1H
283019 Deepsea Atlantic 0930 05:40 10 a0 641 FLOW CHECK. 100 Flowcheck below 8OP. 381181287
28-apr-19 Deepsea Atlantic 0840 0930 5 am 6,08 POOH CH reduced soeed 100 POOH with Top dress millon 5 7/8" P from 1576m to 400m MD. 35118128710
2820119 Deepsea Atlantic 0825 0840 15 157 6,31 /D DRILSTRING 100 /D2 sgl whie painted 5 7/8" DP skl to RCWM. 35/11:8-12BY1H
28.3pr-15 Deepsea Atlantic 0810 0825 15 1595 6,08 POOH CH reduced speed 100 POOH with Top dress millon 5 7/8" DP from 1945m to 1576m MD. 3511812871
282019 Deepsea Atlantic o755 0810 15 10 6,04 PUMP SLUG 100 Pumped slug 35/11:8-128Y1H
2830115 Deepsea Atlantic 07:20 o7:55 3 10as 12.2 CIRC. CASING/LINER 100 Tagged top PBR and closed UPR. 35118128714
2820119 Deepsea Atlantic 07:10 07:20 10 10 641 FLOW CHECK. 100 Flow checked well against TT. 35/11.8128Y1H
2830119 Deepsea Atlatic 0500 o7:10 0 1sas 5.01 CIRCULATE HOLE CLEAN 100 Circulate 1 B/U with 5000 om, 153 bar, 20 rom and 6 kN, 35118128714
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MILLING

RIH CH Reduced speed
P/UDRILLSTRING

RIH CH Reduced speed
CotSATeT ol TR
RIH CH Reduced ot

B NS ERTPET

R COMERIG - BHEFTOERIEE
CLEAN AND CLEAR RIGFLOOR

MAKE UP BHA

POOH with BHA

LAY DOWN BHA

TRIPPING RISER WITH FULL BORE TOOLS

PRESSURE TEST BOP.

PRESSURE TEST 80P
TRIPPING RISER WITH FULL BORE TOOLS
JET AROUND WELLHEAD

A R R

e A LAk rGriO0R

PREIOBMEETING - BRIEF/DESRIEF.
LAY DOWN BHA

PoOH CH
FLOW CHECK.

601 POOH CH

604
641

B
641

501
501

1231
13
B0

13,02
633
2.2

B2
3801
611
253
611
63

501
611

o1
674

292
501
15,08

641

1231
)

PUMP SLUG
FLOW CHECK

CIRCULATE AND CONDITION MUD.
FLOW CHE

K
13 RIG UP AND DOWN CEMENT EQUIPMENT.

CIRCULATE HOLE CLEAN
CIRCULATE HOLE CLEAN

SETTING OF LINERHANGER
RIG UP AND DOWN CEMENT EQUIPMENT
PUMP CMT

PUMP CMT
CHANGE HANDLING EQUIPMENT
DROP's Inspection

PUMP CMT
CLEAN AND CLEAR RIGFLOOR

LAY DOWN

PREIOBMEETING - BRIEF/DESRIEF.
LAY DOWN BHA

CHANGE HANDLING EQUIPMENT
CIRCULATE HOLE CLEAN

LAY DOWN BHA

POOH CH

COMPENSATE THROUGH BOP.
RELEASE HANGER RUNNING TOOL
POOH CH

KICK DRILL, CHOKE DRILL

FLOW CHECK.

SETTING OF LINERHANGER
RIG UP AND DOWN CEMENT EQUIPMENT

601 POOH CH

63
604

1231

CHANGE HANDLING EQUIPMENT
PUMP SLUG

SETTING OF LINERHANGER.
o

641 FLOW CHECK

3

501

RIG UP AND DOWN CEMENT EQUIPMENT

CIRCULATE HOLE CLEAN

641 FLOW CHECK.

1231

3

12,28

23
1228

3

1228

614
607

123
253
3801 C
212

1215

23
1215

614
614
21

SETTING OF LINERHANGER

PREIOBMEETING - BRIEF/DEBRIEF

RUN LINER ON DP IN OH (REST SPEED)

PREIOBMEETING - BRIEF/DESRIEF.
RUN LINER ON DP IN OH (REST SPEED)

PREIOBMEETING - BRIEF/DEBRIEF

RUN LINER ON DP IN OH (REST SPEED)

TESTMWD.
RIH CH Reduced speed

PICK UP AND MAKE UP CASING HANGER
PREOEMEETING-SHE/OCB

DO CANGAER CoUIPVENT

RUN LINER IN CASING

PREIOBMEETING - BRIEF/DESRIEF.
RUN LINER IN CASING.

TEST MWD,
TESTMWD.
RIG UP CASING/LINER EQUIPMENT

00

0

00

00

00

100

00

00

00
00

00

00

00
100

100

00

00

100

Connect Top Drive on fast std.

/0 welght wrotation: 121 Ton
P/U weight wotation: 113 Ton

Establish pump rate: 500 lpm/ bar and rotation: 20 rp

Runincrefly with eaton an st down ton o top P, Tog PBR @ 195283

Dress top of PBA for 1 min.
Circulate with 800 /min/4bar

Run down and polish PSR 3 times.
5,2m from laser anding to st tool It

Rt PO il sy cn /5 0. b it e spes o 1595m 11536

P/U2 joints white painted 5 7/8" DP from R

RIH with PBR mill 55y on 5 7/5" DP. RIH with reduced speed. From 398m to 1575m

35/11-8128Y1H

35118128711
35/11:8-128Y1H

35/11:8-12BY1H

R PO il sy o /5 . b with e e Fom 22 1035

Instalpipe doper and 5 7/8" auto
70 FER oyl sy rom B s LTS /80P

8/0 Aker Jet sub.
POOH with 5 7/8" HW DP BHA. from 101m to 38m
LD BOPIT

deck.
POOH with BOPIT from 383 10 120,

20/300 bar 5/10 min. With blue pod.
0

35/11-82 8710

3511812871

20/300 bar 5/10 min. With blue pod.

RIH and land BOPITT in WH.
Connected TD and washed BOP/ WH area with 2300 lom - 25 BAR.
RIF with wash stand and BOPITT on 5 7/8" DP from 168m to 369m
MU and RIM with wash stand, 3x 5 7/8" HWOP stands and BOPITT.
erformed clean and clar on rgfioor
Performed debriefafter trip out of hole
Lo LHRT.
POOH with 8 5/3" HRT from 400m to 15m.
/D and P/U dbl 5 7/8" DP due to space out BOP.
Compensated 9 5/" Haner RT through BOP.
PO GO
POOH with 3 5/8" HRT from 1950m to 400m
Pumped s g slug
Flowcheck well
Pumped one strng volume to clean pipe.
Flowcheck

0 B/O cement stand 8 R/8 1 AUX. Instaled spong ballnsting

Cirk hole clean for spacer and cement. 3000 s
Cirk hole lean fo spacer and cement 3000 m-70 ba.
PR,

0 5t DW.Close UAP.Open UAP.Pullabove PBR.
Disconnected hoses from cmt stan.

00lpm/30b

1,
Sheared out top WP @ 1323 stks/187bar.

Drops inspecion on TD and Main HR.

Pump 30 m3 1,20 s light mud 1000 lpm/35 bar. Pump 27,8 m3 1,50 s spacer at 1600 lpm.

Closed kelly cook and set 50 bar behind.
Resat flag and droped dart #Lin front o cement.
Started to mix 60,3 m3 1,80 s gastight lead sirry.
Pressure peak after bottom plug sheared o,

Displaced cement with 400 lter DW.
Closed Lo-toraue and dropped dart 42 behind cement
Clean and dleare rilfoor.

Removed radioative sources from BHA. POOH and transfer 8 1/4" BHA to Aux.

Preiobmeeting prior to /D radioactive sources.

POCH with 12 1/4" BHA from 156 t0.40m on & 7/8" HWDP. L/D jarin RCWHM,

Removed wiper in rotary. Install jumping fack sips.

flowto

Circulate 1

Due to gas, dcided to circulate 1.x B/
POGH with 12 1/a" BHA from 218 to 156m on 5 7/8" HWOP

POOH with 12 1/4" BHA from 365 to 218m. Take out 4 1/8" drift and drift su.

Comp through 80P with 12 1/4" BHA

Establsh circulation in steps of 200 Ipm flow to 1000 lpm.
Burst rupture disc @ 12
POOH with 12 1/4" BHA on 5 7/8° DP from 631m t0 390m
Held kick drll with crew.

351181287

35118128710

35/11:8-128Y1H
35118128110

381181287

35/11:8-128¥1H
35/11812871H
35/11:8-128Y1H

3511822870
35118128110
35/11:8-128Y1H

35/11:8-128Y1H
35/11812871H
35/11:8-12BY1H
35118128714
35/11-812 8710
35118128714

3511812871
35/11.8:128Y1H
35118128714
35/11-8128Y1H

35/11:8-128Y1H
35/11812871H
35/11:8-128Y1H

0K 121/0" A
Drop2 1/4” brass stting ball
1abar,
17657
Pressure up controlled to 140 bar.
Hold pressure for 3 min
Bleed of pressure to 50 b
Verifyed hanger set by appiving 30 ton WOB 3511812871
MT head.
POOH with 12 1/4" BHA on 5 7/8" DP from 1956m to 6311 35118128714
Instal wiper below rotary and 5 7/8" HL/slips. Dropped 4° drift n string. 35118128710
Pumped Sm with 16157 slug. 35/11:8-12BY1H
Tag bottom with 10 ton , 200 pm / 14 bar at 3669m.
P/Uto free moving up-welght + 4 m. Marked pipe with lase.
POGH to 3665m. Marked pipe with laser
Orfent window to desire orfentation +/- 18" high side
Cycled COT to OFF MODE
Final window orientation: 18" ight side OK 3511812 8Y1H
Flow check well for 10 min, 35/11:8-128Y1H
Install cmt std and take up and down welght 255 ton and 133 ton 35/11-8128Y1H
fun iner. 150100
and 118 ton, toraue readings with 20 rom /9 kNim and 30 rom/ 11 K. 35/11:8-12BY1H
Flow check well for 10 min, O 35/1181287H
. 3m stretch

Orient MILT window test, OF

Held debrif for RIH with landing tsing, meanwhile iled pipe with 1,30 58 0BM

ind tested orientation of COT with 570 lpm. OK

Cont. A with 955 Leron /80P i s o 3124 (036171 13

before

Pl st o T ST )
hecked a

ted orientation of COT with 570 fom.

o R 575 e on /8O o s rom 2353103171,
Held debrif for RIH with landing tring, meanwhile ild pipe with 1,30 58 0BM

Checked and tested orientation of COT with 570 fom,

Cont. A with 95/8” Liner on 5 7/8" DP landin sing from 1999m 10 2553m 1/0 and P/

on double for space for hanger in BOP.

exiting shoe.
RIN with reduced speed with 9 5/8” iner on 5 7/8" OP.

up/down weight 185ton)/157ton

Clean and clear pior P/U Iner henger.
D CRT to catwalk.
RIK with 9 5/8" iner from derrick.
Pl vey s it 1305 OBM whie A
oM

priorto

Took

settings on CRT.
RIF with 9 5/5" iner. M/U with casington.
Checkthe scrbe assy s.Orlent Window.

Orientation from window to contingency latch assy 70 deg.

0
Test COT /PDS assy Install MLT Window std.Remove mag. bolt.

P/U Back up CATi and M/U same to TD.

Torque

3511812871
3511812870
35/11:8-128Y1H

35/11:8-12BY1H
35118128714

35118128714
35/11:8-128Y1H

35/11:8-128Y1H
3511812871

35118128714
35/11:8-128Y1H
35/11812871H
35118128710

35118128110

3511812871
35/11:8-128Y1H

35/11:8-128Y1H
35118128714
35118128710
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Deepsea Atantic
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Deepsea Atlantic

Deepsea Atlantic
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Deepsea Atlantic
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Deepsea Atlantic
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Deepsea Atlantic

Deepsea Atlantic
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1999
1099
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205
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275
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2355
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2310

210
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1990

1597

503
633
12,19
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253
3801
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23
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633
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a1

503
633
604
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2

5

2
5

01

2
o1

2
5

2
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253
5

3
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s,

82
1
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1

2
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2
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2.1
633 CHA

.04 PUMP!

DOWN TIME, OTHERS
CHANGE HANDLING EQUIPMENT

PREIOBMEETING - BRIEF/DESRIEF.
CLEAN AND CLEAR RIGFLOOR
DROP's Inspection

MWD HANDLING.
PREIOBMEETING - BRIEF/DESRIEF
POOH with BHA

CHANGE HANDLING EQUIPMENT
POOH

POOH it

KICK DRILL, CHOKE DRILL

FLOW CHECK

PUMP AND POOH CH

CHANGE HANDLING EQUIPMENT
P

PUMP SLUG
FLOW CHECK.

CIRCULATE HOLE CLEAN
FLOW CHECK.
PUMP AND POOH OH.

TAKE PRESSURE POINT WHILE POOH
FLOW CHECK.

CIRCULATE HOLE CLEAN
CIRCULATE HOLE CLEAN

DRILLACTUAL

PRESSEREPOINTS WHILE DRILLING

DRILLACTUAL
PRESSEREPOINTS WHILE DRILLING
CIRCULATE HOLE CLEAN
DRILLACTUAL

CIRCULATE HOLE CLEAN
DRILLACTUAL

PRESSEREPOINTS WHILE DRILLING

DRILLACTUAL

scr

DRILLACTUAL
DRILLACTUAL

WASH DOWN

CIRCULATE AND CONDITION MUD.

MAKE UP BHA

RIHOH

PREIOBMEETING - BRIEF/DESRIEF.

RIHCH

PREIOBMEETING - BRIEF/DESRIEF-
H

KICK DRILL, CHOKE DRILL

RIH with BHA

MWD HANDLING

LAY DOWN BHA

MWD HANDLING

LAY DOWN BHA

POOH with BHA

POOHCH

COMPENSATE THROUGH BOP.

POOH CH

DROP's nspection

FLOW CHECK.

FLOW CHECK

POOH CH

FLOW CHECK.

00K OH

CHECK OF HANDLING EQUIPMENT

swe

POOH OH

FLOW CHECK.

CIRCULATE HOLE CLEAN

DRILLACTUAL

DRILLACTUAL

scR

FLOW CHECK
DRILLACTUAL

DRILLACTUAL
DRILLACTUAL
DRILLACTUAL
UNDERREAMING

DRILLACTUAL

DRILLACTUAL

STUCK WITH DRILISTRING
DRILLACTUAL
DRILLACTUAL
DRILLACTUAL

STUCK WITH DRILLSTRING

DRILLACTUAL

DRILLACTUAL
LEAK-OFF / FIT TEST

CIRCULATE HOLE CLEAN

o AT,
100 Change Bx3 to Bx4 35/11:8-128Y1H
100
100 RIH with shoe and F/C/fil same. 35/11:8-12BY1H
100 Preiob meetin prior M/U shoetrack with MLT eauipment. 35118128714
100 Intall FMIS and prepare casington 35/11:8-12BY1H
100 Change from 8x4. 35118128714
100 Handover with crew. 35/11-812 8710
100 Clean and clear R/F 35/11812871H
100 Drops inspection driling equipment. 3511812 8Y1H
100 Removed radioative sources from BHA. POOH and transfer & 1/4" BHA o Aux. 381181280
100 Performed Prejobmeeting prior to /D radiosctive sources. 35/11-812 8710
100 POOH with 12 1/4" BHA from 156 m t0 40 m on 5 7/8" HWOP. L/D far in ROWM. 35/11:8-12BY1H
100 Removed wiper n rotary. nstaled jumping fack sis. 35/11812871H
100 POOH with 12 1/4" BHA from 218 m to 156 m on 5 7/8" HWDP. 35/118128Y1H
100 POOH with 12 1/4" BHA from 365 m to 218 m. Removed drit 3511812871
100 Compensated through BOP with 12 1/4" BHA. 35/11-8128Y1H
100 POOH w/ 12 1/4" BHA on 5 7/8" DP from 638m t0 390 m. 35118128714
100 Performed kick drl with crew. 35/11-8128Y1H
100 for rack back 12 1/4" BHA 35/11:8-128Y1H
100 POOH w/ 12 1/4" BHA on 5 7/8" DP from 1975 m to 638 m. Avs. tipping speed 1234 m/hr. _35/11-8:12 BYIH
100 Installed wiper below rotary and 5 7/8" HL/slps. Dropped 4”drift n strng. 35118128714
100 Pumped Sm* with 1,615g slug 35/11-8:128Y1H
100 Flow check well wel statc 35118128714
a 187 bar, ECD 130
100 /118 ton, 30 rom/ 11 k.
100 Flowcheck well Well static. 35/11:8-12BY1H
100 Pump and POOH with 1000 om from 2277m to 1975m, 35/11812871H
o @3 1230
3273.30m, 3241.30m, 2702.30m,
Cont. erformed pressurepoints according to Baker procedure @
2648.30m, 2643.30m, 23 316.30m, 2286.30 or Lbricated
100 with 1000 LPM - 20 BAR while POOH between pressurepoints 3511812871
100 Flowchecked well or 15 min. Wel staic. 35118128710
Continued to circulated 4x B/U with 4000 LPI -245 BAR - 160 RPM - 21 KNm TQ. Tagged TO
100 @ 3669m and downlinked Ribs OFF 35/11-8428Y1H
100 Circulated 4x B/U with 4000 LPM -245 BAR - 160 RPM - 21 KNm TQ. 35118128710
Driled 12 1/4" rom 3479m to 3668m MD with 4000lpm/243br, 160RPM/15.28KNm, 10-
100 18ton WOB, take servals downlinks. See 10 % gas at 3558m 35/11:8-128Y1H
See3010n 0P
100 when POOH 35/11:8-128Y1H
Driled 12 1/4" from 3395,6m to 3479m MD with 40001pm/238bar, 160RPM/15-25KN, 10
100 18t0n WOB. 35/11:8-128Y1H
100
100 depth with town. 35/11.8-128Y1H
Driled 12 1/4" rom 3356m to 3406m MD with 4000lpm/230bar, 160RPM/15-25KkNm, 10-
100 18ton WO, 35/11:8-128¥1H
100
Driled 12 1/4" from 3340m to 3356m MD with 40001pm/230bar, 160RPM/15-25kNm, 10-
100 1810 WOB. 35/11812871H
100 3320, 35/11:8-12BY1H
Driled 12 1/4* from 3192m to 3340m MD with 40001pm/230bar, 160RPM/15-25kNm, 10-
100 35118128710
SCR @ 3192m M
MP1 20spm/11bar 30spm/14bar 0spm/17bar
100 MP4 20spm/11bar 30spm/15bar 40spm/18bar 35/11:8-128¥1H
Driled 12 1/4" rom 2849m to 3192m MD with 4000lpm/230bar, 160RPM/15-25kNm, 10-
100 18ton 35/11:8-128Y1H
100 Drilled 12 1/4 hole from 2848 m 10 2849 m. 3511812871
100 washing down. 35118128714
100 Took suvey. 35/11:8-12BY1H
100 Installed driing stand. 38/11812871H
RIH OH from 14" shoe.
100 . wos.
100 T
100 RIH with 12 1/4 BHA on 5 7/8" DP from 994 m o 1999 m. 35/11:8-128Y1H
100 emptied TTs. 35118128710
100 RIH with 12 1/4° BHA on 5 7/8" DP from 615 m 10994 m. 35118128714
100 Performed kick drl with nightshift, Held debrief. 35/11-8128Y1H
100 RIH with 12 1/4" BHA on 5 7/8" DP from 237m to 615m 35/11:8-128Y1H
100 RIM with 3 stands 5 5/8° HWDP, 1xJar and 2 stands 5 7/8" HWOP. 35/11-8128Y1H
100 Installd radioactive sources in BHA 35/11:8-128Y1H
100 Replaced 12 1/4° bit. Grading of used bit: 23-LT'S XL BT-PR. 35/11812871H
100 Meanuhi 35/11:8-128Y1H
100 POOH with 12 1/4" BHA. 35118128710
100 POOH with 12 1/4" BHA on 5 7/8" HWOP from 237m to 37m MD. 35/11:8-128Y1H
100 POOH with 12 1/4" BHA on 5 7/8"DP from 388m 0 237m MD. 35/11812871H
100 Compansated through BOP with 12 1/4" BHA 35/11-812 8710
100 POOH with 12 1/4" BHA on 5 7/8"DP from 653m to 388m MD. 35/118.128VIH
100 Drops inspection on TO and HR in Main WC. 35118128710
100 Flow checked well against . Well tatick. 35/11:8-128Y1H
100 Flow checked well against TT 3511812871
100 POOH with 12 1/4" BHA on 5 7/8" DP F/1979m T/653m MD. 35/11:8-128Y1H
100 Flow checked well against TT. Well statick 35/11812871H
POGH with 12 1/4" BHA on 5 7/8" DP from 2650m MD to 1941m MD, Obstruction @
100 ) connect
100 Checked tripping equipment. Instaled 2x wipers below rotary. 35/11-812 8710
100 Connected TD. Pumped 6 1,615 slug. 35118128710
100 POOH with 12 1/4" BHA on 5 7/8" DP from 2840m MO to 2643m MD. Pulled wet. 3511812 8Y1H
100 Flow checked well, meanwhile installed wiper above sips. 351181287
100 Circulated 8/U pror to POOH. Sent several downlinks. Took TO survey. 35118128710
Driled 12 1/4" hole f
100 102848 m , 1 m/h. Decided 1o POOH to check bit. 35/11812871H
100 Drilled 12 1/8" hole from 2775 m to 2802 m. Several stringers. 35/11:8-12BY1H
100 Took SCR with MP 1 and 4. 35118128710
10 35118128714
100 Drilled 12 1/4° hole from 2563m to 2775 m. Severalstringers. 35/11-8128Y1H
Driled 12 1/4" holefrom 2521m to 2563m MD. Several stringers. Reduced driing
100 35/11:8-128Y1H
Driled 12 1/4° .
100 drilling at 2496 m. Jared sring free. Continued drling. 35/1180287H
Driled 12 1/4" hole from 2445 m to 2456 m. Severalstrngers. Drlled stringers with
100 reduced parameters. For parameters see footage los. 35/11:8-128Y1H
100 Pulled up
Driled 12 1/a" hole from
100 Activated ja and puled srin fre. 35/11:8-128Y1H
Driled 12 1/4" holefrom 2375 m t0 2395 m with 4000 [pm/200 bar and 140 rpm. Various
WOB 3-15 ton. Much st
100 stringers. 35118128710
375 m. Lared string
100 Jared sting r 35/11:8-128¥1H
Driled 12 1/4" hole from 2355 m to 2375 m with 4000 lom/200 bar and 140 rpm. Various
WOB 3-15 ton. M
100 stringers. 3511812871
Driled 12 1/4" hole from 2320 m to 2355 m with 4000 om/200 bar and 140 rpm. Various
100 WOB 3-14 ton.
Driled 12 1/4" hole F/2310m T/2320m MD with parametres 4000ipm;/210bar, 140rpm/12:
kN \
100 jared free pie. 381181287
e . ared strng f
100 with 200ton hookload, string free at firs attempr. 35/11:8-128Y1H
Driled 12 1/4" hole F/2057m T/2310m MD ith parametres 4000ipm/202bar, 150rpm/12:
kN hrs. Sringer @
100 RPM 35118128714
2y
100 3500iter/158bar 10ton WOB, 35/11:8-128¥1H
100 Performed XLOT according to DOP. 3511812871
toXLOT. Walted for
100 engineer 0. Annular. 35/11:8-128Y1H
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DRILLACTUAL

DRILL CEMENT
WasH DOWN

KICK DRILL, CHOKE DRILL

FILLPIPE

MAKE UP BHA

TRIPPING WITH MANUAL EQUIPMENT
CHANGE HANDLING EQUIPMENT
PREIOBMEETING - BRIEF/DEBRIEF

COMPENSATE THROUGH BOP.

Al
s PeloavEETe sutsiocsnis
CLEAN AND CLEAR

16 U O b FOR WRELIE

PREIOBMEETING - BRIEF/DEBRIEF
WIRE UNE LOGGING

WAIT ON CEMENT.

WAIT ON CEMENT
PREIOBMEETING - BIEF/DESRIEF.

WAIT ON CEMENT
CLEAN AND CLEAR RIGFLOOR.
PREIOBMEETING - BRIEF/DESRIEF
LAY DOWN BHA
SEALASSY / WEAR BUSHING
SEALASSY / WEAR BUSHING
JET AROUND WELLHEAD

IAKE UP BHA
PREIOBMEETING - BRIEF/DEBRIEF
LAY DOWN B

CIRCULATE HOLE CLEAN
RIG UP AND DOWN CEMENT EQUIPMENT

SEALASSY / WEAR BUSHING
RIG UP AND DOWN CEMENT EQUIPMENT

PRESSURE TEST OF CASING
PUMP CMT
PuMP CuT

CIRCULATE AND CONDITION MUD.

CIRCULATE AND CONDITION MUD.

LANDY/ PULL CSG ON LANDING STRING
CIRCULATE AND CONDITION MUD

6.1 MAKE U

1214
631
1214

63
129
253

3
free}
s

12,1
1211
121

121
211

1

5

1
2

1

126
211

26

21

25,3 PREIOBMEETT

3801
611
1
631
683
803

3
213

682
1213

3801

253
611
633
683
601

641

1501
641

604

66
a1

o1

P KA
LANDY PULL CSG ON LANDING STRING
L/D DRILSTRING

LANDY PULL CSG ON LANDING STRING

CHANGE HANDLING EQUIPMENT
PICK UP AND MAKE UP CASING HANGER
PREIOBMEETING - BRIEF/DESRIEF.
CLEAN AND CLEAR RIGFLOOR

RIG DOWN CASING/UINER EQUIPMENT
CIRCULATE AND CONDITION MUD

RUN CASING IN OPEN HOLE
RIG UP CASING/LINER EQUIPMENT
RUN CASING IN OPEN HOLE

RUN CASING IN OPEN HOLE
RIG UP CASING/LINER EQUIPMENT

RUN CASING IN OPEN HOLE

CIRCULATE AND CONDITION MUD.

RUN CASING IN CASED HOLE
RUN CASING IN CASED HOLE

RUN CASING IN CASED HOLE
WN TIME - Casing running - Tech

MAKE UP SHOETRACK.

RIG UP CASING/LINER EQUIPMENT

MAKE UP SHOETRACK.
Lo G

BRIEF/DEBRIEF
L AN CLEAR RGTH00R

TR e

SEALASSY WeARBUSHNG
RiHwith
SEALASSY WEAR DU
CLEAN AND CLEAR RIGFLOOR
PREIOBMEETING - BRIEF/DEBRIEF
LAY DOWN BHA
CHANGE HANDLING EQUIPMENT
POOH with BHA
POOH CH
FLOW CHECK.
POOH CH
FUNCTION TEST 80P
FLOW CHECK.

HoH
PUMP SLUG

POOHOH
FLOW CHECK

CIRCULATE HOLE CLEAN

100 Drilled 3 m new formation. Pulled bitnto 14" shoe. 35/11-8128Y1H
100 Took SCR mp 1 2nd 4 35/11:8-128Y1H
Driled cement/wiper plug and float according to DD instruction. 2-10 ton WOB, 80 rpm and
from 1,34 56 101, Drilled she
with low WOB. Pulled out
through jided through 14
100 flow and no rotation 35/11-8128Y1H
147/115 ton, 1000 pm and
100 rpm. 3511812871
100 G dUAP. 35/11:8-128Y1H
190 Rl g empty T 3511812871
100 Made up driing star 35/11:8-12BY1H
100 Used manul o whie i s san 3511812871
ot 83 o s s 35/11.8128Y1H
100 RIH from 394 m t0 1675 m. 35118128714
100 Debrif after 12 1/4" BHA and tripping 5o far. Meanwhie filed pipe and empied TT. 35/118:12871H
100 RIH from 388 m to 994 m. Training with new personel 35118128710
100 Compensated through BOP. 35/11:8-12BY1H
100 RIM from 237 m to 351 m. 35118128710
100 stand 5 7/8 HWOP. P/U and M/U 7/8 HWOP.
100 RIK with 12 1/4" 35118128714
100 Cleaned and cleared dril foor. 35118128710
97 Rigged down wireine equipment 35/11:8-128Y1H
100 logging. 35/11:8-128Y1H
97 Performed CaL/USIT loge of 13 5/
Watting on cement. Meanwhile Wireline RIH with CBL/USITlogg sring. Bulkded 9 5/8" casing
97 inAUX. 3511812871
97 Waited on et LC1s6Tm.  35/118:128V1H
100 Prejob prior to rig up wireline equipment 3511812 8Y1H
Waited on cement. Meanwhie laid down Cement stand. Bult 12 1/4" BHA. General
97 maintenace on drillng equipment and in driling areas. 3511812 8710
100 351181287
100 Debrif ater RIH with 14" W8 and L/D MUT. 35/11-8128Y1H
/8 HWDP. and racked
100 back wash stand. 3511812871
100 Pulled free MUT with 5 ton overpull 35/11:8-12BY1H
100 Landed 14° W8 according to Aker instruction 35118128714
100 Connected
with 14" 7/8 HWOP to
100 373 m. 3511812 8Y1H
100 Preiobmeeting and SIA for Al with 14" WB and MUT. 35/11:8-128Y1H
POOH with STT on 5 7/8 HIWP from 332 m and laid down STT to RCWM. Used mud bucket
100 Training with new personel. 35/11:8-128Y1H
100 insalled 1
100 Broke out cement stand. Transfered same to aux. 35/11:8-128Y1H
Set down 15tons landing string weight and set 7bar down landing string. turned 2,5 turn CW
onitored for
pumprate. Washed for 15min 1260ipm/13bar and boost iser with 1000lpm. Rotated string
9,5 turns CW .Opened fllsafe and verifyed choke ine open. Closed MPR. Pressured up.
assy and no
100 min 3511812871
Flushed
100 emt hose with water. 35118128714
Pressuretested casing to 300 Bar for 10 min. from ct unt, Pumped 1285 tres. 1347 tres
100 in return, Checked for backfiow. 35/11.8-128Y1H
1, pe
100 upto 110bar, 70bar above circ pressure an held for Smin. 3511812871
3 plug
3 Jaced
dartwith DW, /170bar.
100 MP's. 35/11-8128Y1H
c B Observed
insteps o 13mh
100 mud & 20m? 1,558 M cpressure.
100 Circulated 1,5 B/U. Icreased flowrate in 200 LPM steps to max 1800 LPM - 36 BARS. 3511812871
100
100_Filled pipe and broke circulation in 200 LPM steps to max 1200 LPM:- 19 BAR 35/11812871H
100 Transfered cmt stand from AUX to MAIN. Connected TD to 35/11.8128Y1H
100 R 13 /814" and 14 haeron 17 WP from 1651t 1385m. 35118128714
100 YD sglto 35/11-8128Y1H
100 Ritost 135185 ¥ 3 1 g’ /" WDP o e 151, 35/11:8-128Y1H
100 vs, e /sl 35/11:8-128Y1H
100 PIU 14 g haner i W/ scoring o pocsre. 3511812871
100 Prejob meeting with crew before pick up hanger, 35/11:8-128Y1H
100 e g ckard il ioe s ek anas 35118128714
100 Uninstalled CRTi and aid down same to RCY 35118128710
10 Tagen A G50 and ke creonath 20 o Took wfdown 235 U205 35118128714
RIH with 14" casing from 1500 m o 1610 m using CRTI. Flled every stand with 1,34 56
100 mud. 35/11812871H
100 Changed 1o 14" jaws on CSG tone. Ci 1" csG.
100 Made up X05 13 5/8" x14". 351181287
RIN with 13 5/8" casing from 1290 m 10 1475 m using CRIT. Filed every stand with 1,34 5G.
100 mu 35/11:8-128Y1H
100 OWS checked batterion CRTI 35/11812871H
Ran carefuly through 20" shoe and cont. RIH with 13 5/8" casing rom 903 m - 1290 m using
100 CRIL. Filed every stand with 1,34 SG mud. 3511812871
0" shoe.
 Circulated bar.
100 Down/up welght 1501/157¢ 35118128710
100 RHwith an 1,34 56 mud
100 Visual check on threads 135/8 CSG 35/11:8-12BY1H
100 RIH with ¥ 35/11:8-12BY1H
100
100 Made up firt connection using CSG tong. 35/11:8-128Y1H
100 35118128714
100 Engaged C 35/11:8-128¥1H
100 Installed 35/11:8-128Y1H
100 Prejobmeeing for g upand 1M 135/ C5G 3511812871
100 Cleaned and cleared drifioor prior to next operation. 35/11:8-128Y1H
100 with NBP. 35118128714
100 Removed wipers and plate from rotary. 3511812 8Y1H
100 Broke out and faid down SGL to RCWM. 35118128714
100 POOH with MUT and N8P on 5 7/8° HWOP from 401m to 58 m 35118128710
0 Rearrange pipe i finzerboard due to mailfunction of latches. 35/11:8-128Y1H
D ey B G 35118128710
100 ocedurs 710, 35/11:8-128Y1H
100 i wilh MUT n 5 /8" WOP T/430m MD. 35/11812871H
100 P/U and M/U Aker MUT and sngl 5 7/8" HW to Jet sub std 35/11:8-128Y1H
Cleaned and cleared drilfoor.
100 accustics. 35118128714
anding 16
100 before Rl and retrieve NEP. 35/11.8.128Y1H
100 POOH with 16" BHA and transported same to AUX WC. 35/11-8128Y1H
100 B/0 X0, M/U 6 5/8" 1S and changed handing equipment to 6 58" 35/11:8-128Y1H
100 POOH with BHA on 5 7/8” HWOP and L/D jar F/220m T/25m 35/11812871H
100 POOH with 16" BHA on 5 7/8" DP T/220m MD. Compensated BHA through BOP. 35/11:8-128Y1H
Flow checked well against T before pull BHA thraugh BOP.
L i e 3511828710
100 POOH F/875m 1/628m MD with 16" 3511812871
100 Functiontested BOP Ram's and Annular's on yellow POD from TP panel. 3511812 8Y1H
100 Flowchecked wel with 8HA @ 20°cs shoe. 35/11.8.128Y1H
100 POOH from 1916m to 875m. 35/11-8128Y1H
100 Connected TD to string and slugzed pipe with 1,645 OBM. 35/11:8-12BY1H
100 Pulled first 3 stands we. 35/11-8128Y1H
100 Flow checked well against TT. Well statick. 35/11:8-128Y1H
Took D surve R ted
sring slowly up and down.
100 116ton. 351180287



17.3pr19
17.3pr19
17.3pr19
16apr19
16-apr19
16apr19
16apr19

16:9pr-19

15:9pr-19

15:9pr-19

15-9pr-19
15.apr19
15:9pr-19

15:9pr-19
15:9pr-19

15:9pr-19

15-9pr-19

15.9pr19
15:pr-19

15:9pr-19
15.9pr-19
15:9pr-19
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15.pr-19

15:pr-19
15.9pr-19
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15.9pr-19
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15:0pr-19

15:pr-19

15:9pr-19
15.9pr-19

15-pr-19
15.3pr19
15-9pr-19
15.9pr19
15:9pr-19
15.9pr19
15:9pr-19
15.9pr-19
149019

14:apr19

14.apr-19

14.9pr19
14-apr19
14pr19

14-apr-19
1430019

14:apr-19
149pr19

14-9pr-19
14.pr19
14-apr-19

14-apr-19
14pr19
14.pr19
16-9pr-19
14.pr19

14apr19

119

14apr19

14:9pr-19
14apr-19
14-apr19

14-apr-19

14:apr19

14.9pr-19
4

14-9pr-19 D
taaoc1s

prive

14-pr-19
13.0pr19

13.pr19
13-9pr19

13:9pr19
13.9pr19
13.0019
13.9pr19

Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlntic
Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic

Deepsea Atantic

Deepsea Atlantic

Deepsea Adantic
Deepsea Atlantic
Deepsea Atantic

Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlntic
Deepsea Atlantic

Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic
Deepsea Atantic
Deepsea Atantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atantic

Deepsea Atantic

Deepsea Atantic

Deepsea Atantic
Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic
Deepsea Atantic

Deepsea Atantic

Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic
Deepsea Atantic

Deepsea Atantic
Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic
Deepsea Atantic

Deepsea Atantic
Deepsea Atlantic
Deepsea Atantic
Deepsea Atlantic
Deepsea Atantic

Deepsea Atlantic

Deepsea Atlantic

Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic
Deepsea Atantic

Deepsea Atantic
Deepsea Atantic
Deepsea Atlantic

eepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic
Deepsea Atantic

Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic

1200

o050

o000

1630

1620

1200

o700

o000

1410

2000

1200

o050

o000

1630

1620

1200

07:00

o000

2007

1583

2

2

4

24
29

4

o

a

4

3

23
622
15,08

64

03

23

61

61

633
61

3801
23

3

63

611

63

s,
5

31
04

88

15

1288
63

607
631

DRILLACTUAL
DRILLACTUAL
TIVE DRILLING
TIME DRILUING
sci

TIVE DRILLING
TIVE DRILLING

TIME DRILUNG

TIME DRILLING

DRILL CEMENT
DRILL CEMENT

WASH DOWN

KICK DRILL, CHOKE DRILL

scr

FILLPIPE

DOWN TIME, OTHERS

ENGAGE TOP DRIVE AND LAND TOOLS.

COMPENSATE THROUGH BOP.
RIHCH

MAKE UP BHA
TRAINING WITH MANUAL RIG TONGS.
GG HANDUNG CUPNENT
MAKE UP Bt

CLEAN AND CLEAR RIGFLOOR.
PREIOBMEETING - BRIEF/DEBRIEF.

PREIOBMEETING - BRIEF/DESRIEF.
CHANGE HANDLING EQUIPMENT
DOWN BHA
LAY DOWN BH
P/UDRILLSTRING
00H CH reduced speed
L/D DRILSTRING
PUMP SLUG
SET/RELASE MECH PLUGS

PRESSTESTING OF CSG UNDER BOP TEST

SET/RELASE MECH PLUGS
P/UDRILLSTRING

RIH CH Reduced speed
L/D DRILSTRING

61 MAKE UP BHA

253
3801
1.00

253
1101
101

1,0

53

701
3801
23

611
253

1
75

670
608
1

507
15,08

607
674
675

1

3801
253
3801
1
611
&2

i
604
61

501
601
13
13,02
1

5

61
61

63
3801

12,05
633
611
211

i
PREIOBMEETING - BRIEF/DEBRIEF

WIRE LINE LOGGING
WL OPERATIONS

PREIOBMEETING - BRIEF/DEBRIEF

PLANNED MAINTENANCE
CLEAN AND CLEAR RIGFLOO!
PREIOBMEETING - BRIEF/DEBRIEF.

LY DOWN
PREIOBMEETING - BRIEF/DESRIEF.

RIG UP AND TEAR DOWN.
TRIPPING RISER WITH FULL BORE TOOLS

COMPENSATE THROUGH BOP.
POOH CH reduced speed
RIG UP AND TEAR DOWH.

RIH CH Reduce
ko, crort ons

RIN CH Reduced speed

COMPENSATE THROUGH BOP.
TRIPPING RISER WITH FULL BORE TOOLS

MAKE UP BHA
CLEAN AND CLEAR RIGFLOOR
PREIOBMEETING - BRIEF/DESRIEF.
CLEAN AND CLEAR RIGFLO
RIG UP AND TEAR DOWN.
LAY DOWN BHA

P/UDRILLSTRING,

00!
KICK DRILL, CHOKE DRILL

PUMP SLUG
FLOW CHECK

CIRCULATE HOLE CLEAN
POOH CH

RIG UP AND DOWN CEMENT EQUIPMENT
PUMP CMT

RIG UP AND DOWN CEMENT EQUIPMENT

CIRCULATE AND CONDITION MUD
RIHO!

R CH
COMPENSATE THROUGH BOP.
RIHCH

MAKE UP BHA
MAKE UP BHA

33 CHANGE HANDLING EQUIPMENT

CLEAN AND CLEAR RIGFLOOR

PULL CASING IN CASED HOLE.
CHANGE HANDLING EQUIPMENT
LAY DOWN BHA

RIG UP CASING/LINER EQUIPMENT

100
100

00

100

00

100

100

Dl o 583 0 2007 i AR08 3 b, 140 9 K, 57 Wo
due to increasing ECD and less cutings on shaker.

3 57 W08

3511812871

m o947 o
i W08 10 v,

KNm, WOB 02 ton. 2m/hour.
SCA readings

3200 fpm/91 b, 80 rpm/2-6
KNm, WOB 0-2 ton. Increase from 1,5 m/hour to 2 m/hour from 14:00

Time dle rom 826 m 1328 m acereing 10O strchon. 3200 o1 bar, 80 /2.6
Kiim, WOB 0.2 ton.

L6080
rpm/2:8 kNm, WOB 02 ton.

el ,
100 1pm /56 KNm, 3200 pm / 38 bar. Dril with it on 1,5 m/hour. Attempt to ick off
with diferent parameters - 60-80 rpm, limit ROP from 1,5-10 m/, attemp to

Startto dril cement rom 890 m to 908 m with 5-12 ton WOB, 60 rpm / 6-16 ki, 4033 Ipm
71200

0BM 01,34 58 OBM.
Start to dril cement rom 884 m to 830 m with 5-12 ton WOB, 60 rpm / 6-16 kN, 4033 lpm
/140 bar.
Wash down and ta hard cement at 884,5 m. 4000 fpm - 137bar
Close upper annular. Preform choke drilwith drillng crew. Open annular.
Record SCR with MP 1.and MP 4. MP 1: 20 strokes/7 bar, 30 strokes/8 bar, 40 strokes/10.
r. MP 4: 20 strokes;/7 bar, 30 strokes/s bar, 40 strokes/11 bar.
Filloipe and break circultion.

o,

Set low elevator tostring. Connect
RIK with 16" BHA on 5-7/8" DP from 398 m to 855
Compersate rogh 07 it 16”044 1m 360t 35 .

R on'57/8" DP from 221 m t0 360

w3 STD 5.7/5° IWOP, P/ o fom RCW and N with 257D /8% HWOP. i and
/D singel on ist stand 57/8" DP.

first 5:7/8" HWDP with igtongs.
Change handingeauipment from 6-5/8" to 5-7/8".
RIH with 16" driling BHA, L/D handiingsub. Instal XO.

Clea »
ld rioh ot ot for st
16" BH and rig up for

ange inerts in elevator from 5-7/8" o 6-5/8". Transfer 16" BHA from aux o main.
o0 B . il e s A s/ e oMW

POGH with 5.7/8 HWDP from 196 m to 11

P/U and M/U double.

POOH with 20" RTTS from £20 m to 196 m. Compensated through 80P,

Broke out an aid down double for space out BOP.

Pumped 5 m3 1,56 SG slug and dislaced same. Disconnected T

Released 20" Waited

Closed upper
Opened UAP.

Made up T0 to string. o
2t setting dey
procedure. No Go. Changed seting depth to 865 m and sat 20° RTS.

Picked up double for space out stting 20° RITS

RiK with 1,5 minfstand m
Compensated through BOP.

Broke out and lid down double fro space out 80P,

P/URTTS, made up YOS and RIH on 5 7/8 HWOP.

Preiobmeeting for run 20° RTTS,

Performed prejobmeeting for rigdown wireline.
Pulled toolsring to surface and secured same in rotary.
POOH t0 100
P//UWLtoolstring Acc. Rt
b e

toROWM.
o Monthl
. Welder
main arm. Fix
bugs for 3
Testdrive with

0 new canvas nstaled -

ok
Geanans s dcrRemovecly e el om g of 4 g
orie afer 20" scrape run, kick il and build-and lay down of BHA.

" bit to ROWM
Fiedsrobmesing i P

7/8" 0P stand.
POOH with 17-1/2" Rack biton 5-7/8" DP from 364 mto 61 m.
71

scrape. No
overpull abserved.

" scrape on 5
RIH with 20" scrape on 5-7/8" DP from 402 m t0.878 m. Run with 17-1/2" bit to 878 m -5 m
above TOC at 883 m. 20° casing scraped 10 867

Kick crll with crling crew.

‘Compensate through BOP with 17-1/2" Rock bit and 20" srape.
RIK with 17-1/2" Rock bit on 5-7/8" DP from 61 t0 364 m.
P/Uand M/ U 17-1/2 Rock b, 20°casin scrape and 12-1/8" magno and RH with same.
/D double 5-7/8" DP on first stand for spaceout.

Remove 14"

.
Handover and preiobb meeting.

Cleaned and cleared drilfoor

Removed wipers and platefrom rotary.

Broke out and lad down XOS and 5” CMT stinger.
Picked up and made up double on stand f 1.

0 POOH from 859 m t0 24

100 Kick dril it crew.
100 Pumped s m3 1,56 56 slug and displaced same.
100
4D, s83m.
c Circulated
and 40 pm. in return. ulled back
100 5 m while crculatng. Pumped 10500 strokes.
100 POOH from 972 m to 896 m . Puled dry stands.
100 Racked back CMT stand.
Pumped 14,4 m3 1,65 SG spacer and 20,2 m3 1,95 56 et siurry. Discornected Cmt hose.
100 Displaced cmt with 435 strokes, rotated with 40 rpm.
100
Connected 10
100 Pumped 3000 strokes.
100 3
100 RIH from 400 m t 903 m.
100 Compensated through B¢
100 st s o 5 e 50
100 Made up CMT: /800, i
100 Made up5* et stnger nd 05
100 Changed: s
100 Clometans care o oy st sl 5.
100 Pulled
100 Changed to 14" handing equipment. Changed from BX-4 to BX-3 elevator.
100 Broke out and laid down Spear assy with
100 Removed master and Instaled FMS in rotary.

351181280
351181280
351181240
351181280
351184280

351184240

331181200

351181240
351184240
35/1181240
33/11.81200

33/11.81200
351181240

351184240

351184240

35/11.81240
351184240
351184240
351181280
351181240

351181240
35/11.81240

351184240

351184240

33181200
331181200

351181200

331181200
351181240

35/11-84240
35/1181240

331181280
331181280

351181280

35/1181280
351181240
35/1181240

351184240
33181200

351181280
351181240
351184240
35/11.81240
33/11.81200

331181280

351181240
351181280

35/11.81240

351181240

351181240
35/11.8-12 40
331181200
331181200
331181200

351180240

351181240

351184240
351181280

35/11.81280
351181240

35/1181200

351181280



13.0pr19

13.9pr19

13.9pr-19

13.9pr-19
13.pr19
13.9pr19

13.0pr-19

13.9pr19

13.pr-19

13.9pr19
13-9pr-19

13.0pr19
13.9pr-19
130019
13-9pr-19
13.pr19
13-9pr-19

13:9pr19
13.pr19

13.9pr-19

13.9pr-19
13.pr19
13-9pr-19
13.pr19
13:9pr-19
13.0pr19
13.00r-19
13.9pr19
13.0p019
13.9pr19

13.pr-19
13.00019
13.9pr-19
130019
13-9pr-19

13.9pr-19
13.pr19
13:9pr19
13.9pr19
13.90019
13.9pr19

13.0pr19
13-9pr-19

12:9pr-19
12:pr-19
12:0pr-19

12:9pr-19

12:9pr19

12-9pr-19
12.pr19
12:9pr-19

12:0pr19
12:9pr-19
1230019

12:pr-19
12:9pr19

12:9pr-19
12:0pr19

12:0pr-19
12:9pr19
1230019
12:9pr19

12:9pr-19
12.0pr19

12.pr-19

12.pr19
12:9pr-19
12.pr19

12.pr19
12:9pr-19
12apr-19
1230019

12:0pr-19
12:9pr19

12.9pr-19

12.0pr-19
12:9pr-19
12.pr19

12.9pr19

12:9pr-19
1230019

12.pr-19
12:9pr19

Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic

Deepsea Atlantic
Deepsea Atantic

Deepsea Atlantic

Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atantic
Deepsea Atlantic

Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atantic
Deepsea Atlantic
Deepsea Atantic
Deepsea Atantic
Deepsea Atlantic
Deepsea Atlantic

Deepsea Atantic

Deepsea Atantic

Deepsea Atlantic

Deepsea Atantic
Deepsea Atlantic

Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic

Deepsea Atantic

Deepsea Atantic
Deepsea Atlantic

Deepsea Atlantic

Deepsea Atantic

Deepsea Atlantic

Deepsea Atlantic
Deepsea Atantic

Deepsea Atlantic
Deepsea Atlantic

o415
ox:00

o345
0240

611
23
611
633
253

1

19,01
641
19,01

1
604
641
1901

1901

64
675

61
61
253
3801
611
1213

675
674

1213
622

675
213

25,3 PREs

61
253

1212

3801
253

12,05

12,05

LAY DOWN B
PREIOBMEETING - BRIEF/DESRIEF.
LAY DOWN BHA

CHANGE HANDUING EQUIPMENT
PREIOBMEETING - BRIEF/DESRIEF.

RIG UP AND TEAR DOWN.

FISHING, OTHERS
i
FISHING, OTHERS

RIG UP AND TEAR DOWH.

FISHING, OTHERS

FISHING, OTHERS

FILLPIPE
TRIPPING RISER WITH FULL BORE TOOLS

MAKE UP BHA
MAKE UP BHA

PREIOBMEETING - BRIEF/DESRIEF.
CLEAN AND CLEAR RIGFLOOR

LAY DOWN BHA

SEALASSY / WEAR BUSHING

TRIPPING RISER WITH FULL BORE TOOLS
COMPENSATE THROUGH BOP.

SEALASSY / WEAR BUSHING

WASH DOWN

L L S

SEAL ASSY / W
e BREFEAEE

MAKE UP BHA

D L

16 DOUN CSING/NER cQUIPENT

o AN Ltk

RECEMEETNG. SHEFOEBREF

PULL CASING IN CASED HOLE.

PULL CASING IN CASED HOLE

12,05 pu

211

633 CHA

611

21
121
253
1218
604
641

121

61
253
3801

1213

641

1213
253
675

61
253
3801

5
75

21
675

61 M
253
3801
611

6501
604

641

123

641

61
253
611

3801

611

LL CASING IN CASED HOL
RIG UP CASING/LINER EQUIPMENT
INGE HANDLING EQUIPMENT
LAY DOWN

RIG UP CASING/LINER EQUIPMENT
LANDY PULL CSG ON LANDING STRING
PREIOBMEETING - BRIEF/DESRIEF.
LANDY PULL CSG ON LANDING STRING
PUMP SLUG

FLOW CHECK

S

1 MAKE UP

MAKE UP BHA
PREIOBMEETING - BRIEF/DESRIEF.
CLEAN AND CLEAR RIGFLOOR

SEALASSY / WEAR BUSHING

FLOW CHECK.

SEALASSY / WEAR BUSHING
PREIOBMEETING - BRIEF/DEBRIEF
TRIPPING RISER WITH FULL BORE TOOLS

MAKE UP BHA
PREIOBMEETING - BRIEF/DESRIEF.
CLEAN AND CLEAR RIGFLOOR

11 LAy

Y DOWN BHA
TRIPPING RISER WITH FULL BORE TOOLS

SEALASSY / WEAR BUSHING
TRIPPING RISER WITH FULL BORE TOOLS

AKE UP 81
PRECMMEETNG e
CLEAN AND CLEAR RIGFLOO

LAY DOWN BHA

PoOH CH
PUMP SLUG

FLOW CHECK

cuTcasing

.08 POOH CH reduced speed

FLOW CHECK.

curcasing
6 RHCH

MAKE UP BHA
PREIOBMEETING - BRIEF/DESRIEF.
LaY DOWN

CLEAN AND CLEAR RIGFLOR

LAY DOWN BHA

601 POOHCH

604

1288
6507
674
6507
631
633

61

253
3801

611

PUMP SLUG

SET/RELASE MECH PLUGS
RIH CH Reduced speed
COMPENSATE THROUGH BOP.
RIH CH Reduced speed

L/D DRILSTRING

CHANGE HANDUING EQUIPMENT
MAKE UP BHA

PREIOBMEETING - BRIEF/DESRIEF.
CLEAN AND CLEAR RIGFLOOR

wy

Down BHA
1 RIG UP AND TEAR DOWN.

Jar, HPT anchor and HPT power tool o
100 down. Racked back 8" DC. Pulled spear and CSG cut.
100 Prejobmeeting prir to /D spear BHA and Powertool.
100 Rack back 8" DC stand.
0

106
100 Held prejobmeeting prior to /D fishing BHA.

" 0P from
100 ROWM. Lt

POOH with 14" casing fsh and BHA from 707 m to 291 m on 5-7/8" DP. Observe overpull
Roolp T Bl A
100 Wl statc
105 PO Y A exing T snd S rom 857 o7 mon 5778

3
100 10 jacks being actvated in 20" casing when dif ressure.
100 Pump 8,5 m3 with 1,56 57 0BM and displace fines with 3 m3.
100 Flowcheck wellfor 10 min - well static
100 Burstrupture disc with 345 bar with cement it
Connect . Engage sp ed top
Pump with Lined up Baker CMT

anchor. Baker

14" casing
free with 358 ton hookload. Pulled 1,5 stands to pull 14" casing nto 20" shoe. Adjust

100 bitdepth to 14" casing cut depth.

CsGin

100 OH. Drop 1-4/8” ball
100 RIM with ful bore 17 1/4" HPT anchor from 136m to 778m. Comp. trough 8OP.
Cont. P/ U from RCW. P/ U HPT power section, HPT anchor, 8" Driling ja, 1 5TD &" DC and
100 X0, LD dobbel and RIH with same.
100 Change to 6-5/8" inserts. /U Spear and RIH with 8" DC STD.
100_Held preiobb meeting prir to runin and pull 14" CSG in OH.
100 Clean and clear rig floor prior for next Operation.
100 Rack back wash stand i derrick.
100 POOH with MPT and L/D to RCWM.

100 top ofsips - fel off several times.
100 Compensate out o BOP with wash stand.

10 ton, release N8P
100 with  ton overpull. Compensate out of BOP.
Connect TD. Activate AHC. Wash settng area with 2500 pm - 25 bar for 10 min. RIH and
0 disconnect TD.
RIK with 18-3/4" NBP on 5-7/8" DP from 50 m to 360 m.
P/U 18:3/4" NBP and MUT, check and RIH wi
Hld S mctin it U remade 8.3/ K5 o MUT
Transfer wash STD from derrick an Rl with sa
00 Held prejob meeting prior to next operation,

Clean and clear rg floor prior o next operation.
Held debrief after POOH with 14" casing

100 Cont. POOH with 14" from 246m to RKB. /B CSG cut. Casing cut 3pprox 6 m.

POOH with 14 " CSG. Broke out and racked back 1 stand 14" CSG. Not able to break

1476,

100 14" C56
100 Broke out and laid down 14" CSG hanger.

100 Adjusted wheels on CSG tong.

100 Changed to 14" handing eauipment. Changed from BX-4 to BX-3 elevator.

Removed bushings and master bushing. Puled 14 CSG hanger through rotay. Instaled S,
100 Rigged up control panels for CSG
Broke out and lid down bumper sub and 5 7/8 OP .

Pumped 10 m3 1,56 SG slug and dsplaced same.
100 Flowcheck

100 Baker. Closed UAP and pulle free 14" CSG with 134 ton hook load. Opened UAP.
00 RIH on'5 7/8 Hudp from 100 m to 360 m.

100 P/U and made up Taper mill/spear assy, 1 sg!5 /8 DP and bumper sub. RIH on 5 7/8 HWOP.
Debri after /D SA. rejobmeeting forbuild 14” spear ass.
100 Cleaned and cleared drifioor.

‘Compensated through BOP with SA. Disconnected TO from string. POOH with 54 on 5 7/8 DP

100 Aker nspected tool

5 bar.
ket 138l st et ndcompersted g 807 pradseons
er.

bor et . Pl S 1 1 i ol ook, G

100 Circulated total

0
100 RIH with pack of assy and seal retrving tool from 61m to 337m.

/U from RCW spear pack o assy and RIH with same on 1 5TD 5 7/8" DP and P/ U Aker seal
100 retriving toolfrom RCW, nspect and run same trough RK.
100 Held prejob meeting prior to next run.
100 Clean and clear ig floor prior to next run.

PR3/ T bov O 2 ke W/ .l MUT vl nd
100 1/ D same. Pull wash STD above RKB and R/ B
100 POOM with 1338+ WS/ MUT on5 7/ 0 fm 365 o 14

10Ton 13 3/8" 270P.Pul 1STD and B/ 8
100 and 10 minutes
100 RIH with MUT on 5 7/ 8" from 14m to 365m.

100 Pick up MUT
100 Preejob meeting before RIH with MU

100 Clae and o i, el G 20 ot .
100 Lay down cut assy to catwa

100 POOH with 14" cutter assy on 5-7/8" DP from 797 m to 30 m. Compensate through BOP.

100 el stti
Connect . Positon cutter

with 100 o / 420 kNm, bar. Observed

100 Casing cropped ap0rox 03

100 POCM Y4 eron 71809 rom 398 m 757 . U oSt

100 Fow checkwel Welsaick Ok
Connect TD. Positon cutter 3t 958 m. Record upweight 90 ton, downwelght 87 to
Freetorque 2 KNm. Fill pipe with 1,26 5g OBM at cutter posiion. Cut casing with 100 rpm / 4-
20k0m, 1050l 40 b tsrvedpresreiep. Conteto it for S . Vrky it

100 with pressure -

10 B34 i o575 0F o T o5 5 o g7

100 P/U and M/U up 14" cutter assy.

R e e

100 Lay down 10-3/4" spear from

100 Clean and dlear drifloo.
Remove plate and 2 xwipers under RKB. P/U double 5-7/8" from RCWM and R/8 1 stand 5~

100 7/8" 0 u

100 =

100 rotary.

Conneced 0. Posioned 14 EZ5p 557 . Took v doun wegh /55 on.

1 at
65 i i 1 o 4£997 ! PG ok AT 25 o o Pl S
‘m. ran sowly down and sat down 10 ton and verified plug sa.
RIH
Compensated through BOP.
RIH with 14" EZ5V plug from 24 m 10 360 m
Broke out and lid down double on stand 1 for space out BOP.

o
8IS
=2
iz
ig
H

H

b
Pertormed debtatr 13 /4" B4A snprefsbmeetng o 0 ke up 14 E25 g 0 AT
100 and RiH with.
100 Cleaned and cleared drifioor.
POOH with 12 1/4 bit assy on 5 /8 hwdp from 360 m to 20 m, Broke out and laid down jar
100 05 and bit assy to ROWM.
100 Removed wipers and plate from rotary.

351181280
35/11.81200
35/11.81240
35/11.81200
351181240
351184240
351181240
35/11812 40
351181240
33/11.81200
35/11:82A0
35/11.81280
351181240

351181280

35/1181280
35/11.81200

33/11.81200

351181240

351181240
351181240

351184280

351184240
35/1181240

35181240

351181240

351184240

351181240

351181240
35/11.81280
351181240
351181240

/11812 A0
331181200
351184240

351184240

351184240
351181240
35/11-81240
331181200
35/11.84240
33181200
351181280
351181240
351181280
331181200

331181280

351181240

351184240
35/1181240

35/11.81280

35/1181280
351181240
35/11.81240

351180240

331181200

351181280
351181240

351181240

351181280

35/1181240

35/11.84240
351181200

35/11.8-12.40
351181240



12:9pr-19
12.apr19
12:9pr-19
12.9pr19
1230019
12:9pr19
12.9pr-19

119pr19

11apr-19

11.apr-19
11apr19

11apr-19
11apr19

11.apr19
11apr19

11.9pr19
11apr1s

11.apr19
11ap19
11apr19
11apr-19
11apr1s

11apr-19
113019

11apr-19
11apr19

11apr19

11apr1s

11pr19
11.9pr19
11apr1s
11apr1s

11apr1s

11.pr19

11apr-19

11apr19
11apr19
11apr1s
1tapr19
11apr1s
11apr-19
11apr19
11:9pr19
11apr19
11apr19

10apr19

10.9pr-19
10-9pr-19
10-9pr-19
10apr-19
10-9pr19

10-pr-19

10-9pr-19

10-9pr-19

10-9pr19
10:pr-19

10:apr-19
10.apr-19

10.pr19

10.pr19

10:apr-19
10-9pr19

10-9pr-19
10.apr19
10-9pr-19

10-pr-19

10.9pr-19

10.apr-19
093919
0930118
09:3pr19
0530119
0930119
0930119

09:3pr19

093pr-19
0930119

03:3pr19

0930119

Deepsea Atlntic

Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic

Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic

Deepsea Atantic
Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atantic
Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic

Deepsea Atlantic

Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic

Deepsea Atantic

Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic
Deepsea Atantic

Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atantic

Deepsea Atlantic

Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic

Deepsea Atantic

Deepsea Atlantic
Deepsea Atlantic

Deepsea Atantic
Deepsea Atlantic

Deepsea Atlantic
Deepsea Atantic

Deepsea Atantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atantic
Deepsea Atlantic

Deepsea Atantic
Deepsea Atlantic

Deepsea Adantic
Deepsea Atlantic
Deepsea Atantic

Deepsea Atantic
Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic
Deepsea Atantic
Deepsea Atlantic
Deepsea Atantic

Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic

Deepsea Atlantic
x

Deepsea Atlantic
Deepsea Atlantic

25

200
2145

1345

1300

1205
1215

1200
1145

1015

0945

215

245
2200

130

1345

13:00
12:05

1215
1200

11405

1015

1827

1818
1750

1678
1678

1269
1269

1778
1778

1778

1778

2062

2030

2030

670
601
sa1
601

641

01

01

2

622
13.01

1301

15
5

7
61

61
253
3801

1

501

23

COMPENSATE THROUGH BOP.
POOH CH

FLOW CHECK

POOH CH

04 PUMP SLUG

FLOW CHECK
CIRCULATE HOLE CLEAN

CIRCULATE HOLE CLEAN

WaSH DOWN

WASH DOWN
WAIT ON CEMENT

WAIT ON CEMENT
CHECK OF HANDLING EQUIPMENT
RIHCH

COMPENSATE THROUGH BOP.
MAKE UP BHA

MAKE UP BHA

PREIOBMEETING - BRIEF/DESRIEF.
CLEAN AND CLEAR RIGFLOOR

LAY DOWN BHA

POOHCH

PREIOBMEETING - BRIEF/DESRIEF.

601 P

3
5

04
a1

s

08

13,02
1B02
13
53

1

1288

3

507
674

607
631
63

61
253

11,02 RIG UP OR DOWN
25,3 PREIOBMEETING - BRIEF/DEBRIEF

1,01

11,01
1,02
23

PUMP SLUG
FLOW CHECK

CIRCULATE AND CONDITION MUD.

POOH CH reduced speed

PUMP CMT
PUMP CuT

RIG UP AND DOWN CEMENT EQUIPMENT
PREIOBMEETING - BRIEF/DESRIEF.

MAKE UP BHA

SET/RELASE MECH PLUGS
P/UDRILLSTRING

RIH CH Reduced speed
COMPENSATE THROUGH BOP.

ETe
L/D DRILSTRIN
CHANGE ANDLIG EGUTERT

MAKE UP BHA
PREIOBMEETING - BRIEF/DESRIEF.
UP OR DOWN FOR WIRELINE

WIRE LINE LOGGING
WIRE LINE LOGGING

RIG UP OR DOWN FOR WIREUINE
PREIOBMEETING - BRIEF/DEBRIEF.
P OR DOWN FOR WIRELINE

12,02 RIG U

3801

611

o1
674

CLEAN AND CLEAR RIGFLOOR
LAY DOWN BHA

LAY DOWN BHA
COMPENSATE THROUGH BOP.

601 POOHCH

801
641
601
601
604
641

s

07

674
682

61
23
3801
611
675

121
75

1213
212
38,01

1205

MECHANICAL REPAIRS.
FLOW CHECK.

POOH CH

POOHCH

PUMP SLUG

FLOW CHECK.

CIRCULATE AND CONDITION MUD.
RIH CH Reduced speed
RIHCH
COMPENSATE THROUGH BOP.
RIH wit
MAKE UP BHA
PREIOBMEETING - BRIEF/DESRIEF
CLEAN AND CLEAR RIGFLOOR

LAY DOWN BHA
TRIPPING RISER WITH FULL BORE TOOLS
SEALASSY / WEAR BUSHING
TRIPPING RISER WITH FULL BORE TOOLS
SEALASSY / WEAR BUSHING

RIG DOWN CASING/UINER EQUIPMENT
CLEAN AND CLEAR RIGFLOOR

3 PREIOBMEETING - BRIEF/DEBRIEF

PULL CASING IN CASED HOLE

12,05 PULL CASING IN CASED HOLE
12,05 PULL CASING IN CASED HOLE

12,3 PICKUP AND MAKE UP CASING HANGER
12,11 RIG UP CASING/LINER EQUIPMENT
15,01 FIsHI

633 CHANGE HANDLING EQUIPMENT

25,3 PREIOBMEETING - BRIEF/DEBRIEF
15,01 FISHING, OTHERS

6,04 PUMP SLUG

6.41 FLOW CHECK

5,02 DISPLACE WELL/RISER

5,02 DISPLACE WELL/RISER

25,3 PREIOBMEETING - BRIEF/DEBRIEF

641 FLOW Chi

15,01 FISHING, OTHE

6.74. COMPENSATE THROUGH BOP

00
a7

0

00

00

00

00

100

Compensteseogh 807
mto400 m.
Flowcheckec well o o pul A through 607

Pump 6 m3 slug, 1,
Flow check well and install2 wipers in rotary.
and 50 rpm,

circulatng,
Circulated 1
circulating,

1818 mt0 1827
with 10ton with
“adiom sndno ot
Connected TO. Filled pipe. Washed down from 1754 m with 200 m/h 350 Ipm/4 bar, 30
rpm/6 kNm and 0-2 t WOB, At 1818 m WOB increased to'5 ton.
Rif from 1678 m to 1

it y T0 and fil ppe.

Perform NDT check

according toIFs.
installing new pull system for aux hang:offine. DROPS on Hs.
RIN with 12-1/4" rock bit on 5-7/8" DP from 732 m 10 1678 m.

for correct dies. No foundings - everything ok.
RIH with 12-1/4" rock bt on 5-7/8" DP from 400 m 1 732 m.

140 - 362mt0400m,
RIH with 12-1/4" rock bt on 5-7/8" HWOP from 22 m to 360 m.

P/U 12:1/a" rock

Held preiob meeting prio to run in with 12 1/4" rock bit.

S i
Pt

o R e 4. G o TR et g ot 1 7
running tool.

POOH with EZSV running tool on 5-7/8" DP from 1269 m to 20 m. Compensate through BOP.

POOH with EZ5V running tool on § 7/8" DP from 17781 to 1269m.

1,56 52 0BM slug.
Flow check well Well satick. Ok.
Instal 1 ea wiper ball. Connct TD. Circulate 1 x 8/U with 2500 lpm / 50 bar, 40 rpm /4
Kim. Total pumped 10091 sroke.

with EZ5V RT on 5-7/8" P from 2058 m to 1778 m. Rack back cementstand and /D,
singel DP. POOH with 2,5 min/stand.

L m3 with 1

Iom /53 bar. Rotate with 40 rpm. Catch up cement after 750 strokes. Total pumped 1080
strokes
Pump 12,4 m3 with 1,65 sg spacer. Set 50 bar on auto KC. Line up MP for pumping 1,26 53

100 08M.

00

00

100

100

7 log.
RIH with WL

100

00

00

00

100

100

Install CMIT hose and preform lin tes to 100 bar -ok.

Pullout with 1 i T
olug at 2058 m.

RiKi 10 2058 m. 167 EZ5V plug seting,
12 bar Set

Jug with Pullup
062 m with S

ton.

a setting 14 25V plug. 0P
from RCWM instead of /D double.
RIH with

avsmio

Compensated through BOP with 14" E25V plug.
RIH with 14" % 2mto

65m.
Broke out and laid down double on stand #1 fr space out BOP.
Installed 5 7/8 autosiips and auto pipe doper.

Jcked up RT for E25V
drifsub/stand #1. Made up EZSV plug to KT
e hr i downwirelne Pri fo I with 14 E25 .
Rigged down toolstring and wireline equipment
Preiobmeeting o g down wireline eauipment.
RIH with WL

Rig up toostrng an sheavs for WL. Surfacetestof tooks.

Held prejobmeeting prio to 1 up and run WL.

Instal shackle sub inelevator. Lit wirelne assys from deck to ROWM.
Clean and clear drifoor.

i o1 W
H with 14" dift assy with 57/8" HWOP from 360 m to 37 m. P/U singel rom ROWM.
B R S AT

0 Compensate 80

ot PoOW 8501358,

and secure same.
Flowcheck well 10 min, Well static

Continue POOH from 1571 m t0.850 m,

POCH from 2068 m to 1571 m.

Pump 5 m3 1,56 55 0BM

it i Wl e el il i an o i doer.

Total pumped 12000

strokes
5

/T @ 09:00AM. Up welght 103 ton - down weight 86 ton.
Cont AIH from 398 t0.891m

Compensate through BOP from 361m to 391m. Change T/T. Meanwhile callbrated HT main.
RIK with 5-7/8" HWOP. L/D singelon firt stand 5-7/8" HWOP.

broken hose on lower quide head HR man.
Held preiob meeting priorto run 14" drift run.

lean and clearrig loor prior o run 14° drift run

L/D MUT to RCW and R/B wash STD to setback.

POGH with MUT from 323m to 58m. Use wiper on lum#slws

75 ton downeigh 7 .
WB n WH, pul free with 3 tOP.
RIH with 13 3/8" WB 0n 57/8" DP from 58m to 323m.

P13
MUT from RCW and install 13 3/8° WB to MUT and RIH with same.

" casing tong,
Clean and clear drilfoor afer POOH with mocified wiper on top of FMS.

eauipment.

0 1/D 6 m with 10-3/4" ut oin to RCWM.

B 1300mto6

POOH with 10-3/4” CSG from 1664 t0 1340,
P/U and /D 10-3/2" haner to RCWM,

Release spear and rack back n derrick.
Change from 5-7/8" DP slips to FMS slips
Held preiobmeeting with crew priort0 112 up for casing.

POOH with 8 Spear and 10:3/4" CSG on 57/8" DP. Pulled 4 m and abserved 20 ton OF.

Pulled 8- Spear 10 3/
€56 on 5-7/8" DP from 2070m to 1687m. Sof start and top.

jth1, 103/" 56,
Flow check well. wel satic. Ok.
o

Nacito1. /103 bar. Total
pumped 10 937 strokes

Displace Booster and kil/choklines from 1.06 5g NaClt0 1.26 sg OBM.

Preiobmeeting peior to cisplacing wel from 1.06 5 Nacl 0 .26 5 0BM.

Flowcheck well for 10min, Well satic

Engade spear and pull 104" CSG free with 181 ton hookioad. P/U 3.

Compensate through BOP with spare and lande nogo on 10 3/4" hanger.

351181240
35/1181240
35/11.81200
35/11.81240
35/11.81200
351181240

351184240

351181240

351181280

351184240
351181280

35/11.81240
331181200

351181200
351181240

351181240
351181240

35/11.81240
351181200
351181240
3s/11.81280
351181280

35/11.81240
3181200

331181280
351181240

351184240

351181240

351184240

351184240
3511812 40
33181200

331181200

351181280
35/11.84240

351184240
351181280

351181280
351181240
35/1181240

35/11.84240
331181200
35/11-842.40
331181200

35/11.81280

35/1181280
35/11.81200
35/11.81240
35/11.81200
351181240

351184240
351184240
35/11812 40
351181240
331181200
35/11:8240
33/11.81280
35/11-84240
351181240
351181200

331181200
351181240

35/11:84240
/11812 A4

351181240

35/11.81200
35/11.81240

351181280
351181240

351184240
35/1181240
351181200

33/11.81200
35/11-81240

35/11.81280
35/11-842.40
35/181280

35/11.81240
331181200

35/11.84240
3181200

35/11.81280

351184240
351181280

35/11.81240

33181200



09:3pr19
033919

03:3pr19

033919

03:3pr19

033pr19

03:3pr19

09-3pr-19

093pr1

093pr-19
09-2pr-19
0930119
033pr19
033pr19
093019

0930119

03:3pr19
093019

09-2pr19

093pr19

03:3pr19

09:3pr19

0930119

08-3pr-19

08-2pr-19

08-3pr-19
0830119

08apr19

08apr19

08-apr19

08:3pr19

08apr19
08apr19
083019
08:3pr19
o8apr1s
08apr19
08apr19

08:3pr19

08apr19
08-apr19
083pr19
08apr19
083019
08apr19

08-2pr-19

083019

083pr19
083019

08-3pr-19
082019

08apr19
08-apr19

08-3pr19

08-apr19

08:3pr19

08apr19

08:3pr19
08apr19

08apr19
08019
0830119
08-3pr19
08:3pr19

o8apr10

0730119

Deepsea Atlantic
Deepsea Atantic

Deepsea Atantic

Deepsea Atlantic
Deepsea Atlantic

Deepsea Atantic

Deepsea Atantic

Deepsea Atlantic

Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic

Deepsea Atlantic

Deepsea Atlantic
Deepsea Atantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic
Deepsea Atantic

Deepsea Atantic
Deepsea Atlantic
Deepsea Atantic

Deepsea Atantic

Deepsea Atantic
Deepsea Atlantic
Deepsea Atlantic

Deepsea Atantic
Deepsea Atantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atiantic

Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic

9 Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic
Deepsea Atantic

Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic
Deepsea Atantic

Deepsea Atantic

Deepsea Atlantic
Deepsea Atantic
Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic
Deepsea Atantic

Deepsea Atantic
Deepsea Atantic

Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atantic

1215

1200

1155

o115

020

o000

2345

230

210
2300

2100

2130

2135

2050

1855
1645
1630

120

1215

1200

05145

o115

0020

o000

2345

230
2310

2300

2140

2130

2135

195
1650
1645

15

105

1

2083

2053
1902

1032

33

61
253

B
675
670

2

a1

o1

121

1213

121
1213
253
75
61
23
3801

611
1213

1213

522

15,11

15,11

15,11

3801

611

601
&

g

1

08

604

608
641

3

641
507
253

02

07
3

1,0
1,02

253
1.0

611
601
3

2

02

2

3

7
5

61
253
3801

3

611
613

501
674

11 Ay

CHANGE HANDLING EQUIPMENT

MAKE UP BHA

PREIOBMEETING - BRIEF/DESRIEF.
LEAR RIGFLOOR

DOWN BHA

TRIPPING RISER WITH FULL BORE TOOLS

COMPENSATE THROUGH BOP.

COMPENSATE THROUGH BOP.

FLOW CHECK.

CIRCULATE HOLE CLEAN

SEALASSY / WEAR BUSHING

SEALASSY / WEAR BUSHING

SEALASSY / WEAR BUSHING
SEALASSY / WEAR BUSHING

PREIOBMEETING - BRIEF/DESRIEF.
TRIPPING RISER WITH FULL BORE TOOLS

MAKE UP BHA
PREIOBMEETING - BRIEF/DEBRIEF.
CLEAN AND CLEAR RIGFLOOR

LAY DOWN BHA
SEALASSY / WEAR BUSHING

SEALASSY / WEAR BUSHING

DROP's nspection

PRESSURE TEST BOP.
PRESSURE TEST 80P
PRESSURE TEST BOP.

CLEAN AND CLEAR RIGFLOOR
LAY DOWN BHA

POOH CH
COMPENSATE THROUGH BOP.

POOH CH reduced speed
RIG UP AND TEAR DOWN.
POOH CH reduced speed

PUMP SLUG

POOH CH reduced speed
FLOW CHECK.
cuTcasing
cuTcasin

FLOW CHECK

RIH CH Reduced speed
PREIOBMEETING - BRIEF/DEBRIEF.

DISPLACE WELL/RISER

RIN CH Reduced speed

RIHCH

PREIOBMEETING - BRIEF/DESRIEF
cH

COMPENSATE THROUGH BOP.

RIHCH

MAKE UP BHA

CLEAN AND CLEAR RIGFLOOR

PREIOBMEETING - BRIEF/DESRIEF

RIG UP OR DOWN FOR WIRELINE

WLOPERATIONS

WL OPERATIONS
RIG UP OR DOWN FOR WIREUINE

PREIOBMEETING - BIEF/DESRIEF-
RIG UP OR DOWN FOR WIRELINE

LAY DOWN BHA
POOH CH

COMPENSATE THROUGH BOP.

DISPLACE WELL/RISER.
WASH DOWN

PREIOBMEETING - BRIEF/DESRIEF
COMPENSATE THROUGH BOP.

RIHCH

MAKE UP BHA

PREIOBMEETING - BRIEF/DESRIEF.
CLEAN AND CLEAR RIGFLOOR

RIG UP AND TEAR DOWN.
PREIOBMEETING - BRIEF/DEBRIEF
LAY DOWN BHA

TRAINING WITH MANUAL RIG TONGS.
RIG UP AND TEAR DOWN.

PooH
COMPENSATE THROUGH BOP.
POOHCH

100 5o L
100 Installed s /8" power sips.
100 .57/8" do, bumber
100 Preiobmeeting prior to make up spear assy.
100 Clean and dlear rgfoor.
100 Lay down 54 and pack of tool.
100 POOH with 5 on 5 7/8" DF
100 Compensate Swab cup assy through BOP.
100 through 8P,
m T2 Waited
100 30 mintolet LA lement rtrack.
shaker 1
rigchoke, observed 3bar shut n pressure.
‘Opened Rigchoke and started mud pump with 250LPM, increased to 330LPM. Experienced
Pitsensor
700LeM.
100 volum normaly. Totaly pumped 44 8m.
Cont.pullseal T Increase
3 120-14010n.Seal assy
released @ Basel
100 chokemanifold. Pessured up to 195bar to open circ sub
.
100 ton steps.
Dropped Baker 13/8" ball and RH with and space out or closing lower annular. Closed LA
with
Pressure up to 100bar [ tool
acc to Aker rep. 10bar ling. Bleed off
100 pressure trough kil choke. Keep choke open via PB nad TT1.
Connect pa
100 10bar down string.
100 Preiob prior o RIH and release seal asv.
100 RIH with Swab cup and MPT on 5 7/8° DP from/63m to/366m.
718" 0P s,
100 P/UMPT from RCWM and Installed M/U same.
100 Debriefafter POOH and release wearbushing.
100 Clean and dlear drifioo.
Z LomuT
100 toRCWM.
100 POOH with wear bushing on 5 7/8° DP from/383m to/14m.
100 2500ipm/14bar.
0 wash and flush trip tanks.
pressuretest
Visual
wellcenter, o, Rig
100 down equipment fter pressuretest ofTO.
RIN with MUT on 5.7/8" DP from 50 m to lat stand prior 10 land MUT. Record upwelght 74
ton, downweight 74 ton. Actvate AHC and land MUT in wellhead. Set down sl strngweight
100 and open elevator and positon TD at dilfcor.
100 RIH with jet stand from derrick and pick up MUT from catwalk.
100 Clean.
Remove plate and 2 x wipers under RK8. POOH, check and L/D 10-3/4" Cutter assy to
100 ReWM.
POOH with 10-3/4" Cutte assy rom 380 m t0 9 m. Trouble with kelly hose pendeling to
100 wrong side of service loop - use personel to observe in derrick during trp.
100 Compensate through BOP with 10.3/4" Cutter assv.
POOH with 10-
100 #2 -20 bar/5 min, 300 bar/10 min.
100 Installed 2 x wipers under RK.
POOH with 10-3/4 Cutte assy rom 1728 m to 1445 m. POOH with reduced speed due to
s, but
100 to have wiper under RS,
Connect topdrive. ith1
100 due to cutting in hoe.
POOH with 10-3/4 2083 m 101729 m.
edat 1
100 - 20bar/5 min, 690 bar/10 min)
100 Flowcheck well Wellstatick. Ok
100 Cut 10-3/4” CSG with 703 LPM- 23 bar. 120 RPM- 8 KNim. Observed pressure drop.
Drop 2" ball M/U TD and activate compensator. Activate knifes acc to Baker. Pump 2° ball
10 5
10 min. WellStatic
100 operation.
100 Cont. RIH with 104" cutter asy on 5 /8" DP from 1878m to 2053m.
100 s,
0001pm/G8bar. Circ 15min with 1.30 55 WEM pr
and BOOST to 1,06 sg NaCl Start pumping 1.06 sg Nacl and displace well. total strokes
100 pumped 8600 strok
Cont. I with 104" cutter assy on 5 7/8° DP from 1902m to 2053m with reduced speed st
100 stands.
100 Cont. RIH with 104" cutter assy on 5 /8" DP from 1032m to 1802m.
100 Debrief with crew after WL operations. Meanwhile M/U TO and fl pipe and empty TT.
100 Cont. RIH with 104" cutter assy on 5 7/8" DP from 363m t0 1032m.
100 Compensate through BOP.
100 RIH with 104" cutter assy on 5 7/8" DP from 11m to 363m.
104" cutter in middle. intalled.
100 doper prior o RIH
100 Clean and clar drifioor pior to RIH with cutting assy.
100 Prejobmeeting with crew prir to P/U 104" Cutting asy.
97 Rig down WL end WL equipment.
97 Start POOH with Camera on WL from 380m to RKE.
Run 1 Run 2RI
57_with wireline camera and inspect 80P
97 RU for running
100 igging up toinspect BOP.
100 Start to i up for wireline. Installshackle sub in elevator.
L/D magnet assy and inspect same. R/B 1 STD 5-7/8" DP and pull 10-3/4° junk basket above
100 RK8, clean junk basket and L/D same to RCW. No debries.
100 POOH with BOP Clean out BHA on 5 7/8" DP from 370 m 0 60
Compensate 16" ettng tool out of BOP. /D 1 singel 57/8" HWDP for spaceaut,
100 Compensate 10:3/4" junk basket through BOP.
o
b
100 Total pumped 575 m.
Wash BOP with 1, 11 rpm /1 ki, Rotate
100 and reciprocate 8 passes through BOP.
100 Preiobmeeting before washing and displacing well from 437 m prior to amera run.
« i P/U L singel 57/8"
100 Connect TD. Compensate and taR W8 with 16 fetting tool at 383,50 m
100 RIH with BOP Clean out 8HA on 5-7/8" DP from 60 m t0 365 m.
100 Pickup /8" 0P and 16
100 Held prejobmeeting prior to buid BOP cleanout BHA.
100 Clean and clear drifioor. Clean RK and top of verter.
100 riserdeck
100 toriserdeck:
100 and L/,
100 Held prejobmeeting and performed training with rigtongs. Held debrief.
100 Remove plate and 2 x wipers under RKB
100 POOH with EZSV RT on 5-7/8" DP from 390 m to 25 m
100 Compensate EZSV T through BOP.
100 POOH with €25V RT on 5-7/8" DP from 1113 m t0 390 m.
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2073
2073

2085

2090

2140

2068
1008

117

1217

w75
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1512
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15,08
601

88

1288
607
23
676
6507

o7

253

674

607
1

61
3801
253
611

3

8
3
8

674

KICK DRILL, CHOKE DRILL
POOHCH

PUMP SLUG
FLOW CHECK.

CIRCULATE AND CONDITION MUD.
SET/RELASE MECH PLUGS

SET/RELASE MECH PLUGS
RIH CH Reduced

PREIOBMEETING SREFDEBREE
WELL CONTROL DF

A i Eadumdsped”

CIRCULATE AND CONDITION MUD.
RIN CH Reduced speed

PREIOBMEETING - BRIEF/DEBRIEF.
COMPENSATE THROUGH EOF
RIH CH Reduced speed

\Y DOWN BHA
MAKE UP BHA
CLEAN AND CLEAR RIGFLOOR
PREIOBMEETING - BIEF/DESRIEF-
LAY DOWN

POOH vith BHA
CHANGE HANDLING EQUIPMENT

3 poO)

COMPENSATE THROUGH BOP.

6,01 POOHCH

501
641
501
604

641

"

507

POOH CH
FLOW CHECK.
POOH CH
PUMP SLUG

P
108 POOH CH reduced speed

FLOW CHECK.

FiLLPIPE

RIH CH Reduced speed

6.4 FILLPIPE

607
670
61

52

253
3801
19,01

19,01

15,01
253

19,01
253
683
608
674
608
641

19,01

607

670

18,01
253
683

608
641

19,01
62

5
s,

07
74

611
253

611
601

1

07
5

61
253

3
253
52
3801
1212
311

3

1

1

sa1
311

23
211

1w

RIN CH Reduced speed
COMPENSATE THROUGH BOP.
MAKE UP BHA

MAKE UP BHA

DROP's Inspection
PREIOBMEETING - BRIEF/DESRIEF.
CLEAN AND CLEAR RIGFLOOR
FISHING, OTHERS

FISHING, OTHERS

FISHING, OTHERS
PREIOBMEETING - BRIEF/DESRIEF.

FISHING, OTHERS
ol e
POOH with

oo i
COMPENSATE THROUGH BOP.
POOH CH reduced speed

FLOW CHECK

FISHING, OTHERS

RIH CH Reduced speed
CIRCULATE AND CONDITION MUD.
COMPENSATE THROUGH BOP.

H
MAKE UP BHA
FISHING, OTHERS
PREIOBMEETING - BRIEF/DESRIEF.
POOH with BH)

POOH CH reduced speed
FLOW CHECK.

FISHING, OTHERS
WASH DOWN

FiLPIPE
RIH CH Reduced speed
COMPENSATE THROUGH BOP.
RIHCH

MAKE UP BHA

LAY DOWN BHA
PREIOBMEETING - BRIEF/DESRIEF.

LAY DOWN BHA
POOH CH

FLOW CHECK

WoRK PIPE
RIH CH Reduced speed
RIHCH

MAKE UP BHA

PREIOBMEETING - BRIEF/DESRIEF.
RIG UP AND TEAR DOWN.

IAKE UP BHA
PREIOBMEETING - BRIEF/DEBRIEF
DROP's Inspecti

CLEAN AND CLEAR RIGFLOOR

RIG DOWN CASING/UNER EQUIPMENT
PULLTUBING

RIG UP AND TEAR DOWN.

CHANGE HANDLING EQUIPMENT
PULLTUBING

PULLTUBING

PUMP SLUG
PULLTUBING

FLOW CHECK
PULLTUBING

PREIOBMEETING - BRIEF/DESRIEF
RIG UP CASING/LINER EQUIPMENT

611

63
3141

3141

Y DOWN BHA
CHANGE HANDLING EQUIPMENT
PULLTUBING ON LANDINGSTRING

PULLTUBING ON LANDINGSTRING

100 Performed Kikdril with crew.
100 Disconnect TD, POOH with EZSV R on 5-7/8" DP from 2073 m to 1113 m
100 Pump 4,5 m3 with
100 Flow cheswe o 10 minrir 0 s s Welstatic
6 bar, 70 o / -5k i
100 unti well clean. Pump totalof 1,5 times bottoms up, total 9000 strokes.
i
100 Pullup 4. 2080 m.
‘Connect TD to string. UP weight 117ton, down welght 104 ton. illstring and break
ciculation with 770 lpm. Brush setting area for EZSV up and down for five min, 6 times, with
100 800 pm.
100 103/4" 1496m to 1850m,
100
100 Performe Kick dril withdril crew.
100
100 1
100 103/4"
100 Debrief with crew after /D Junk Mill assy. Meanwhile M/U TD and break circuation.
100 Compensate EZ5V/Brush through 80P
100 3
100 R ith EESVBruh o 22m B/
100 P/U plug R/ and instaled 5 7/8" td. P/U and nstaled EZSV inc Brush to /.
100 st st et Easee oDl
100 Debriefafter POOH with Drft assy. Prejob prio to RIH with 10 3/4” EZSV.
100 Lay down r, breake out X-0 and lay down millsame o RCWM.
100 POOH with Clean out assy on 5 7/8" HWOP from/106rm to/33m.
100 Changed to 5 7/8" manual sips.
100
100 Compensate Clean out assy through BOP.
100 POOH with Clean out assy on 5 7/8" DP from/552m to/403m.
100 POOH with Clean out assy on 5 7/8" DP from/819m to/552m.
100 Flowchecked well prior to pull BHA through
Lo ozt e from/2058m t0/819m.
100 Pumped sug.
100 POOHWANZSTD 5 /80P wet
e e Ve O

due to possible plastic clamp debriesin wel.
Connected TD and fled pipe.

RIH with 10.3/4" " op

to possible plastc lamp debries in well

Compensate through BOP with 10.3/a" Drift run.

R with 104" D on 10 st 57/ WO? rom 32 m 365 m
Install S7/8"

100 RCWM.

00

100

00

100

100

100
100

100

umbilca n sheave to avoid damage to umbical.
Held preiobmeeting prior to RIH with 10:3/4" Drift run.
Clean and clear driloor
i down eqpment o pulig conrl e
pullcL
e = -
estimated pulled 2264 m with control ine.
Pull L out of hole with elevator and secure same with tugger, and pullose CLinto cable
reel, Total pulled 1017
2200 s,
Hld i et s o throush S ot ul Lt to e,
Secure CableLine (C) using tugger. Cut L
cablereel. R/U to pull CLwith TD and secure CL from hole on OF.

0. Prelob before starting to remove control cable on Rope spare.

POOH with Rope spare, fish on the ower part on Rope spare
o

Compensate Rope spare through 8OP.
POOH /80P
Flowcheck well, well tatic

10

Connect
ton @ 950m. Rotated slowly 5 turn and POOH with 97ton upweight.
871 CUfishin hole. Breake circ

when indication of plugged trin.
M/U O and break cirulation o verify DP not pluge.
compensate throughe BOP with Rope spare

RIK with Rope spare on 5 7/8°DP from/13m to/354m

Preiob before startng to remove controll cable on Rope spare.
POGH with Rope spare, fish on the lower part on Rope spare

Flowcheck Wel for 10min prior to POOH.

o
Work free bird

fisin
RIH while pumping with 200lpm from/732m to/869m.

Connect

Compensate through BOP with Rope spare.
RIH with Rope spare on 5 7/8°DP from/13m to/354m
P/U Rope spare from RCWM.

Remove s, Ci POOH and rack

back 10:3/a" Drft assyin derrick.
Preiobmeeting prior o rack back 10-3/4" Drift assy.

Compensate
through BOP.
POOH with 10-3/4 Dif asy on 5-7/8" DP from 869 m to 403 m.

control line down. WOB increased from 1 ton 2t 780 m 1o 10 ton at 869 m. Decided to stop

0
RIH with 10-3/2" 80

m. Check free upwelght every S stands.
RIH with 10-3/4" Drit assy on 5-7/8" DP from 403 m t0 670 m.

RIN with 10-3/4" Drift assy on 10 stand 5-7/8" HWOP from 32 m to 403 m. Compensate
through BOP.

tostartrp,
instal pipedoper pror to IH.
P/U 10-3/4" drift BHA assy 1. Change t0.9-3/8" junk mill.Check floa - ok. Continue to buld
10.3/4" srape, magnet assy, XO and 6-1/2" drling ar assy.
Held prejobmeeting prior to buid BHA for 10-3/4" Drft run.
ROPS check of main HR head.
Clean and clear drifloor.
Rig down tbing equipment. Change inserts from 5-1/2" 10.5.7/8".
Pull5-1/2" tubing from 183 m to surface. Use manual s and dog cloar
Remove plate and 2 x wipers under RS,
a

‘manual slios and use dogcollar.
Pull5-1/2" tubing from 259 m to 183 m. Rack stands insetback. Trouble setting slps due to
low welght n trng.

pulls1/2" mto259

No LRA detected.

nstall 51/2° 3
3. Meanwie nstal late and 2 x wiers nder KB, /05.1/2" swedie

Pulls-1, m. Use mudbucket Rack
stands insetback.Stop due to sl ready.

rig. Wait untl

active volume stabil.

Pull51/2" tubing from 1512m to 1475 m. Use mudbucket.
10 POOH 172"

swedge from aux to main.
Change insertsfrom 5-7/8" DP to 5-1/2" tubin.

Pull overshoot above rotary and release same from 5-1/2" tubing. L/D cut to RCW. Preform
hole

Change sips from 5-7/8" DP to 5-1/2" casing slips.
LD sngel 5-7/8" HWDP from Overshot ass.
e
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CHANGE HANDLING EQUIPMENT
PREIOBMEETING - BRIEF/DEBRIEF
G U IREUNE

PREIOBMEETING - BRIEF/DESRIEF.
WLOPERATIONS

WL OPERATIONS
WLOPERATIONS

RIG UP OR DOWN FOR WIRELINE
PREIOBMEETING - BRIEF/DESRIEF.

RIG UP OR DOWN FOR WIRELINE

RIG UP OR DOWN FOR WIRELINE

WL OPERATIONS

WL opERATIONS
PREIOBMEETING - BRIEF/DESRIEF.
RIG UP OR DOWN FOR WIREUINE
PREIOBMEETING - BRIEF/DESRIEF.
WAIT ON 3 PART

PREIOBMEETING - BIEF/DESRIEF-

WLOPERATIONS

PREIOBMEETING - BRIEF/DESRIEF.

WAIT ON 3.PART

WAIT ON 3.PART

WAIT ON 3 PART

WAIT ON 3.PART
WLOPERATIONS

RIG UP OR DOWN FOR WIRELINE
RIG UP OR DOWN FOR WIRELINE

PREIOBMEETING - BRIEF/DEBRIEF

CHANGE HANDUING EQUIPMENT

CIRCULATE HOLE CLEAN

DISPLACE WELL/RISER
DISPLACE WELL/RISER

MUD AND FLUID PREPARATION

CIRCULATE AND CONDITION MUD.
FLOW CHECK

FLOW CHECK

FISHING, OTHERS

FISHING, OTHERS
FILLTRIP TANK

CIRCULATE AND CONDITION MUD.
RIHCH

L/D DRILSTRING

RIHCH

MAKE UP BHA

PREIOBMEETING - BRIEF/DEBRIEF
CLEAN AND CLEAR RIGFLOOR

LAY DOWN BHA
POOH with BHA

POOH CH reduced speed
COMPENSATE THROUGH BOP.

POOH CH rediced speed
FLOW CHECK.

MILLING
FILLPIPE
RIHCH

COMPENSATE THROUGH BOP.
RIHCH

MAKE UP BHA
PREIOBMEETING - BRIEF/DESRIEF.
CLEAN AND CLEAR RIGFLOOR

POOH CH reduced speed

FISHING, OTHERS

6 RIHCH
COMPENSATE THROUGH BOP.
6 RHCH

FISHING, OTHERS
CH reduced speed
COMPENSATE THROUGH BOP.
POOH CH reduced speed

FISHING, OTHERS
RIHCH
COMPENSATE THROUGH BOP.
RIHCH

LAY DOWN BHA
LAY DOWN BHA

00

a7

9
£
o7
00

9

00

o

@7

@

00

00

100

00
00

100

and

igup: and POOH

With’5 /2" tubing,

5/0 and L/0 WL toostring. Rig down WL eauipment.
Prejobmetting pror to getting WL tool on surface.21
POOH with wirleine from 2175 m to RXE

10 ton dr

RIH with WL tooltring from RKG to 2160mMd while compensating TO.

Rig up WL for running Wi MU toolstring,
Preiobmeeting with personell pior to rigeing up WL for RIH with WL to0string.

op

prior to AIK.
maintenance on drillng eauipment.

clean and clear in driing areas and general maintenance on driling equipmen.

Jght from TD and -bar to wirel

Meanwhile

i tonto justcable
weight to verty

sring.

with TO. Rig down WL wipe
107D bailes. P/U downholeweight of wire and attach T-bar clamp to WL
New preiob/SIA meeting prior o MOC.

MOC change n plans.

g WL with WL clamp
attemt to pul free WL anchor/weak k.

L8P,

Attach WL T-bar damp

and

toolstring.

Monitor

handiiarea. nsall kellyhose suide in main wellcenter.

Monitor

wellcenter,
General maintance

well.Run trough several safety buletines with crew.

Cont.
with CCL and tubing taly.

RIH e
position elevator to be able o tart AHC.
Rig up for running wireline.

Preiob prio

Rack back 1 stand 5 7/5" DP. Remove BX elevator, instal shacklesubin topelrive and change

Circulate holeclean with 3500 o/ 77 bar . Boostrser with 1000 lpm. Circulate unl hole s

clean. Total pumped 33 000 strokes.

placing, 11258 NaClto 1, @180

0 Start boosting riser when 1,30 55 mud n return. Total pumped 24000 strokes.
.

Displace Boosterline from 1.12 5g NaClt0 1.30 sg Mut

11255 Nacl
Meanwhile
Pumproom adding chemicals and preparing 1.30 s mud prior to displaci.
T/1. Close lower Sl
8 e o
mud - gainstops.
T il
s
mud - gain stof
Pull tubing free with 85 ton overoul,
10 Verfy depth
and engade overshot.
FILT/T £
Empty T/T 3
10112 5g Nacl.

RIH to.652m on 5 7/8" DP.
Compensate BOP. Lay down single.
RIH t0 365 m on 5-7/8" DP.

Make up overshot and inspect same.

operations.
Clean and clear OF. Prepare for next run.

R/B.2 510 657D
Cont POOH 5 7/8" HWOP from 251m to 103m.

Cont POOH 5 /8" 0P

Compensate trough BOP.

POOH 5 7/8" DP
Flowcheck, well tac

Milltop fish with 2500 LPM/ 41 bar. 100 RPM)/ 3.7 KNM, WOB 2 ton. Miled 1,20 m. Boost

with 1000 LPY.

start milling.
Cont. B with skirtmill on 5 7/8"dp from 390. to 650m
‘Compensate through BOP with skirtmill ssy.

RIH with skitmill on 5 7/8°p from 250m 0 390m

P/U skirtmill magnet and ja from catwalk. RIK w/ 25td 6 1/2"dc.and 4 td 5 7/8"hwep from.

kb 10 250m
Preiob meeting pror to RH with Skirted mill ssy.

Clean and clear

No controllnes on run #3. /0 Rope Spear 8HA on RCWM

POOH wet with Rope Spear run #3 on 5 7/8" DP from 354 m.
Compensate through BOP.

POOH wet with Rope Spear run #3 on 5 7/8" DP from 657 m t0 390 m.

Connect D. Riband enter

Pl 10RPM/ 1 KNM.

1 o
RIH with Rope Spear run #3 0n 5 7/8" DP from 390 m t0 657 m.
Compensate through BOP.
RIH with Rope Spear run #3 0n 5 7/8" DP to 354 m.

iy 10m

spear.
POCH wet with Rope Spear run 2 on 5 7/8" DP from 354 m,
Compensate through BOP.

POOH wet with Rope Spear run 2 on 5 7/8" DP from 657 m to 390 m.

Connect D, RiHand.

rerun with rope

pull1
Workarea 665 m to 15 m below t0p fish 3 times up/down. No tourae /OP observed,
RIH with Rope Spear run #2.0n 5 7/8" DP from 390 m to 657 m.

0 Compensate through BOP.

RIH with Rope Spear run #2.0n 5 7/8" DP from 15 m to 354 m.

10 RPM/ 1 KNM.

351181280
35/11.81240
33/11.81200

35/11.84240
351181280

351181240

351181240

35/11.81240

33181200

351184240

351181280

331181200

351184240
33181200
351184240
351181240
351184240

351181240

351181280

351184280

351181280

351181280

331181200

351181280

351184280

35/11:84240
351181280

/1181280

351181200

331181200

351181280
331181200

351184240

351181280

331181280

351184240
3511812 40

351181280
33/1181200

331181280
35/11.81240
351181200
35/11-81240
351181240

351181240
331181200

331181200
351181240

35/11-84240
35/1181240

351181240
33181200

331181200
331181200
35/11-842 40
35/1181240
351181240

351181240
35/11.81240

35/11-842 40
3s/1181280

331181200
35/11:842A0
351181240
351181240

351184240

35/11.81240

351181280

331181200



02-apr19

02:3pr19
0230119

02apr18

0230119

02:3pr19
023919
0220118
02-apr19
0220119
02-apr19
0230119

02:3pr-19
0230119
0230119

02:2pr19.
020119

0220119

02:3pr19

02apr18

02:3pr19
0220119

02:3pr19

02apr18

0L.apr19

0130119

0L:apr19
013919
0130119
013919

0L.3pr1
0130119
Ot-apr1s

01-3pr-19

O1-apr19
0130119

0L:apr19
01-apr19
o1apr18
01-apr19
Otapr1s
01-apr19
Otapr1s
0130119
Ot-apr19
0130119

01:3pr19
01-3pr19
O1-apr-19
0130119
01-apr19
otapr19
01-apr19

01-apr19

01-apr19
o1apr19
O1-apr19

01-3pr19

31mar19

31mar-19

31mar1s
31mar1o

31mar1s

Deepsea Atlntic

Deepsea Atantic
Deepsea Atlantic

Deepsea Atantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic

Deepsea Atantic
Deepsea Atlantic
psea Atlanti

Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic

Deepsea Atlantic
Deepsea Atantic

Deepsea Atantic
Deepsea Atlantic

Deepsea Atantic
Deepsea Atantic

Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic

Deepsea Atantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic

Deepsea Atlantic
Deepsea Atantic

Deepsea Atantic
Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic

Deepsea Atantic

Deepsea Atantic

Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atantic
Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic

Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic
Deepsea Atantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic

1020

1010
1000

o130

o055
o050

1950
19:40

1845

1030

1020
1010

o145

o130
o055

2015
1950

1940

15
15

608

674
608

1301

z
3

61
611

253
3801

5.
B

5
674
608
641

622

607 RIH

631

61
253
3801
633
1901
633

608

674

608

19,01

1801

674

682
633
61
253
3801
s,
63
608
63
608
41
s

633

61
611
601

253
3801

608
633
08

15,00

674

5

a1
01

3501

35,01

3501

POOH CH reduced speed

COMPENSATE THROUGH BOP.
POOH CH reduced speed

FISHING, OTHERS
T

COMPENSATE THROUGH BOP.

R

MAKE UP BHA
LAY DOWN BHA

PREIOBMEETING - BRIEF/DEBRIEF.
CLEAN AND CLEAR RIGFLOOR
i

11 LAY DOWN BHA

POOH vith BHA
COMPENSATE THROUGH BOP.
POOH CH reduced speed
FLOW CHECK.

WASH DOWN
I CH Reduced speed

L/D DRILISTRING

MAKE UP BHA
PREIOBMEETING - BRICF/DEBRIEF
CLEAN AND CLEAR RIGFLOOR.
CHANGE HANDLING EQUIPMENT
FISHING,

CHANGE HANDLING EQUIPMENT

LAY DOWN BHA
POOH with BHA

POOH CH reduced speed
COMPENSATE THROUGH BOP.

POOH CH rediced speed
FISHING, OTHERS

FISHING, OTHERS
HCH

COMPENSATE THROUGH BOP.

[T

RIH with BHA
CHANGE HANDLING EQUIPMENT
MAKE UP BHA

PREIOBMEETING - BRIEF/DEBRIEF
CLEAN AND CLEAR RIGFLOOR.

1Y

CIRCULATE AND CONDITION MUD.
RIH

CIRCULATE AND CONDITION MUD.
RIHCH

COMPENSATE THROUGH BOP.

RIHCH
RIH with BHA

1 MAKE UP BHA
CHANGE HANDLING EQUIPMENT
1 MAKE UP BHA

CHANGE HANDLING EQUIPMENT

MAKE UP BHA
LAY DOWN BHA
POOH CH

RIHCH

PREIOBMEETING - BRIEF/DESRIEF-
CLEAN AND CLEAR RIGFLOOR

POOH CH rediuced speed
CHANGE HANDLING EQUIPMENT
POOH CH reduced speed
POOH CH reduced speed
KICK DRILL, CHOKE DRILL

W CHE
L CIRCULATE HOLE CLEAN

MILING

MILLING

MILING

RIHCH
COMPENSATE THROUGH BOP.

6 RIH

2

61
253
3801
611
683
5

601

15,01

507
674

623
682

61
611
683

608
641

19,01

RIH with BHA

MAKE UP BHA
PREIOBMEETING - BRIEF/DESRIEF.
CLEAN AND CLEAR RIGFLOOR

LAY DOWN BHA

POOH vith BHA

01 POOH CH

COMPENSATE THROUGH BOP.
POOHCH

FISHING, OTHERS
RIH CH Reduced speed
COMPENSATE THROUGH BOP.

RIHCH
ENGAGE TOP DRIVE AND LAND TOOLS.

oot

POOH CH reduced speed
FLOW CHECK

FISHING, OTHERS

100

00

100

100

100

100

100
00

100

8/0 drftsub, remove 4 1/8"
0 18

POOH wet with Rope Spear on 5 7/8" DP from 354 m t0 15 m.
P

upper annular.(observed on camera run)
POOH wet with Rope Spear on 5 7/3" DP from 657 m t0 390 m.
Connect

Pull 10RPM/1KNM.
Observed 1

weight observed when pull ug
R with RpeSpear o /" 0F from 30 657 m.
Compensate through BOF

Rt RpeSperon /50 from T3 m o 354 m.

Debrie afer
Clean and clear DF. Meanwhile deck prepare next BHA on deck.
POCH and with Manet assy and jar assy, /D to ROWM.
POCH wet on 5 7/8° HWDP from 360 m t0 30 m.

P/U double 5 7/8" DP from ROWM. Compensate through 8OP.

Flow check. Well staic

Connect

Lay down double 5-7/8" DP.

Pick up mill, JAR
same. AlH on 5-7/8° HWDP 0 397 m. Compensate 80P.
Preiob prior to RH with mil

Clean and clear DF.

I3

8/0 and /D three pieces 5/ tubing fish to ROWM.
c 718" o 5%

Ui
and hold with HR.

Cont.POOH on
of b

Cont. POOH on 5 7/5" DP
Turn string
Compensate trough BOP.

spear. T

P/U 24 ton overpul. Deside along
St ek roresertat 0 PO
[

compensating. Set 5 ton downweight and engage spear.
L/D dobbel 5 7/8" DP. Cont RIH on 5 7/8" OP from 395 t0 603m
Compensate through BOP.

Cont RIK on 5 7/8° DP from 206 to 358m.

RIH on'5 7/8" HWOP from 20m to 206m.

Instal autosips.

Pick up and make up spear assy BHA

Pre-iob Meeting RIH Spe

Clean and clear rilfoor. ubricate travellng block.

R/3:57/8" HWDP & /D tapermil.

P/US 7/8" DP singel.

POOH with TapermillF/ 370 m t0.255 m.
P/U DP dobble and compensate truge BOP.
POOH with Tapermill /626 m to 416m.
Flow check.

Tag top o fish with no-¢0 636,8 m.

Cont RIK on's 7/8" DP from 565 to 607m.
[

U/D 5 7/8" P dobbel and cont R on 5 7/8" DP from 408 to 530m.

Compensate trough BOP from 361m t0 398m.

/D 5 7/8" P top singel and cont RIH on 5 7/8" DP from 219 to 361m.

RIH on'5 7/8" HWOP from 24m to 21m.
718"

Jar. 78"

o strng.
Changeto 5 7/8" DP inserts in B¥elevator.
P/UJar assy, 8/0 and L/0 5* Handiingpup.
Change o 5" DP inserts n BX-elevator.

P41/
I/ plugsed Bt /U 1/2" Taper

rif from driftsub,

0P from 430

7/8" 0P 10430 m. C Drop 4 1/8" it
il 125tands,

/8" 0p.
Clean and clear O

POOH wet with Mill BHA on 6 1/2° DC from 89 m to 4 m. L/D Jar to RCWM. Pull Mill above.
o Decideed

08/ Milland R/8 remaning Ml BHA on 6 1/2" DC stand.
Change to 5" handing equipment.

POCH wet with Mill BHA on 5 7/8" DP from 237 m t0.89 m.
POOH wet with Mill BHA on 5 7/8" DP from 273 m 10237 m.
Kk drll with

20Ot wet wih Ml B o' /870 rom 427 m 0273 m
P/U singel from ROWM. Compensate through BOP.

0 POOH wet with Mill BHA on 5 7/8" DP from 620 m to 427 .

Flowcheck, well tat

Pump 10 m Hivis pil, circuate B/U with 3000 LPM/S0 bar. 100 RPMY 2-3 KNM.

Mill ASV with 2500 pm/ 35 bar, 50-120 RPI/ 1-10 KNM, 5-15 ton WOB. Boost Riser with

T B O R e e o ST D 7
il

§ 28 @ 632,7

m, corrected for tde and use oflazer
Mill ASV with 2500 lom/ 35 bar, 50-
1000 LM,

Connect D. Fill

Vi rtaon: 993 o 1000 P/ o 2000 P/ 23 bt Tg p o i 00
6319m

Cont RIK on's 7/3° DP from 386 o 604r

R o R S Y e

RIK with Mill ssy on 5 7/8" DP from 234 m to 34

i with Ml sy an 4 sand 5 7/8HWDP fom 86 10 234 .

10 RPI/ 1-10 KNM, 5-15 ton WOB. Boost Riser with

Make up BHA :Junk il 2 stand 6 1/2° DC, ar, X-Over. (8/0 and lay out overshot on far)
Preiob meeeting prior to RIH with Junk Mil asy.

Clean and clear drifioor.

8/0 and lay down spear assy BHA

PODH withspar i o 7/6"HWDProm 207 m 25 m

POOH from 400 m to 2

i u doble and Camp v

Sroim 1015 and v Sy PO R G T

Connect Top O 18 bar.

7
Waifor a0 b, o red..spar mantained 32 ton overpul, increase vt
19

10 dowly 170

for Smin. o results. ire JAR and P/U t0 170 0P,
Decided to release spear and POOH
'S 7/8°DP-

break irculatio
Compensote trouh 80P and D dovble,

RIH with D-Spear on 5 7/8"DP from 207 m to 359 m

Connect Top Drive and break circulaton.

RIH with D-Spear on  stand 5 7/8" HWP from 25 m t0 207 m

Make new BHA Spear assy according to Baker plan.

NO fsh. Run in with BHA. B/0 and lay down to RCWAM.

Remove autosips and use manual slips in case of fish. POOH carefully

fishis
latch or ot

with crew prior Fock

Flow check. Well staic.

Connect D, 10300
Juged nozzels. st ting steel out

ton. Bleed ofar.
s hig

try o release fish or e eri.

35/11-81240

351181200
351181240

35/1181280

331181280

33/11.81200

35/11.81240
351184240
351181240
351181240

351181240

35/11.81240

351184240

351181280

331181200
351181240

3s/11.81280
351181280

35/11.81240

331181200

33/11.81200

351181240

35/11.84240
33/11.81200
35/1181240

351184240

351184240
3511812 40

351181200

351181280

331181200

331181280

35/11:84240
35/11.8-12 40

331181200

331181200

331181200

351184280

351184240

351181240

351181240
351181240

351181240



3mar1s

31mar19

3Lmar15

31mar19

31mar15

31mar1s

31mar15

31mar1s

31mar1s

3mars

31mar1s

31mar1s

31mar1s

31mar19

31mar19

31mar1s
31mar1s
31mar15
31mar-19
31mar19
31mar1s
31mar19
31mar19
31mar1s

3mar1s

31mar15
31mar1s

31mar19
31mar19
31mar1s
31mar19

31mar19

3tmar1s
31mar15

31mar1s

30mar-19
30mar19

30mar-15

30mar19

30mar-19

30mar-15

30mar-19

30mar1s
30mar-19

30mar19

30mar19

30mar19

30mar1s
30mar-19
30mar19

30mar19
30mar-19
30mar-15
30mar-19

30mar15

30mar1s
30mar-19
30mar15
30mar-19

29mar1s

29.mar15

28mar-19

29.mar-19
29mar-19

29mar-19

25.mar15
29.mar-19
29mar-19
25.mar-15
29mar-19

Deepsea Atlntic
Deepsea Atlantic
Deepsea Atantic
Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic
Deepsea Atantic

Deepsea Atantic

Deepsea Atlantic
Deepsea Atantic

Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atantic

Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic
Deepsea Atanti

Deepsea Atantic
Deepsea Atantic

Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atantic

Deepsea Atiantic
Deepsea Atlantic

Deepsea Atantic
Deepsea Atlantic
Deepsea Atantic
Deepsea Atlantic
Deepsea Atantic
Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic

Deepsea Atlantic
psea Atlanti

Deepsea Atlantic

Deepsea Atantic
Deepsea Atlantic

Deepsea Atantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atantic
Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic
Deepsea Atantic
Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic
Deepsea Atlantic

Deepsea Atlantic

Deepsea Atlantic

Deepsea Atlantic

Deepsea Atlantic
Deepsea Atantic

Deepsea Atantic
Deepsea Atantic

Deepsea Atlantic
Deepsea Atantic

1520

1510

1450

1345
1335

1200
0900

2130

2115
2100

2030

1530

1520

15:10

1450
1345

17:00
1200

230

2130
2135

2100

61
253
3801

683

608

COMPENSATE THROUGH BOP.
RIHC
RIN with BHA

MAKE UP BHA
PREIOBMEETING - BRIEF/DESRIEF.
CLEAN AND CLEAR RIGFLOOR
POOH with BHA

POOH CH reduced speed

6,74 COMPENSATE THROUGH BOP.
6,08 POOH CH reduced speed
35,01 MILLUNG
6.41 FLOW CHECK
35,01 MILING
623 ENGAGE TOP DRIVE AND LAND TOOLS
s
6,74 COMPENSATE THROUGH 80P
6 RMCH
6,1 MAKE UP BHA
25,3 PREIOBMEETING - BRIEF/DEBRIEF
38,01 CLEAN AND CLEAR RIGFLOOR
6,83 POOH with 8HA
6.08 POOH CH reduced soced
6,74 COMPENSATE THROUGH BOP.
6.08 POOH CH reduced soeed
6,41 FLOW CHECK
18,01 FISHING, OTHERS
6 RHCH
6.74_ COMPENSATE THROUGH BOP
6 RHCH
682 RIH with BHA
61 MAKE UP BHA
25,3 PREIOBMEETING - BRIEF/DEBRIEF
38,01 CLEAN AND CLEAR RIGFLOOR
611 LAY DOWN BHA
6,01 POOHCH
674 COMPENSATE THROUGH 80P
6,01 POOHCH
541 FLOW CHECK
5,01 CIRCULATE HOLE CLEAN
18,01 FISHING, OTHERS
6 RHCH
6.74_ COMPENSATE THROUGH BOP
6 RHCH
15,04 KICK DAILL, CHOKE DRILL
6,82 RINwith BHA
35,01 CLEAN AND CLEAR RIGFLOOR.
6,11 LAY DOWN BHA
611 LAY DOWN BHA
6,08 POOH CH reduced soeed
63 P/UDRILLSTRING
6,08 POOH CH reduced speed
541 FLOW CHECK
5,01 CIRCULATE HOLE CLEAN
6,07 RIH CH Reduced speed
6,31 L/D DRILSTRING
6 RHCH
6.1 MAKE UP BHA
25,3 PREIOBMEETING - BRIEF/DEBRIEF
38,01 CLEAN AND CLEAR RIGFLOOR
511 LAY DOWN BHA
6,82 RIN with BHA
501 POOH Ct
6,74 COMPENSATE THROUGH BOP.
601 POOH CH
6,41 FLOW CHECK
5.01 CIRCULATE HOLE CLEAN
3501 MILUNG
35,01 MILING
35,01 MILING
5,02 DISPLACE WELL/RISER
R
CERITY IS
674 COMPENSATE HAOUGH 00P
&R
532 R e
61w
253 Pnuawinmc SR /DESRES
25,22 DROV's Ins
611 LAY DOWN BHA
6,08 POOH CH reduced speed
63 P/UDRILLSTRING
6,08 POOH CH reduced speed

19,01

607
631
674

61

61

a101

1

608
63

608

19,01

FISHING, OTHERS
RIH CH Reduced speed

L/D DRILSTRING
COMPENSATE THROUGH BOP.
MAKE UP BHA

MAKE UP BHA

WAIT ON 3 PART

LAY DOWN BHA

POOH CH reduced speed
P/UDRILLSTRING,

POOH CH rediuced speed

FISHING, OTHERS

L/D DRILSTRING
CoMPENSATE oL 807
RIH with B

00

100

100

00

100

00

100

100

100

RIH with Drift ASV 8HA on 5 7/8" DP from 418 m t0 607 .
Compensate through BOP, /D double to RCWM.
RIH with Drift ASV 8HA on 5 7/8" DP from 208 m t0 360 m.
RIF with Dift ASV BHA IWDP from 24 m t0.209.
P/U and M/U Drift ASV BHA. Use Csg tong on several connection. P/U Bumper assy and Jar
assy, BIH with same.
Preiob meeting pror to make up Drift ASV BHA.
Clean and clear DF. Meanwhil prepare Drift BHA o
o e e e P oy Handingsub.
ona /Do RCWHJD il sy
57/8" dpfrom 3 am

POOH
in iles char

drilers chatr
POCH with mill ssy on 5 7/8" dp from 632m to 390m. Training new personel on tripping in
drilers chatr

Miling ASV, 1000 pm.

Decide to POOH,

Flow check, well statck.
Start miling ASV, 2000 pm 32 bar, 2 ton WOB, 60140 rpm, 2.8 KN torque. Obserwe 20t
overpul and 30knm toraue when pull of bottom.

. fil e, poffish @ 631.9m
corrected by tide

E
Compensate thro.
Rt W Bk o057/ from 34 m 2
70 and WAL N S, 3 635010 nd WL 7, remave X0 and
With 5 /8" HWOP.
Prejob meeting pror to R with Mil ASV 8HA
Clan and clear F. Mieanwile prepare next 84 on dck
H wet with D-spear BHA on 5 7/8" HIWDP from 207 m. L/D D-spear BHA to ROWN.
Prominent indication that Taper Mil had tagged jurik.
POOH wet with D'spear BHA on 5 7/8" P from 359 m 10 207
P/U double from RCWM. Compensate through BOP.
POOH wet with D-spear BHA on 5 7/8" P from 625 m t0 396
Flowcheck, well stac
Connect TD, il pipe. 16
il up and
ey i 10ROV L KN, 500 P 26 ar. St down o prssrencresse. ety
: top

offish.
ContRIH on 5 7/8" DP from 396 t0 605m.
Compensate trough BOP from 359 t0 396m.
Cont RIH on's 7/8° DP from 207m to 3591

o

Preiobmeeting pior to RIH with spear assy.
Clean and clear rigfcor.

Circulate one B/U with 2900 m / 40 bar.

2ton.
Cont RIH on 5 7/8" DP from 401m t0 618 (agjust clock to summertime 02:00am -
:00am)

Compensate trough BOP from 353 to 401m.

ContRIk on 57/8" DP from 12m to 353

Performe kick rill wth crew.

from RKB to 12m
Clean & dlear drilfior.

T Breake venturi
POCH from 366 m to RKS. Reduced speed due to use of mudbucket.
Pick up double and compensate BOP.

mudbucket,

Flow check. Well taic.

Connect Top Drive. Establish purp rate 1600 pm. Take U/0 weight 81 ton -80 ton. Continue.
@m 00 lpm /

110bar,
M with Venturi asy from 25 m 0 366 m,

Compensate through BOP and lay down double prior to ta top o fish:
RIN with Venturi assy from 25 m to 366

MU and R with Venturi assy from RKE to 251

Preiobmeeting with crew prior to RIH with ventur asy.

Clean and clear drilloor ater miling ASV.

461/2'0C,
ot
POCH with Mill assy on 5 7/8" HWOP from 236 m to 86 m
POOH with Mil assy on 5 7/8" DP from 365 m t0 236 m.
‘Compensate through BOP with Mill assy from 400 m to 365 m.
POOH from 625m to 400m use mudbucket.
Flowcheck, well tac
Pump 7 m Hivisc il Circulate 1.X B/U with 2500 LPM/ 230 bar.
Mill ASV with 10002000/ 40 LPM, 0-110, 1-12 KNM. RPM. Max 11 ton WOS. Total Milled
burning), Nozzles plugged

flow, 800 LPM/90 bar
MillASV with 1000-2000/ 40 LPM, 60-110, 1-12 KNM. RPM. Max 3 tor WOE.
ton, 20 RPM/ 1 KNM.
RPM : 92/92 ton. 1000 LPM/ 13 bar. 2000 LPM/ 39 bar. 3000 LPM 80 bar. RIH and tag top
of fsh @ 630 m, pullup and estabiish milling parameters, 2000 LPM/ 38 bar. 80 RPI/ 2
KNM. 2 ton WOB. Boost Riser with 1000 LPM.
Displace wellt0 1,
ekl choke, Ermpy tanks an il 1,385,000
Prejob meeting pror to displace well 101,38 5g Wi
ContRIH on 5 7/8" DP from 416m t0.620 m.
U singl RCWM,
Compensate troug BOP from 350m to 388m.
Cont. RIH on 5 7/8" DP from 235m to 350m.
RIH wit Junk Millon 5 7/8 HWDP from 85 m to 235
Pick Junk Mill.Break out pup joint o top of mill ssy and lay down. Install 2stand 6 1/2" OC,
XOver, and )
Preiob meeting pror to RIH with Ml ssy and millASV.
Perform drops on Top Drive after aring.

P Comfirm no fish Inspect
and spear
POCH from 431 m to 26 m. With spear assy. Rotate lft every 3 strand
Pick up double and compensate through BOP.
m. With spear asy.

My P g
slowly enter ish. Tag top ofish with NoGo. Engage B-Spear o fish according to Baker
representativ. Attempt to pulfis free. B-spear lost grip @ 25 ton overpull. /U 2m befor

gain. P/U Jar to bleg
down. Fish st It Jar it after
P

ot loose. P/U
POOH to check status.

Cont. Rik on'5 7/8" DP
/D dobbelon firs 5 7/8" STD.

Compensate trouhg BOP from 366m to 404m.
RIH with Spear " KW from -

Modify B-sps
drilioor. Performe DROPS on main HE.

213 m ta K.

L Nofish,
PO0H with spear sy nd chacfor fsh fom 365 m 0 fo 21 Pulsowy crang o obater
rep. Turnsting eftevery 3 stand. Boost iser e P

ik ol ot g WH e P,

rep. Turnsting leftevery 3 stand. Boost iser while PO

Tag top of ish
Noindi

8 spear

nspect B-spear.

Cont R