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Abstract

Steam-assisted gravity drainage (SAGD) is an enhanced oil recovery (EOR) technol-
ogy widely used in Canada. Data available in SAGD industrial processes contain
valuable information for monitoring, soft sensing, control, and optimization. This
thesis focuses on data mining and optimization in the SAGD process, including the
comparative study of machine learning algorithms, Bayesian Optimization and soft
sensor design.

Subcool is a key variable of SAGD, that is important for safety and efficiency. The
popular machine learning algorithms, especially those having good practical merit,
are tested and compared in a subcool monitoring case. The advantages of multiple
machine learning algorithms are analyzed and discussed. Moreover, investigating the
original dataset suggests that data quality and priori knowledge play a vital role in
applying machine learning to study data analytics problems to oil sands industry.

Bayesian Optimization considers model building and optimization simultaneously.
Locally weighted quadratic regression is incorporated into the Bayesian Optimization
framework, serving as the surrogate model. Details of the existing framework are
tailored to use locally weighted quadratic regression as the surrogate model. Numeri-
cal cases are tested to demonstrate the usefulness of the Locally Weighted Quadratic
Regression based Bayesian Optimization (LWQRBO). Additionally, the application
of the proposed LWQRBO to address the formulated SAGD optimization problem
is explored. Finally, optimization results show the applicability of LWQRBO in the
SAGD process.

Soft sensing constructs models with data mining approaches. It is an alternative
way to measure process variables when hardware sensors are not available. Stacking
online soft sensor is designed for the SAGD process. The idea of stacking models

inspires this design which applies multiple linear regression as a second level model,
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considering ease of implementation. Two cases are studied to show the applicability
and suitability of the designed soft sensor in the SAGD process.
The topics of Bayesian Optimization and ensemble models for soft sensor extend

promising research directions. They are presented at the end of this thesis.
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Chapter 1

Introduction

1.1 Motivation

Steam-assisted gravity drainage (SAGD) is an enhanced oil recovery technology used
in the extraction of bitumen from a reservoir [1]. The core process of SAGD is de-
scribed as follows [1] [2]: high pressure steam is generated from a steam generator,
the generated steam is then injected into the injection well and flows down to un-
derground. Heat transfer occurs between injected steam and solid bitumen in the
reservoir. Solid bitumen is heated and flows down to the production well due to
gravity. A steam chamber is formed in the reservoir. Bitumen in the production well
is lifted to the surface by a pump for further processing.

In the SAGD process, there exist many key variables [1] [3] such as chamber
pressure, subcool, injection flowrate, injection pressure, etc. These variables are vital
in processing safety and determining economic performance. Further, they play a
critical role in the tasks of monitoring, control and optimization of the SAGD process.
Success of these tasks relies heavily on the accuracy of the models involved in the
process. Owing to complexity of the SAGD process, developing first principles based
models is rather difficult. On the other hand, the oil sands industry has a large
amount of data, which can be utilized to develop reliable data-driven models of the
process. Therefore, in this work, data-driven models are constructed for the SAGD
process.

These data-driven models can be developed for soft sensor applications to perform
monitoring and for prediction. Soft sensors are alternatives to hardware sensors. In

cases where hardware sensors are not available or are shut down for maintenance, soft



sensors can be used. Additionally, the data driven models constructed can be used
for optimization [4] [5].

The main focus of this thesis is data mining and optimization in the SAGD process.
This thesis targets data analytics and monitoring of subcool using machine learning
algorithms, Bayesian Optimization to solve SAGD optimization problem, as well as
soft sensor design for the SAGD process.

In each of the three main chapters, prediction models are built. In Chapter 2,
subcool is predicted with multiple machine learning algorithms, all of which are glob-
al models. The regression of SOR is also performed with global models, but the
performance is not satisfying. So, we build locally weighted models in Chapter 3. In
Chapter 4, we still target on global models for soft sensors design, to show the design

idea. More details of each main chapter are introduced in next section.

1.2 Thesis Contributions

This thesis contributes to data mining and optimization in the SAGD process. Mul-
tiple machine learning algorithms are studied for their performance in subcool mon-
itoring. This thesis also proposes the Locally Weighted Quadratic Regression based
Bayesian Optimization (LWQRBO) method. The proposed LWQRBO is then ap-
plied to optimize the SAGD process. A stacking online soft sensor is designed, and

its usefulness in SAGD is presented. Detailed contributions of this work are as follows:

1. A comparative study of multiple machine learning algorithms on SAGD subcool
monitoring is conducted on industrial datasets. Advantages of different algorithms

are discussed.

2. Investigation and analysis of the original industrial dataset of the subcool
monitoring case demonstrate the factors which should be taken into, to apply machine

learning tools in the oil sands industry.

3. A Locally Weighted Learning based Bayesian Optimization method is proposed,

with locally weighted quadratic regression as the surrogate model in the Bayesian



Optimization framework. Two numerical test functions are presented to demonstrate

the performance of the proposed LWQRBO approach.

4. An optimization problem of the SAGD process is formulated. The proposed
LWQRBO approach is applied to solve this SAGD optimization problem.

5. A stacking online soft sensor is designed particularly for the SAGD process.
The design details are provided. Two case studies are presented to show the effec-

tiveness of the designed stacking online soft sensor.

1.3 Thesis Outline

The thesis is outlined as follows:

In Chapter 2, the performances of multiple machine learning algorithms in making
subcool predictions with other process variables are compared. Deep Neural Networks
of Deep Learning, Gradient Boosted Decision Trees, Random Forest, Support Vector
Regression, Ridge Regression and Multiple Linear Regression are tested. The results
are presented and the strengths of each of these algorithms are described. Also,
this chapter shows the need for incorporating process knowledge in performing data
analytics in the oil sands industry.

LWQRBO is proposed in Chapter 3, where locally weighted approaches in Bayesian
Optimization with Expected Improvement are applied as the figure of merit. Predic-
tion and standard error of prediction are two components of Expected Improvement
(EI), and those of locally weighted quadratic regression are incorporated into EI. Two
numerical test functions are investigated to elucidate the usefulness of the proposed
approach. A SAGD optimization problem is formulated, and the proposed approach
is applied in a simulated SAGD process to show its applicability.

In Chapter 4, a stacking online soft sensor for the SAGD process is designed. This
soft sensor applies the model stacking idea. Multiple linear regression is used as the
online model, to correct predictions of offline predictive models. Two case studies,
Annual Reservoir Pressure soft sensor and Water Content soft sensor, demonstrate

the feasibility and effectiveness of the designed stacking online soft sensor in SAGD



process.

Conclusions and directions for future work are provided in Chapter 5.



Chapter 2

Data analytics for oil sands subcool
prediction - a comparative study of
machine learning algorithms®

In this chapter, we do a comparative study of different machine learning algorithms
on subcool monitoring of the SAGD process. This chapter focuses on developing sub-
cool models with industrial datasets using deep learning and several other widely-used
machine learning methods. In Section 2.1, a literature review of SAGD and subcool
is provided. In Section 2.2, the targeted problem is formulated. Section 2.3 presents
a brief description of deep learning and other selected machine learning methods.
The subcool model development and corresponding hyperparameter exploration are
discussed in Section 2.4. Model performances of different algorithms using industrial
dataset are analyzed in Section 2.5. In Section 2.6, the vital role of data quality and

priori knowledge are demonstrated. Conclusions are presented in Section 2.7.

2.1 Introduction

Steam Assisted Gravity Drainage (SAGD) is an efficient, in situ, enhanced oil re-
covery technique to produce heavy crude oil and bitumen from reservoirs [1]. The
SAGD operation involves a well pair consisting of two wells; an injection well, and

a production well. The high-temperature steam, generated from the steam genera-

*This chapter was modified to have been submitted to the 10th IFAC Symposium on Advanced
Control of Chemical Processes Conference: Chaoqun Li, Nabil Magbool Jan, Biao Huang, Data
analytics for oil sands subcool prediction a comparative study of machine learning algorithms



tion system, is injected into the reservoir through the injection well which heats up
and reduces the viscosity of the heavy bitumen in the reservoir, and forms the steam
chamber underground. The heated bitumen and condensed liquid then flow towards
the production well due to gravity. The bitumen collected in the producer is then
pumped to the surface for further processing [1] [2].

In a recent review paper, the elements of SAGD success, economics and operations,
mechanics and the effects of reservoir properties on SAGD have been extensively
discussed [2]. In addition, the detailed review of Geo-mechanical effect and Steam-
Fingering Theory on SAGD process have been discussed [3].

One of the most important variables in SAGD operations is subcool, which is the
temperature difference between steam at the injector and fluid at the producer [6]. It
is a key parameter which reflects the liquid level at the producer and has a significant
impact on SAGD reservoir performance [6]. Yuan et al. [7] studied the relationship
between subcool, wellbore drawdown, fluid productivity and liquid level. Moreover,
a model for the SAGD liquid pool above the production well was studied with heat
balance and mass balance equations [8].

Ito et al. [9] conducted a study on reservoir dynamics and subcool optimization
for steam trap control. Subcool has been considered an important factor for Artificial
Lift Systems [10]. Gotawala et al. [11] proposed a subcool control method with smart
injection wells. In their study, they divided the SAGD injector into several intervals,
and controlled subcool by changing the steam pressure at each interval. In addition,
the study on the optimization of subcool in SAGD bitumen process has been carried
out [12]. Furthermore, the Model Predictive Control technique has been used to
stabilize subcool temperature and automate well operations in SAGD industry [13]
[14].

Subcool not only influences reservoir and oil production performance but also has
a significant effect on operational safety, since it can reflect the liquid level of the pro-
ducer. An inappropriate liquid level can result in steam breakthrough thus damaging
equipment. Therefore, predicting the subcool value is necessary, and it is beneficial
in monitoring, control, and optimization of the process. From the monitoring point
of view, the prediction model of the subcool can provide useful information to process

and operations engineers. From the control or optimization point of view, the subcool



response to the operational variables is important since the subcool value plays a key
role in bitumen production in addition to the steam utilization.

SAGD is a complex thermal recovery process. Since subcool is a temperature
difference, and several factors which have an effect on the temperature at injector
and producer will influence the subcool. For example, pump frequency will influence
the liquid level trapped at the bottom of the producer, therefore, it has an effect on
the temperature at the producer. Also, the heterogeneity of the reservoir properties
hinders us from developing a first principle model of subcool. Researchers, therefore,

often resort to developing data-driven models in this work.

2.2 Problem description

SAGD technology has been used extensively in the oil sands industry in recen-
t decades, and a large volume of historical industrial datasets are available. With
the advent of novel machine learning methods and data analytics, these historical
process data can be efficiently used to improve the process performance. The stored
data contains a wide variety of information such as seismic images of the steam cham-
ber which are of image types and conventional process variables that are stored as
floating point variables. Further, the enhancement in the instrumentation of the op-
erations has increased the speed at which the data is stored. In addition, the data
includes a lot of inconsistent measurement and missing values, which can be caused
by the hardware sensor faults. It also has noisy measurement due to the hardware
sensors and varying environment. Data in SAGD process also contains a lot of useful
information that can be used efficiently to improve the process operation and increase
profitability.

In this study, we aim to solve a problem of estimating an underground state
variable, subcool, using some of the manipulated variables as inputs. Figure 2.1
presents the schematic of SAGD operation. The injected steam plays a significant
role in subcool, and the liquids produced are lifted up by the pump. Therefore, the

input variables used are those related to injector flowrate, injector pressure, and pump



frequency. In this study, we will build a prediction model of subcool as follows:
Y = f(X1, X, ..., X}) (2.1)

where Y denotes subcool at a certain location and X, Xs, ..., X, denote selected
input variables. As described, we have only selected manipulated variables as influen-
tial features for the subcool prediction. The developed data-driven model is beneficial
when underground hardware sensor measurement is unavailable or unreliable, and can

be utilized as an alternative sensor measurement.
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2.3 Reyvisiting selected machine learning methods

Machine learning includes a wide range of algorithms, such as supervised learning,
unsupervised learning, reinforcement learning, transfer learning, etc. As described
in Section 2.2, we will focus on solving a modelling problem for a highly complex
industrial process in this work. In order to deal with complex industrial data, we
resort to advanced data-driven modelling techniques. We consider several widely used
algorithms including Deep Learning, ensemble tree-based methods, kernel methods

and linear methods. We introduce them briefly in this section.

2.3.1 Deep Learning

Deep Learning includes a wide range of algorithms, such as Deep Neural Networks,

Auto Encoders, Restricted Boltzmann Machines, Deep Belief Networks, etc. They can



perform supervised learning, semi-supervised learning and unsupervised learning [15].
There are many Deep Neural Networks types, such as Convolutional Neural Network
(CNN) and Long Short Term Memory (LSTM), which have profound applications
in Image Processing and Natural Language Processing, respectively [16]. Generative
Adversarial Networks (GAN) is an example of the popular networks which is used in
unsupervised learning algorithm [17].

In this study, we consider Deep feedforward neural networks. “Deep feedforward
networks, also called feedforward neural networks, or multilayer perceptrons (MLPs),
are the quintessential deep learning models” [15]. Multilayer feedforward networks
have been proved to be universal approximators [18].

We next introduce some key aspects of deep feedforward network which are crucial
to its performance. One of the important factors that determine the convergence of a
deep network and its performance is weight initialization. There are several methods
to do the initialization, via randomly sampling from a uniform or normal distribution
over an interval or generating a random orthogonal matrix [19] [20] [21].

Another important factor that affects the performance of a deep learning model
is the choice of the activation function. Sigmoid and hyperbolic tangent function
were the popular choices of activation function in the past, and Rectified Linear Unit
(ReLU) has become popular recently [16]. The mathematical form of ReLLU, which is

proved to improve Restricted Boltzmann Machines, can be expressed as follows [22]:
f(z) = max(0,x) (2.2)

There are some variants of ReLLUs, such as Leaky ReLLUs and Exponential Linear
Units (ELUs) [23] [24].

Another important component in Deep Learning is the optimization algorithm.
The widely used algorithms are mini-batch Stochastic gradient descent and its multi-
ple variants [25] [26]. In this work, we will use Adam [27]. The introduction of deep
learning mainly follows the works by Goodfellow et al. [15] and LeCun et al. [16].

2.3.2 Gradient Boosted Decision Trees

Gradient Boosted Decision Trees (GBDT) is one of the most widely used machine

learning algorithms today. Friedman proposed gradient boosting machine [28] [29].
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Gradient boosted tree method iteratively develops an additive regression model se-
quentially. At each iteration, it assumes that the model is imperfect and constructs
a new model to be added to the existing model [30].

The basic idea of Boosting is to sequentially apply weak learners to modify the
dataset in order to generate a sequence of weak predictors. As a result, the final
prediction is formed by combining predictions from all weak predictors [31]. Gradient
Boosting constructs weak predictors by fitting a gradient at each iteration. This
gradient is that of the loss function to be minimized with respect to the model values
28] [29].

The gradient tree boosting algorithm is briefly introduced as follows [30]: It starts
with building a constant regression model. To illustrate this, assume we build M
trees, so there are M outer loop iterations. In each iteration, the gradient of the loss
function with respect to the function values at each training data point is calculated,
and a regression tree is fitted between training data points and residuals. Then, the

current predictor is updated. After M iterations, the final predictor is constructed.

2.3.3 Random Forest

Random Forest was proposed by Breiman [32]. It is an ensemble of unpruned decision
trees. As in Bagging, it trains each tree on a sampled bootstrap dataset from the
training data. However, it considers a random subset of the variables to split an
internal node, rather than all the variables. Each tree of Random Forest is a decision
tree, and for a regression problem, the average value is applied as the prediction.
The training process of Random Forest can be summarized as follows [32] [33]:
1. Draw M bootstrap datasets from the training dataset. Each bootstrap dataset
is sampled randomly with replacement to maintain the same size as the training data.
2. Grow a decision tree for each bootstrap dataset. A randomly selected q features
are considered to split an internal node. The tree is grown until the maximum tree
depth. The maximum of tree depth could be set via different ways, through tree
depth, the number of samples at leaves, etc. Then M predictors are obtained.
3. Aggregate M predictions of the new data point to compute the final single
prediction. The majority vote and the average value are applied for classification and

regression as final prediction, respectively.
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Note that some important properties of Random Forest, such as, Out-of-Bag
(OOB) error, Variable Importance, and Intrinsic Proximity Measure [32] are not

discussed here in the interest of brevity.

2.3.4 Support Vector Regression

Cortes and Vapnik at AT&T Labs proposed Support Vector Network as a learning
machine [34]. The main idea here is to do feature expansion: First, inputs are mapped
to a high dimensional space non-linearly; then, a linear surface is built in the new
space. The solution of SVM is sparse, and only a subset of training data points are
utilized to form the solution [35].

In order to map the inputs from the original space to a high dimensional space,
a kernel function is used. Some widely used kernel functions are: linear function,
polynomial function and Radial Basis function [36]. The Support Vector Regression
applies an e-insensitive loss function, which is proposed by Vapnik, and the optimiza-
tion algorithm aims at minimizing the error bound, rather than the observed training

errors [34] [35] [36]. Equation 2.3 shows its form [34]:

0 itly - @) <

ly — f(x)| otherwise (2.3)

Le(y, f(z)) = {

2.3.5 Linear Regression and Ridge Regression

Linear Regression is the simplest regression model. Ridge Regression is a variant of
linear regression, considering shrinkage of the coefficients [30]. By adding an /s norm
penalty to the loss function of linear regression, we obtain the loss function of Ridge

Regression.

2.4 Model Development

In this section, we focus on developing data-driven models using deep learning and
other machine learning methods. First, we provide the details of the dataset used
in this study followed by data pre-processing steps. Next, the hyperparameter ex-

ploration and settings of the different methods are discussed. Finally, software and
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platform to conduct the model developments are included.

2.4.1 Data Description

In this study, we use an industrial dataset to develop and investigate the performance
of different predictive models for subcool prediction. The dataset contains 5 inputs
variables, which we use as influential input variables, to predict an output variable.

See Table 2.1.

Table 2.1: Variable description for subcool prediction

Variable Units

Output Reservoir Subcool °C
Variable | (Referenced by engineers as an estimation of subcool)
Feature 1 Injector tubing pressure kPa
Feature 2 Injector casing pressure kPa
Feature 3 Injector tubing flowrate sm? /hr
Feature 4 Injector casing flowrate sm? /hr
Feature 5 Pump frequency Hz

The dataset contains 25,000 samples of measured data after data cleaning as
described in Section 2.4.2. These measurements are taken over a time period of nine
months. The data is divided chronologically for training and testing purposes. The
first 20,000 are considered as training dataset and for tuning hyperparameters. The
next 5000 samples are used for testing the out-of-sample performance of the developed
predictive models. The sampling time is 10 mins and the sample value is the average
value of this interval. It is assumed to achieve the steady state, thus, we build static

models.

2.4.2 Data Pre-processing

The raw industrial dataset collected from the historical database might include in-
consistency, missing values, and outliers. Therefore, they cannot be used directly
in the model development. Hence, data pre-processing is performed prior to model
development. Data cleaning involves removing inconsistent measurement, missing
values, and outliers. Then, we normalize the data for scaling issues, and also, for the

convergence and better performance of machine learning algorithms.
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2.4.3 Hyperparameter exploration

The goal of this subsection is to explore hyperparameter settings for each of the al-
gorithms under investigation. For this purpose, only the first 20,000 data points are
used. Test data are not used in this subsection. The first 20,000 data points are di-
vided chronologically into training and validation datasets. In this study, we evaluate
the following statistics: Mean Absolute Error (MAE), Mean Square Error (MSE),
Pearson correlation coefficient, and the trend of plots to compare the performance of
different hyperparameter settings of each model on the validation set. We applied
Grid Search, Random Search, and Greedy Search as hyperparameter search strate-
gies. Once the hyperparameter settings are determined, we train the model again on
all of the 20,000 data points to obtain the final model. This model will be used later
to analyze the performance on test data. Next, we present the hyperparameter set-
tings of different models. Description of the main hyperparameters is also discussed

below. More details about hyperparameters are included in Section 2.3.

Deep Learning/Deep Feedforward Neural Networks

One of the core ideas of deep learning is to have deeper architectures [37]. There-
fore, we tried multiple layers on training dataset, and finally selected 4 hidden layers.
Dropout is a way to avoid overfitting [38]. Our hidden layer is not wide, and we do not
apply dropout in this case. We apply ls norm for regularization and avoid overfitting.
An epoch means a complete pass through the whole training dataset while training
the model [15] [39]. The network is fully connected.

See Figure 2.2 for its architecture in this case, and Table 2.2 for its hyperparameter

settings.
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Figure 2.2: Architecture of Deep Feedforward Neural Networks

Table 2.2: Hyperparameter settings, Deep Learning/Deep Feedforward Neural Net-
works

Hyperparameter name and meaning Set value or mode
Hidden Layers and the number of neurons 32, 128, 256, 128
Activation Functions of Hidden Layer ReLLU
Output Layer 1 neuron, linear function
L2 regularization parameter le-4
Optimizer Adam(learning rate: 0.001)
epochs 300

Gradient Boosted Decision Trees

Learning rate shrinks the contribution of each tree when a tree is added to the
model, and could be considered as a weighting factor of the additive sequentially
learned models [28] [30]. Each decision tree has a maximum tree depth. The deeper

a tree grows, the more complex a model becomes. Main hyperparameter settings of

GBDT in this case are shown in Table 2.3.
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Table 2.3: Hyperparameter settings, GBDT

Hyperparameter name and meaning | Set value or mode
The number of regression trees 250
Learning rate 0.01
Maximum regression tree depth 5

Random Forest

Minimum number of samples required to be at a leaf node controls the depth of a
regression tree. While a tree is being trained, a randomly selected number of features
are considered to split an internal node. The maximum number to consider equals to
the square root of the total number of features in this setting. Main hyperparameter

settings of Random Forest in this case are shown in Table 2.4.

Table 2.4: Hyperparameter settings, Random Forest

Hyperparameter name and meaning Set value or mode
The number of regression trees in forest 500
Maximum features to The square root
consider in each split of the number of features
Minimum number of samples 0.01x the
required to be at a leaf node number of samples

Support Vector Regression
We choose Radial Basis Function as the kernel in this case after testing different
kernel choices. Penalty parameter controls the trade-off between bias and variance.

Main hyperparameter settings of SVR in this case are shown in Table 2.5.
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Table 2.5: Hyperparameter settings, Support Vector Regression

Hyperparameter name and meaning Set value or mode
Kernel function Radial Basis Function
Penalty parameter for the error 0.5
term in loss function
Kernel Parameter 10
Epsilon 0.1

Ridge Regression
Regularization parameter controls the bias and variance trade-off. Main hyperpa-

rameter settings of Ridge Regression in this case are shown in Table 2.6.

Table 2.6: Hyperparameter settings, Ridge Regression

Hyperparameter name and meaning | Set value or mode
Regularization strength parameter 2.5

Linear Regression

There is no hyperparameter in Linear Regression.

2.4.4 Software and Platform

In this work, the model developments and evaluations are performed in Python 2.7,
in Mac OS X 10.11.5 environment.

First, to develop a deep learning model, we chose Keras 2.0.6 [39], which is a widely
used open source neural network library in Python, and used TensorFlow 1.0.0 as its
backend, which is developed by Google [40].

Second, for other machine learning methods investigated in this study, such as
Random Forest, Gradient Boosted Decision Trees, Support Vector Regression, Ridge
Regression and Multiple Linear Regression, we used scikit-learn version 0.18.1 [41]

[42].
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2.5 Results and discussions

First, we report and discuss the performance of each model on test data with the
hyperparameter settings discussed in Section 2.4.3. Next, we perform analysis on the
obtained results considering the characteristics of each algorithm. Only normalized

data results are shown for data proprietary.

2.5.1 Performance on test data

In this subsection, we show the predictive performance of each model (see Figure 2.3
to Figure 2.8). The performance statistics of different models such as MAE, MSE,

and Pearson correlation coefficient are presented in Table 2.7.

Table 2.7: Test results

Methods Test Test Pearson Correlation
MAE MSE Coefficient

Deep Learning | 0.28615 | 0.16440 0.78320
GBDT 0.22425 | 0.10475 0.80857
Random Forest | 0.23073 | 0.11927 0.77248
SVR 0.27219 | 0.17925 0.65551
Ridge Regression | 0.53630 | 0.38927 0.26273
Linear Regression | 0.53633 | 0.38931 0.26270
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Figure 2.3: Test results of Deep Learning/Deep Feedforward Neural Networks
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Figure 2.4: Test results of Gradient Boosted Decision Tree
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Figure 2.5: Test results of Random Forest
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Figure 2.6: Test results of Support Vector Regression
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Figure 2.7: Test results of Ridge Regression
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Figure 2.8: Test results of Multiple Linear Regression

While developing deep feedforward neural network model in Keras with Tensor-
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Flow as its backend, we should note that the issue of randomness may lead to non-
reproducible results, which comes from the random initialization weights, shuffling
data, mini-batch in optimization, and implementation of tools for parallel computing
[39] [40]. Strategies to solve it vary from environments, problems and motivations. In
our case, to make full use of the power of mini-batch, we do not control randomness
of shuffling data and mini-batch in optimization. We train the model with the same
settings and data 10 times, separately. Each of the 10 models will produce a predic-
tion. All the well-trained models are saved. Thus, we report the results with the best
MAE of the 10 deep models. We apply the same strategy in Section [? |. Statistics
of the 10 model results of test data are included in Table 2.8.

Table 2.8: Statistics of Deep Learning/Deep Feedforward Networks results of Section
2.5.1

Metrics Name Minimum | Maximum | Mean | Variance
MAE 0.28615 0.44967 | 0.36691 | 0.00343

MSE 0.16339 0.35927 | 0.25330 | 0.00439
Pearson Correlation | 0.70321 0.79718 | 0.74776 | 0.00112

2.5.2 Discussion

First, it is obvious that the non-linear methods have better performance compared to
linear methods due to inherent nonlinearity of the dataset. Moreover, there is a slight
improvement using the Ridge Regression compared to Multiple Linear Regression,
since Ridge Regression shrinks coefficients. Therefore, the model is underestimated
with linear methods, and a more complex model is required.

Second, it can be observed that SVR outperforms linear methods. The kernel
trick in SVR doing feature expansion not only deals with data nonlinearity, but also
implies that there are some hidden features in the process from the 5 input features
to subcool because of its better performance than linear methods. Also, we see a
relatively smoother plot in Figure 2.6. It could be explained by the threshold epsilon,
which makes the prediction less sensitive to smaller noises.

Comparison between the Random Forest and GBDT indicates that GBDT per-

forms better in terms of MAE, MSE and Pearson correlation coefficient, but both
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methods perform well. As introduced earlier, both methods apply multiple models to
estimate the single final prediction. Random Forest applies bagging, whereas GBDT
applies boosting. This is one reason why they both perform well. Moreover, they
are both based on Regression Tree. Regression Tree is trained in a quantitative way,
so prediction is performed through comparison between the value of the correspond-
ing feature and the internal nodes. As a result, both quantitative and qualitative
relationships between subcool and selected features are influential in this case. In
addition, using the samples of the leaf node for prediction can decrease the effect of
noisy data where noise originated from environment, sensors, etc.

Deep learning method does not show the best results in terms of MAE, MSE and
Pearson correlation coefficient. However, the trend plot of the Deep Learning model
can capture the peak in the trend very well while all other models more or less failed
in capturing the peak. This is because of the flexibility of deep learning model and
powerful optimization algorithm. First, we apply multiple layers and the number of
neurons in each hidden layer can be changed. Therefore, the automatic latent feature
expansion and reduction within multiple hidden layers imply the meaningful results
of deep feedforward neural network. Second, the ReLLU activation function does not
suffer from saturation problem [22]. Both of these features contribute to the flexibility
of the model. Also, a good model needs a powerful optimization algorithm to train
parameters. The Adam, a stochastic optimization algorithm, has the advantages of
bias correction and individual adaptive learning rate, which makes it useful in solv-
ing non-convex optimization problem [27]. Hence, the model flexibility and powerful

optimization algorithms make deep learning perform the best in capturing the trend.

2.6 Data quality and priori knowledge play a vital
role

In this section, we show that data quality and priori knowledge play a vital role
when using machine learning tools to solve oil sands problems. We first continue
prediction on a new dataset following the procedure described in Section 2.4. We see

that bad performance is obtained. Then, we investigate the original industrial dataset
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and do more analysis on the results. The investigation and analysis emphasize the

importance of data quality and priori knowledge.

2.6.1 Case Study on a different dataset

In this subsection, another set of data, containing 37,100 data points after data clean-
ing, is considered. The first 25,000 data points are used as training data, while the
rest 12,100 data points are test data. Data normalization and model hyperparameter
settings are explored again and poor performance has been reported on the new test
data.

Table 2.9 to Table 2.13 show the hyperparameter settings in this dataset. As
before, those hyperparameters are explored on training data.

Table 2.9: Hyperparameter settings of new dataset, Deep Learning/Deep Feedforward
Neural Networks

Hyperparameter name and meaning Set value or mode
Hidden Layers and the number of neurons 32, 128, 256, 128
Activation Functions of Hidden Layer ReLU
Output Layer 1 neuron, linear function
L2 regularization parameter le-4
Optimizer Adam(learning rate: 0.001)
epochs 300

Table 2.10: Hyperparameter settings of new dataset, GBDT

Hyperparameter name and meaning | Set value or mode
The number of regression trees 400
Learning rate 0.01
Maximum regression tree depth )
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Table 2.11: Hyperparameter settings of new dataset, Random Forest

Hyperparameter name and meaning Set value or mode
The number of regression trees in forest 500
Maximum features to The square root
consider in each split of the number of features
Minimum number of samples 0.01x the
required to be at a leaf node number of samples

Table 2.12: Hyperparameter settings of new dataset, Support Vector Regression

Hyperparameter name and meaning Set value or mode
Kernel function Radial Basis Function
Penalty parameter for the error 0.1
term in loss function
Kernel Parameter )
Epsilon 0.1

Table 2.13: Hyperparameter settings of new dataset, Ridge Regression

Hyperparameter name and meaning | Set value or mode
Regularization strength parameter 2.5

The test results of statistical metrics on the new dataset are shown in Table 2.14.

Table 2.14: Test results of new dataset

Methods Test Test Pearson Correlation
MAE MSE Coefficient

Deep Learning | 0.47431 | 0.31640 0.21698
GBDT 0.55289 | 0.44689 0.03895
Random Forest | 0.53271 | 0.38831 0.08357
SVR 0.55324 | 0.40859 0.06129
Ridge Regression | 0.57431 | 0.51714 -0.10970
Linear Regression | 0.57433 | 0.51719 -0.10970

From Table 2.14, we learn that in this dataset, deep learning performs the best,

but the performance is not as good as before. Also, all other methods perform badly.
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Next, we show the trend plots of different tested methods. From Figure 2.9 to Figure
2.14, we also see that all of them failed to perform well. We will discuss why this

occurs in the next subsection.
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Figure 2.9: Test results of Deep Learning/Deep Feedforward Neural Networks using
new dataset
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Figure 2.10: Test results of GBDT using new dataset
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Figure 2.11: Test results of Random Forest using new dataset
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Figure 2.12: Test results of Support Vector Regression using new dataset
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Figure 2.13: Test results of Ridge Regression using new dataset
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Figure 2.14: Test results of Multiple Linear Regression using new dataset

2.6.2 Investigation to original dataset and analysis

We have investigated the original data to see what occurred in the period of this set
of data. We found there were obvious operation condition changes between the range
of training data and testing data.

Because of closed-loop control and cascade control, the operational condition
changes can be reflected by several variables. See Figure 2.15 for Injection Tubing
Pressure, where training data period and testing data period is split by red dashed
line. From this figure, we can see that much more significant downtrend oscillations of
the injection tubing pressure occurred in the testing data period, than those occurred
in the training data period, and this phenomenon has invalidated the model learned
from the training data. Therefore, the data quality in engineering applications plays
a critical role in the process data analytics and machine learning. Meanwhile, priori
knowledge of the industrial process can also help in dealing with this type of prob-

lems.

28



Normalized Injection Tubing Pressure
— R e i R .

0 5000 10000 15000 20000 25000 30000 35000
Time

Figure 2.15: Trend of Injection Tubing Pressure

2.7 Conclusions

Machine learning can make use of complex industrial data for building data-driven
models. The potential advantages of various machine learning methods under consid-
eration have been discussed in this chapter. We have shown studies on two datasets.
In the first dataset, the Deep Feedforward Neural Network has shown good predictive
performance in capturing process trends. Also, the performances of ensemble deci-
sion tree based regression models are comparable. In the second dataset, all the built
model have failed. We show that the model development task highlights the necessity
of assessing data quality prior to model building. So, while applying machine learning
to do data analytics in oil sands problems, data quality and priori knowledge play a

vital role.
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Chapter 3

Locally Weighted Quadratic
Regression based Bayesian
Optimization and its application in

SAGD process

This chapter proposes the Locally Weighted Quadratic Regression based Bayesian
Optimization (LWQRBO) method. This optimization algorithm inherits the Bayesian
Optimization algorithm framework with Expected Improvement as the figure of merit
for search. It utilizes locally weighted quadratic regression as the surrogate model.
Further, the proposed LWQRBO is applied in a simulated SAGD process.

This chapter is organized as follows: Section 3.1 presents the brief review of lit-
erature on Bayesian Optimization. Section 3.2 revisits Efficient Global Optimiza-
tion (EGO) and Locally Weighted Learning (LWL), and then proposes the Locally
Weighted Quadratic Regression based Bayesian Optimization (LWQRBO). Next, two
numerical cases are studied to test the proposed LWQRBO in Section 3.3. SAGD
optimization literature review, problem description and the application of LWQRBO

in SAGD process are discussed in Section 3.4. Conclusions are drawn in Section 3.5.

3.1 Literature Review of Bayesian Optimization

Derivative-free optimization (DFO) is of great importance in practical applications,

and is necessary when the derivatives of the objective function are not available or
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hard to compute, such as in the cases where the objective function is a computer simu-
lation, a physical process or a complex mathematical function. DFO includes various
classes of algorithms. For example, trust-region methods and Nelder-Mead simplex
algorithm belong to local search methods, and multilevel coordinate search, branch-
and-bound search and Response Surface methods belong to global search methods
[43]. The well-known Mesh Adaptive Direct Search (MADS) is an extension of Gen-
eralized Pattern Search method [44], which also belongs to DFO. In this chapter,
we are particularly interested in one of the subjects of DFO, Bayesian Optimization,
which deals with optimizing black-box objective functions.

Jones et al. [45] proposed an Efficient Global Optimization (EGO) algorithm,
which aims to optimize the black-box objective function by building the stochastic
process response surface. Expected Improvement (EI) is used as the figure of merit
which accounts for both the approximate function, and uncertainty of the surface.
Maximization of EI yields a next sample point which is a trade-off solution to local
and global search. Branch-and-bound algorithm is used to solve the sub-optimization
problem - maximizing Expected Improvement. Gramacy et al. [46] proposed an
algorithm to solve the optimization problem with black-box objective function and
black-box constraints. To this end, the Augmented Lagrangian methods are applied
to convert a constrained problem into an unconstrained problem, and the algorithm
is integrated with Gaussian Process surrogate modelling, Expected Improvement and
derivative-free methods [46]. Picheny et al. [47] included slack variables into Bayesian
Optimization with the Augmented Lagrangian Framework, and also, the introduced
slack variables are deployed to handle mixed constraints of equality and inequality,
where they are treated as “joint” black-box.

There exist several variants of the EGO algorithm. Bootstrapped EI is proposed to
estimate the variance of kriging model instead of classic EI in [48]. Further, multiple
surrogate models are adapted into the EGO framework in [49]. In this work, at each
optimization iteration, multiple sample points are obtained by maximizing EI for each
of the surrogate models, rather than a single point from a single surrogate model.

In terms of application, Bayesian Optimization was proposed as a way to tune ma-
chine learning hyperparameters in [50]. Bayesian Optimization is related to surrogate

model based black-box optimization.
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Vu et al. [51] did a survey on surrogate model based black-box optimization.
The work discusses multiple types of surrogate models, along with different merit
functions and experiment designs. Also, entropy search is applied in Efficient Global
Optimization in [52].

Talgorn et al. [53] applied locally weighted scatterplot smoothing for constructing
a surrogate model, and therefore, to generate possible solutions. In their work, Mesh
Adaptive Direct Search (MADS) is used to solve the black-box optimization problem
with the built model. Also, the calculated shape parameter of weight function is
selected by minimizing order error. Conn and Digabel combined MADS and quadratic
models for black-box optimization [54]: The quadratic models are embedded into the
MADS, and search and ordering strategies are performed with the models used in
their work.

Dang approached the parameter tuning problem by considering it as a black-
box optimization problem, and proposed an Optimization of Algorithms (OPAL)
framework in [55]. This work also parallelized the OPAL framework and released a
Python implementation.

An overview of existing surrogate model methods and the optimization frame-
work, is given in [56], and also the usefulness of surrogate model based optimization
for certain aerodynamic problem has been shown in [56]. The work by Koziel and
Leifsson [57] includes an array of engineering applications of surrogate model based
optimization. Furthermore, Mack et al. [58] applied the surrogate model optimiza-

tion in an aerospace design problem.

3.2 Locally Weighted Quadratic Regression based
Bayesian Optimization

The Locally Weighted Quadratic Regression based Bayesian Optimization (LWQR-
BO) algorithm is proposed in this section. Prior to introducing LWQRBO, we describe
its framework, the Efficient Global Optimization algorithm, in subsection 3.2.1. The
surrogate modelling approach that is applied in this chapter, namely locally weighted

learning, is introduced in subsection 3.2.2. Next, the proposed algorithm is described

32



in detail in subsection 3.2.3.

3.2.1 Efficient Global Optimization

As discussed in Section 3.1, Bayesian Optimization includes a wide range of algo-
rithms. We introduce its basic ideas and one of its representatives, the Efficient
Global Optimization (EGO) which is proposed by Jones et al. [45]. We illustrate the
sampling process in a one-dimensional case, by introducing a normal sample strategy
followed by the sample strategy of Efficient Global Optimization. The introduction

in this subsection is referenced from [45].

(a) Initial dataset and initially built surface

(b) Dataset and built surface in one iteration

The green points represent initial points sampled from the true curve, and the purple point
denotes the calculated sampled point. The red dashed curve represents the built surface or the
built surrogate model, and the green curve denotes the true function curve.

Figure 3.1: Sampling without considering model uncertainties

The first step is to build an initial surface with the initial dataset, and the initially
built surface is represented by the red dashed line in Figure 3.1a. Then, the sample
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point for the next iteration is calculated. Normally, the next sample point is calculated
at the point, where it is the minimum of the initially built surface or the surface built
in the previous iteration. In Figure 3.1b, purple dot indicates the sample point for
next iteration. Next, this purple point is sampled from the true function, and the
dataset is updated by adding the newly sampled point. Furthermore, surface is built
with the new dataset, and is denoted by the red dashed line in Figure 3.1b. Finally,
iterate until the stopping criteria is met.

However, we see from Figure 3.2 that there are model uncertainties, especially
where the data are sparse. The black dashed lines represent the range of the uncer-

tainties of the model.

Figure 3.2: Model uncertainties

Bayesian Optimization considers the model uncertainties. There are many ways
to consider model uncertainties, that is, many merit functions could be applied to
determine the next sample point [50] [51]. Expected Improvement is one of them.
Following the work by Jones et al. [45], Improvement and Expected Improvement
can be defined as follows:

I(z) = maz(fmmn — Y,0) (3.1)
E[[([B)] = E[ma$(fmm - Y> 0)] (32)

where f,,;, is the current minimum function value, and Y is the random variable to

be minimized. A more specific expression of Expected Improvement is expressed in
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Equation 3.3 [45]:

fmzn -

Pl =)y o lm =) 33)

where fp,;, is minimum function value. ¢(.) and ®(.) are the standard normal density
and distribution functions, respectively. i and s denote the prediction and standard
error of prediction, respectively. From Equation 3.3, it can be seen that Expected
Improvement considers not only model uncertainty but also information of the current
minimum value and the built surface.

Efficient Global Optimization optimizes Expected Improvement to determine the
next sample point. It normally applies branch-and-bound algorithm to maximize the
Expected Improvement. It bounds the mean squared error via convex relaxation and
bounds the prediction via nonconvex relaxation [45]. However, in this work, we use
Genetic Algorithm to solve this problem, and the details of this will be presented in

subsequent sections.

3.2.2 Locally Weighted Learning

Online prediction is required in industrial processes [59]; particularly, the online pre-
dictions of quality variables are important for monitoring, control and optimization
of industrial processes. Considering that the process operation condition is changing,
the predictive model should be updated [60]. Locally Weighted Learning (LWL) is
one of the choices to build predictive models, and has been widely studied on its ap-
plication in industrial process [59] [61]. Ge and Song [60] did a comparative study of
locally weighted learning with SVR and PLS. The Locally Weighted Principal Com-
ponent Analysis associated approaches are studied in [59] [62]. Also, locally weighted
learning can handle missing data in industrial process [61]. A typical procedure of
locally weighted learning can be summarized as follows [60] [63]:

1. A query point, g, comes;

2. Distance is calculated between the query point ¢ and each point in the historical
dataset;

3. Weight matrix of historical dataset is calculated via a weight function;

4. Do prediction with weighted dataset via a selected regression technique;

5. The built model is discarded. The system waits for the next query point.
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Figure 3.3: Illustration of locally weighted learning

In Figure 3.3, we illustrate the idea of locally weighted learning in a one-dimensional
case. In this figure, the black points represent historical dataset, the red point de-
notes query point. The red line represents weights. It should be noted that if the
data sample lies closer to the query point, it has larger weight. In other words, LWL
selects the most relevant data to do regression, and the model is updated for each
query point. Thus, it is useful in practice for chemical processes to account for the
changing process operation conditions. Also, the locally weighted model can deal
with nonlinearity [63]. Therefore, locally weighted regression is applied as the sur-
rogate model in the Bayesian Optimization framework. Specifically, locally weighted
quadratic regression is considered.

Next, we introduce Equation 3.4 and Equation 3.5, from [63]. These equations
are related to least squares algorithms of locally weighted linear models. Equation
3.4 is the prediction expression at the point ¢ of local linear models, and Equation

3.5 is the variance of the prediction at g of local linear models.

= Zsz(q)yl (34)

where ¢ is the point we want to predict, Z = WX and W denotes weight matrix. X

and y denote inputs and output of the dataset, respectively. A is a diagonal matrix
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with small positive diagonal elements to avoid singular matrix.

Var(§(a)) = ) _ si(a)o*(z,) (3.5)

where s;(¢) comes from Equation 3.4 and o(z;) denotes the standard deviation of

random noise at point 7. The above two equations will be modified to be incorporated

into Expected Improvement. The details will be introduced in next section.

3.2.3 Locally Weighted Quadratic Regression based Bayesian
Optimization

First, the prediction expression of locally weighted quadratic regression must be ob-
tained. The quadratic terms in quadratic regression could be regarded as regres-
sors of linear regression. Consider a two-dimensional case. For other dimensions,
it can be modified accordingly. The inputs, X = [X1, Xo], are expanded to
X = [X1, Xy, X7, X2, X1 X)) as the regressors to perform quadratic regression. X will
be weighted to Z by Z = W X. Z will be used in the general locally weighted linear
regression expression in Equation 3.4. Also, considering that solving the inverse of a
matrix may suffer from the singular matrix problem, we choose stable numerical al-
gorithms to solve the inverse of a matrix, and therefore, we set the diagonal elements
in A matrix to zero. So, the prediction at point ¢ using locally weighted quadratic

regression is:

= Z s:(q)yi (3.6)

As noted previously, Expected Improvement relies on prediction and standard
error of the prediction. Besides the prediction term, we also need the standard error
of prediction. For simplicity, we start the analysis without considering the random

noise. For this case, Equation 3.5 can be expressed as:

Var(glg)) = > _ si(q) (3.7)
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Therefore, from Equation 3.6 and Equation 3.7, the variance of prediction at point

q of the locally weighted quadratic regression can be rewritten as:

Var(j(q)) = si(q)

qT(ZTz)—lsz(qT(ZTz)—lsz)T
¢ (ZT )T ZTWWT Z2(ZT Z) g (3.8)

Also, the standard error at the point of ¢ of a locally weighted quadratic regression

is expressed in Equation 3.9:

std(y(q)) = v/ Var(y(a))

= T (ZT2) TZTWWTZ(ZTZ) 1q (3.9)

where X = [X, X, X2, X2, X1 X5], Z = WX, and W = f,(X,q). There are many
ways to choose the weight function, f,,, and the distance, d. We choose the exponential
function as the weight function and Euclidean distance as the distance measure.

Mathematically, they are defined as [63]:
fu = ke (3.10)

where d is Euclidean distance, k and [ are function parameters. The distance between

x4 and ; is:

d= \/(:vq — )T (xy — ;) (3.11)

This proposed LWQRBO algorithm solves optimization problems whose objective
function is a black-box function, with bound constraints on the decision variables. We
consider solving a minimization problem. We first introduce the steps of LIWQRBO,
which inherits the framework of Efficient Global Optimization from [45]. We use a
1-d case with 3 initial points to describe it:
Steps:

1. Provide initial points (x1,z9,3) for the optimization algorithm, and sample
from the true black-box function to calculate (yi,ya,y3).

2. Build surrogate model f,, with locally weighted quadratic regression, on the

initial dataset [(z1,91), (22, Y2), (¥3,Y3)]. Ymin = Min(Y1, Y2, Y3), ASSUME Ty = T3.
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3. Calculate the prediction 7, and the standard error of prediction std, of the
built surrogate model (i.e., locally weighted quadratic regression model), at the query
point q.

4. Maximize the Expected Improvement to find the next point to sample, zy.

5. If y4 is less than vy, set Ymin = Y4 and z,,;, = x4; Otherwise, retain
Ymin and Z,i,; Then, update the dataset by appending new sample point and get
[(z1,91), (22, 92), (23, Y3), (T4, Ya)].

6. If stopping criteria are met, (i.e., EI satisfying the prescribed threshold value,
or the maximum number of iterations reached), the algorithm stops. The solution is
Tmin, With the objective function value y,,;,. Otherwise, repeat Step 2 to Step 6 with
the appended dataset.

Now, let us see the specific details of the proposed algorithm, LWQRBO. In this
work, to use locally weighted quadratic regression as the surrogate model, suitable
modifications are made to the EGO framework. Analysis and explanation are also
described for applying locally weighted quadratic regression in this framework. Spe-

cific details of the algorithm are as follows:

Providing Initial Dataset

Latin hypercube sampling is applied to provide the initial points [45], and the num-
ber of sampled points is around 10p, where p is the dimension of the function inputs,
or variables of the surrogate model [45]. p is also the number of decision variables of
the optimization algorithm. After sampling from the true black-box function with ini-

tial points to obtain corresponding outputs, the initial dataset have been constructed.

Preparing for Expected Improvement

Calculate the prediction y(g) with Equation 3.6, and the standard error of pre-
diction std(q) with Equation 3.9, at the new point ¢, or called query point, with
locally weighted quadratic regression. These are used for the calculation of Expected

Improvement.

Calculating Expected Improvement

Calculate Expected Improvement, by replacing y and s in Equation 3.3, with E-
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quation 3.6 and Equation 3.9, respectively. The estimation of Expected Improvement
at point ¢ of a locally weighted quadratic regression could be written as:
fmin — ¢ (ZT2) 12T Wy
\/qT(ZTZ)*lZTWWTZ(ZTZ)*lq)
fmin — - (ZY2) 12T Wy
\/qT(ZTZ)—lZTWWTZ(ZTZ)—lq)

EI(q) = (fmn — ¢ (Z72) ' Z"Wy)(

(3.12)

+(VqT(ZTZ) 1 ZTWWTZ(ZTZ)"1q)é(

where fi, is the current best function value. ¢(.) and ®(.) are the standard normal
density and distribution functions, respectively. X and y denote input and output,
respectively. ¢ is the unknown point or query point. W is weight matrix calculated

by weight function shown in Equation 3.10. Z is the weighted matrix of X.

Maximizing EI

In Step 4, we want to maximize EI(q) to find the next sample point. It is a
sub-optimization problem, and we provide a description of the solution below.

First, it consists of probability density and distribution function. Second, we
consider it in view of modelling: Assume we have training data and testing data, and
will make predictions for all the inputs in testing data. Locally weighted learning
has different model parameters for different inputs of testing data, with the same
training data. Because it builds a model for each input in test data, implying W
and Z in Equation 3.12 could be different for different data points to be predicted.
Additionally, W and Z are unknown, and are functions of q.

Equation 3.12 is therefore a highly non-linear and complex function with respect
to ¢, and is hardly tractable analytically. Hence, Genetic Algorithm is applied to

solve this sub-optimization problem.

Stopping Criteria

If the stopping criteria are not met, the dataset is updated by adding the obtained
query point ¢ and its function value, y,, sampled from the true black-box function.
Then, we use locally weighted quadratic regression in next iteration with the updated
dataset to build the model. Otherwise, it stops. The stopping criteria is controlled
by the following:

1. If the Expected Improvement is less than a specified percentage, p;, of the
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current minimum value f,,;,, it stops;

2. If the new sampled objective function value is less than a specified percentage,
po, of the current minimum value, it stops;

3. If the number of iterations, or black-box calculations exceeds maximum calcu-
lations M, it stops.

All of the above stopping criteria could be used in the algorithm. The mode of
each criterion can be adjusted accordingly in practice. Criteria 1 and 2 allow the
optimization algorithm to explore more of the optimum and Criterion 3 controls the
calculation time.

Figure 3.4 presents the flowchart of the proposed approach. The main modifica-

tions in the existing framework are highlighted in boldface.
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Provide initial dataset (X, y)
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End
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Figure 3.4: Flowchart of LIWQRBO

3.3 Case Study

In this section, we present the validation results of Locally Weighted Quadratic Re-

gression based Bayesian Optimization (LWQRBO) in two numerical test functions.
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3.3.1 Case Study 1

In this subsection, we apply the Bayesian Optimization with locally weighted quadrat-
ic regression algorithm in a one-dimensional numerical test function, as given in E-
quation 3.13:

y = % sin(gq:) (3.13)

where = € [1,10].

Figure 3.5 shows the true curve of this test function as the black line. It has one
global minimum and several local minima. Latin hypercube sampling is applied to
sample the 10 initial data points, which are marked in the figure by blue markers.
The initial data points are distributed across the range [1, 10] almost evenly. Red
points represent the sampled points calculated by the optimization algorithm. We

see that most of the sampled points are clustered around the global minimum.
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Figure 3.5: Curve of 1-d test function

43



Figure 3.6 shows the performance of optimization algorithm through iterations.
The red line represents the sampled function value and blue line represents the current
calculated minimum, also called the best calculated value until the current iteration.
We see that the blue line gradually converges to the global minimum.

The algorithm samples where the Expected Improvement is maximized. As dis-
cussed before, Expected Improvement takes both model uncertainty and optimization
into consideration. It is not necessary that the function value of the sampled point in
next iteration is lower than that in the current iteration. Because the sampled points
not only consider exploring the minimum in next iteration but also consider model
uncertainty to make the built surface more accurate. The current minimum value

is updated during the iterations in the optimization algorithm, and therefore keeps

decreasing.
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Figure 3.6: Performance through iterations
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The dashed vertical line marks a separation between the initial dataset and newly
found sample points as the optimization process progressed. It shows that the min-
imum finally found is not the minimum in initial dataset, which also demonstrates
this sampling algorithm indeed works.

Expected Improvement is maximized at each iteration to determine the next sam-

ple point. Figure 3.7 shows iterative trend of the Expected Improvement.
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Figure 3.7: Expected Improvement of 1-d case
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3.3.2 Case Study 2

The proposed algorithm is also tested in a 2-dimensional numerical function, called
Branin function.

The Branin function is expressed in Equation 3.14 [64]:
y = a(ry — bai + cxy —1)* + s(1 — t)cos(zy) + s (3.14)

where we choose the following settings:
a=1,b=2%c=2r=6s=10and t = &-. 21 € [-5,10] and z, € [0,15].
For those settings, the function has 3 global minima:
The function value is f(x*) = 0.397887, at z* = (—m,12.275), (m,2.275) and

(9.42478,2.475) [64).
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Figure 3.8: Locations of sampled points
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Figure 3.8 shows locations of the sampled points. The 21 initial data points
are distributed in the square range and are denoted by blue markers. Three green
triangles represent locations of the three global optima. Red points represent the
points obtained by maximizing EI. We see that most points sampled during iterations
are around two of the three global optima, z* = (—m,12.275) and (9.42478,2.475).

Figure 3.9 illustrates the performance of LWQRBO on the Branin test function. As
discussed before, we know the function value of the sampled points during iterations
are regarded as candidates of the final optima, since maximizing EI considers the
trade-off between surface optima exploitation and consideration of model uncertainty.
Therefore, the algorithm does not guarantee its continuous decrease. Moreover, we
see that the current calculated minimum (blue line) converges to global optimum
gradually, from 0.3985, 0.3983 to 0.3981. The obtained optimal point is located at
(—3.1477,12.2983), which is very close to (—m,12.275), as seen in Figure 3.8.
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Figure 3.9: Performance through iterations

Points to the left of the vertical line are the initial dataset, and those to the right

are the points determined as the optimization process progressed. The vertical axis
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is log scaled for the purpose of a clear view; otherwise, the curve decreases quickly
and steeply in linear scale.
Expected Improvement is maximized to calculate the next sample point. Figure

3.10 shows the trend of Expected Improvement through iterations.
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Figure 3.10: Expected Improvement of 2-d case

3.4 Application in simulated SAGD process

In this section, Locally Weighted Quadratic Regression based Bayesian Optimization
(LWQRBO) is applied to a simulated SAGD process. In subsection 3.4.1, a literature
review of SAGD optimization is provided. The motivation and description of the
problem are formulated in subsection 3.4.2. In subsection 3.4.3, optimization results

are presented.

48



3.4.1 SAGD Optimization Review

SAGD is an efficient approach to extract bitumen from reservoir from an economic
point of view [65], and it has been extensively used to produce bitumen, especially in
Alberta, Canada. The optimization solutions of SAGD can help engineers with the
decision-making process [66].

SAGD production can be enhanced with first principle knowledge and therefore,
there are many variants [67]. One approach to improve SAGD is to design the injected
steam. Two well-known variants of this type are Steam and Gas Push (SAGP),
and Expanding Solvent SAGD (ES-SAGD) [67] [68]. SAGP injects steam with non-
condensed gas, such as nitrogen or natural gas; ES-SAGD injects steam with solvent
[68]. Also, an elaborate design of the SAGD facilities, especially the well design,
improves SAGD efficiency. The effect of well design, such as lengths, liner and tubing,
wellbore annulus on SAGD performance has been discussed in [69]. Furthermore, in
the cases where reservoirs are very thin, one-well SAGD [67] could be considered as
a candidate.

Steam injection strategy plays an essential role in SAGD optimization. Optimizing
SAGD by adjusting steam injection pressure with a reservoir simulation model is
studied in the work by Card et al. [5]. In the study by Gates et al. [70], optimization
is also performed by adjusting injection pressure. Also, the role of steam injection
strategy in determining the performance of SAGD is described in [71] and [72].

Optimizing economic performance of SAGD is a main focus. There are many
economic performance measurements of the SAGD process, such as Steam to Oil
Ratio (SOR), cumulative Steam to Oil Ratio (c¢SOR), Net Present Value (NPV),
etc. The economic performance measurement to use depends on the problem being
investigated. For example, the work of [70] studies optimization of ¢SOR via Genetic
Algorithm, and Net Present Value (NPV) is considered as an objective to be optimized
in [71]. Other economic performance measurements, such as Internal Rate of Return
(IRR) and Pay Back Period (PBP) are studied in [65].

Uncertainty is another research topic while doing optimization in SAGD. The
study in [71] considers the uncertainty of the economic forecast when optimizing

the SAGD process, and Monte Carlo simulation is used to quantify uncertainty in
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this work. Uncertainty also arises from reservoir geological properties. In [73], a
SAGD optimization workflow is presented to capture the geological uncertainties.
Another study [74] proposes to reduce reservoir geological property uncertainties using
a mixed-integer linear optimization-based method.

Surrogate model based optimization in SAGD also receives a variety of research
focuses. Work by Mohaghegh et al. [4] introduces the development of Surrogate
Reservoir Modelling. In [75], Polynomial model and Kriging model are constructed
as proxy models, then the gradient based algorithm is applied for optimization. Yang
et al. [71] have built polynomial response surface for NPV to perform an economic
optimization of SAGD. Besides, Network-based efficient global optimization (NEGO)
method is applied to optimize the SAGD process in [76].

We learn from the above review that SAGD optimization could be conducted using
various methods. Readers are referred to [3] for more information. This section aims

to optimize the SAGD process. More details are introduced in the next subsections.

3.4.2 Motivation and Problem Description

To optimize SAGD, we need to build an optimization model. An optimization model
consists of three main elements: objective function, decision variables and constraints.
We introduce and discuss each element in detail below.

From Section 3.4.1, we know that there are many metrics measuring the perfor-
mance of SAGD process, such as Steam to Oil Ratio (SOR), cumulative Steam to Oil
Ratio (¢SOR), Net Present Value (NPV), etc. In this study, SOR is utilized as the

objective function to be optimized.
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Figure 3.11: Schematic of SAGD process

Figure 3.11 shows a schematic of the SAGD process. We see that the produced
liquid consists of oil and water. SOR is calculated as the ratio of the injected steam
flowrate to the produced oil flowrate, as follows:

Flowrate of Injected Steam

SOR =
Flowrate of Produced QOil

(3.15)

From Equation 3.15, we know that a smaller value of SOR means more produced
oil with less injected steam, while a larger SOR value means more injected steam
with less produced oil. To optimize the SAGD process performance measured by
SOR, we need to minimize SOR. However, the mathematical function describing the
relationship between SOR and other process variables is not available. Therefore, we
regard the objective function as a black-box function.

Also, from [5], [70], [71] and [72], it is learned that steam injection strategy plays
a core role in the performance of SAGD process. Thus, we focus on optimizing SOR
by determining the optimal injected steam operating point. Specifically, flowrate and
pressure of the injected steam are regarded as decision variables. They are operational
variables, and could be manipulated or controlled in practice according to the feasible
solution of the optimization model.

Those manipulated variables have operational ranges in practice for the purpose
of safety, and those upper and lower bounds of the process variables are constraints

in this optimization problem.
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The specific description of the three elements of the optimization model is shown

in Figure 3.12.

Optimization

Objective Decision

o Constramts
Function Variables
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(SOR) = Injected
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Injected steam .
constraints for

flowrate,
injected steam
pressure.

injected steam
flowrate and

Steam Flowrate
Produced Oil
Flowrate.

Pressime

Figure 3.12: Optimization model elements

With the above analysis, the optimization model could be written as:

minimize fsor(xrr, 1p)
TIF,XIP

subject to

zrr < Up
(3.16)

zip < Up
Tip 2> Lp
xrp > Lp

where x;r and xyp denote the injected steam flowrate and injected steam pressure,

respectively. Up and Ly denote the upper and lower bounds of the injected steam
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flowrate, separately. Up and Lp denote the upper and lower bounds of injected steam
pressure, separately.

The purpose is to identify an optimal operation condition, which will generate the
corresponding optimal SOR of the SAGD process. The proposed LWQRBO algorithm
in this chapter is applied to solve this optimization problem.

In LWQRBO, maximizing EI is utilized to find the point which is able to improve
the objective function value most probably, with the uncertainties in the surrogate
model being considered. The surrogate model constructed here is an approximation
of the black-box function (a real process in this work) that we want to learn. If the
relationship between inputs and output changes over time, EI cannot capture the
uncertainties in the surrogate model, which models the black-box objective function.

We therefore target this case in SAGD process: the function of SOR with respect
to injection flowrate and injection pressure is static. That is, if given the same inputs
(injected flowrate and pressure), the process will respond and generate the same SOR.
In this case, other variables of SAGD may contain dynamic relationships, but the
static relationship between SOR and injection flowrate as well as injection pressure
holds. In this period, the black-box function to be optimized is a static time-invariant
function, and therefore, we could apply LWQRBO to sample from the real process.

Considering the optimization algorithm to sample from real process, we see the
following difference from sampling from a numerical function:

1. Historical dataset plays the role of initial points.

2. Sampling a real process at different time instances plays the role of different

iterations in the optimization algorithm.

3.4.3 Optimization Results

In this subsection, we show the SAGD optimization results obtained using the L-
WQRBO method. Some of the main parameters of the reservoir are listed in Table
3.1.

Table 3.2 lists the operational upper and lower bounds of the injection flowrate
and injection pressure in this case study.

Figure 3.13 shows the procedure of the optimization algorithm. 21 historical

data points are provided as initial data in this problem. After building the initial
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Table 3.1: Reservoir Parameters

Parameter Name Value

Well length (m) 250

Heat transfer coefficient of the liquid pool (W/m?/K) 0.5 % 10°

Latent heat of steam vaporization (J/kg) 780 * 103

Reservoir temperature (°C) 4
Thermal diffusivity of reservoir (m?/s) 6.4467 * 1077

Porosity of formation 0.35
Oil saturation 0.85
Steam quality 0.95

Table 3.2: Operational Bounded Constraints

Parameter Name Value
Upper Bound of Injection Flowrate (1b/s) 7
Lower Bound of Injection Flowrate (Ib/s) 1
Upper Bound of Injection Pressure (psi) | 2200
Lower Bound of Injection Pressure (psi) | 1500

surrogate model, the sampled point in next iteration is found by maximizing Expected
Improvement. The red line represents the sampled function value (real value of SOR
with respect to the sampled input), which is generated from the real process, and the
blue line represents the optimal value obtained up to the current iteration. Every

time the algorithm samples from the process, the dataset is updated.
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Figure 3.13: SAGD Optimization performance

As discussed in Section 3.3, the sampled points of input are just candidate solu-
tions for the optimal value, and the sampled function value does not need to be less
than that in the previous iteration. The blue line shows that the current minimum
decreases during the iterations of the optimization algorithm.

All iterations shown above in Figure 3.13 solve one optimization problem. The
optimization algorithm ends after the 50th iteration and the optimal SOR is found as
2.358. The corresponding input, the injection flowrate being 1 1b/s and the injection
pressure being 1500 psi, will be implemented in the real process. Figure 3.14 shows

the trend of Expected Improvement iteratively.

55



o 5 10 15 20 25 30 35 40 45 50

Figure 3.14: Trend of Expected Improvement

Figure 3.15 shows the location of initial data points and the sampled data points
within the given operational region. Initial data points are denoted by the circles.
The solid points represent the sampled points in the optimization algorithm, and
are located both inside the region and along the edges. It demonstrates that the
optimization algorithm does not search in a local neighborhood only. Instead, it also
samples where the data are more sparse and where the model is more uncertain, which
can be observed from the lower region of the left edge and the upper region of the

right edge. Finally, it locates the optimum at (1, 1500), which is the lower left corner.
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Figure 3.15: Location of Initial Data and Sampled Data

3.5 Conclusions

In this chapter, Locally Weighted Quadratic Regression based Bayesian Optimization
(LWQRBO) is proposed. The literature review includes Bayesian Optimization and
related research subjects, such as Derivative-free Optimization and Surrogate Model
based Black-box Optimization. Efficient Global Optimization and Locally Weighted
Learning are introduced prior to the introduction of the proposed approach for mak-
ing the procedures of LWQRBO easy to understand. Two numerical test functions
are applied to test the performance of the proposed approach. LWQRBO is also
applied in a simulated SAGD process to optimize SOR by determining the optimal
injection steam operational points. The proposed LWQRBO algorithm demonstrates

its usefulness in SAGD process.
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Chapter 4

Stacking online soft sensor
application in SAGD process

In this chapter, a stacking online soft sensor that is applicable for monitoring pur-
poses is designed for the SAGD process. The literature review of soft sensor design
approaches is included in Section 4.1. The proposed online soft sensor approach is in-
spired by stacking models, so a brief review of stacking models is included in Section
4.2. Next, three popular models in soft sensor applications, Partial Least Squares
Regression (PLSR), Gaussian Process Regression (GPR) and Support Vector Regres-
sion (SVR), are introduced in Section 4.3 and they are applied as offline predictive
models. In Section 4.4, the proposed stacking online soft sensor and its feasibility are
described in detail. Two case studies are shown in Section 4.5. Conclusions to this

chapter are provided in Section 4.6.

4.1 Review of soft sensor design approaches

Soft sensors are useful in the monitoring of industrial processes [77] [78] [79]. For ex-
ample, they are applied to predict the process variables which are difficult to measure
online, such as the water content of the produced liquid of SAGD process. They are
also alternatives to expensive hardware sensors [77]. Moreover, hardware sensors are
not always available due to sensor maintenance or replacement, and soft sensors can
be utilized as a backup [77]. In most chemical engineering applications, the process

is time varying, multi-modal and nonlinear [77]. Therefore, it is necessary to improve
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soft sensors to make them applicable for online prediction or model updates.

Many strategies have been applied to design soft sensor models. Ensemble learn-
ing is one of them. Kaneko and Funatsu developed Support Vector Regression (SVR)
based adaptive soft sensor with Bayesian ensemble learning in [80]. In their work, pre-
dictions were first made with Online Support Vector Regression (OSVR), and these
predictions were combined through Bayesian ensemble learning to obtain a final pre-
diction. In the work by Kaneko and Funatsu [81], a final prediction is obtained by
ensembling multiple predicted values from multiple intervals of time difference. An-
other adaptation mechanism for online prediction using soft sensors was proposed in
[79]: Input variables selection is performed with mutual information. The selected
variables are then used for prediction with a mixture of Gaussian Process Regres-
sion (GPR) models. Adaptation of combination weights and local GPR models are
considered for a final prediction.

Besides ensemble learning, local learning frameworks have been used for soft sen-
sor applications [82]. Kadlec and Gabrys proposed Incremental Local Learning Soft
Sensing Algorithm (ILLSA) [82], where adaptations such as recursive adaptation of
models and adaptation of combination weights could be performed. Also, another
work by Kadlec and Gabrys [83] applies local learning to build online predictive mod-
els for the consideration of noise, drifting data and outliers. In this study, input space
is partitioned to build several local models, and then predictions of different models
are combined to obtain the final prediction.

We have introduced the design of soft sensors in terms of frameworks or strategies.
The framework needs specific modelling approaches. Therefore, we also review soft
sensor applications briefly from a modelling perspective. We have seen that Gaussian
Process Regression has been used as soft sensors in [79]. Support Vector Regression
(SVR) is another common choice for predictive modelling in chemical soft sensor
applications. Bayesian approaches could ensemble SVR based models for a soft sensor
development [80]. In [78], the author proposed a soft sensor framework, incorporating
Bayesian Inference and SVR models to deal with measurement uncertainties, such as
biases and misalignments. In this work, Bayesian Inference is applied first to process
input measurements. The processed inputs are then used for two-stage SVR models.

The second stage SVR serves as the main model to make predictions [78]. Besides

59



Gaussian Process Regression and Support Vector Regression, Partial Least Squares
Regression is also a commonly used method in chemical process for soft sensing.
Partial Least Squares Regression was applied for soft sensing in a refining process
in petrochemical industry by Wang et al. [84], and in their work, PLS regression
was enhanced to handle the dynamics of the process. Additionally, Shao and Tian
built an adaptive soft sensor with local PLS models and Bayesian inference for model
ensembles [85].

Based on the literature reviewed above, it can be deduced that there are multiple
design approaches in soft sensing application, each of which have been proved to be
useful. For example, the adaptiveness of soft sensors could use the advantages of dif-
ferent models, handle online outliers and uncertainties, as well as improve prediction
accuracy. Also, most soft sensor designs focus on online applications. In this section,
the studies of different soft sensor design approaches and algorithms are briefly intro-
duced. In the next section, a novel idea will be introduced as the foundation for our

proposed stacking soft sensor, which is based on stacking multiple predictive models.

4.2 A brief introduction to the idea of stacking
models

The basics and preliminaries about stacking approaches are introduced in this section.
A basic and general idea to combine multiple models called stacked generalization
was proposed by Wolpert, and was designed to minimize the generalization error and
reduce the bias of generalizers [86]. The core idea is to apply multiple levels of models
to obtain a prediction. We give a stacking model with two levels for an example of
this idea, as illustrated in Algorithm 1 below [86]. In particular, if there is one model
in the first level, it becomes a model correction method [86].

Many combination strategies are available. Combining models linearly is one of
the choices in the second level. For example, Breiman proposed a method to improve
estimation performance by forming a linear combination of models. The coefficients
of the combined model are constrained to be non-negative, and determined by cross-

validation and least squares [87]. Also, for classification, the idea of stacking models
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Algorithm 1 Procedures of stacking models of two levels

Step-1, inputs or features and outputs are applied to models in the first level to train
separate models.

Step-2, the predictions of separate models from the first level, and the true values of
outputs are applied to train a second level model.

Step-3, to predict a new input, it goes through two levels of models: separate pre-
dictions are made with models in the first level, then those predictions are used as
inputs to make a prediction using the second level model.

Step-4, the prediction of the second level model is regarded as the final prediction.

with linear regression is studied in [88].

The model stacking approach has been studied for soft sensing. In [89], Napoli
and Xibilia compared several model aggregation strategies for a Topping process in
refinery plants, including applying PLS and Neural Network as an aggregation method
in the second level. Additionally, in [90], the work focuses on stacking approaches in
the Sulfur Recovery Unit, where the first level of models include Principal Component
Analysis (PCA), Partial Least Squares (PLS) and Neural Networks (NN), and the
second level can be simple average, Partial Least Squares (PLS) and Neural Networks
(NN).

We learn from the above introduction that the idea of model stacking could be
understood as a modelling ensemble framework, and it is flexible. In practice, when
we implement the idea of stacking, there could be multiple levels, where each level
could have multiple models and various types of models. Also, the models in the

same level could have the same model structure or different model structures.

4.3 Revisit of Partial Least Squares Regression,
Gaussian Process Regression and Support Vec-
tor Regression

In this section, three widely used algorithms in chemical engineering are introduced

as offline soft sensor predictive models.
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4.3.1 Partial Least Squares Regression

In this subsection, the main idea of Partial Least Squares Regression is introduced
following the works of [91] and [92]. For more details on the algorithm and its imple-
mentation, the reader is referred to the original articles.

Partial Least Squares Regression (PLSR) has been widely used in chemometrics. It
performs dimensionality reduction while making predictions. Distinct from Principal
Component Analysis (PCA) which does decomposition only on input variables X,

PLS aims to find components from input X, that are highly relevant to Y.

X=TP"+FE
Y =UQ" + F (4.1)

where X and Y denote inputs and outputs, respectively. T is projections of X, and U
is projections of Y. P and () are loadings of X and Y, respectively. £ and F' denote
error terms of X and Y, respectively. Covariance between T" and U is maximized by
decomposing X and Y.

A relationship between 7" and U could be obtained after the decomposition. The
loadings of X and Y, the variable P and @), are also determined after the decompo-
sition. When we make predictions, we eliminate error terms by only considering the

main components, or latent variables, P.

4.3.2 Gaussian Process Regression

In this subsection, we briefly review the Gaussian Process Regression [93] [94] [95].
Gaussian Process assumes that data could be regarded as a sample from a multi-
variate Gaussian distribution, and it is an extension of multivariate Gaussian distri-
bution to infinite dimensions.
One characteristic of Gaussian Process is that it considers the distance between
two points that are related by a covariance function, namely the kernel function.
There are many types of covariance functions, Equation 4.2 shows the popularly used

one, “Squared exponential”:

7(zfz/)2

k(z,z) = o’ 2 (4.2)

. . / .
where 02 denotes the maximum allowable covariance. x and z are two data points.
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It should be noted that Gaussian Process Regression produces a distribution of

the variable to be predicted. The posterior distribution of a certain prediction y, is :
y*|y ~ N(u* + KfKil(y - ,u)a K — KfolK*) :

where p and i, denote training means and test means. K denotes training set covari-
ances, K, denotes training-test set covariances, and K,, denotes test set covariances.
The means could be set to 0 or be calculated by a selected mean function, and the
covariances are calculated by the covariance function.

Maximum Likelihood Estimation is then applied to train the Gaussian Process
Regression model. After training, the unknown parameters in the posterior distribu-
tion are obtained. It gives both a prediction value for the input and the uncertainty
information. The mean value of the prediction distribution is considered to be the
estimation value, while the variance of the prediction distribution provides the un-

certainty information. Readers are referred to [93] [94] and [95] for more details.

4.3.3 Support Vector Regression

Support Vector Regression is the version of Support Vector Machine (SVM) for re-
gression [34]. It utilizes the kernel based idea to deal with non-linearity. The normally
used kernel functions are: linear function, polynomial function and radial basis func-
tion [36].

The core idea of feature expansion can be summarized as follows [35]: First, inputs
are mapped non-linearly to a high dimensional space; then, a linear model is built
in this new space. The solution of SVM is sparse, and only a subset of training
data points are utilized to form the solution. Therefore, the subset of data points in
training data which support the final solution are called support vectors.

Unlike the SVM used for classification, the Support Vector Regression applies
an e-insensitive loss function [34] [35]. Using this loss function, the optimization
algorithm aims to minimize the error bound, rather than the observed training error

134 [35] [36]:
0 ity - f(2)| < e

ly — f(x)| otherwise (4.3)

Le(y, f(z)) = {
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4.4 Design of stacking online soft sensor for SAGD
process

The stacking online soft sensor for SAGD process including a description of its im-
plementation is proposed in this section. The practicability and scalability are also

demonstrated.

4.4.1 Design of the proposed soft sensor

We apply the idea of stacking models which was introduced in Section 4.2 to design
the stacking online soft sensor in this section. Two levels of models are applied;
the first level includes the offline predictive models and the second level includes the
online correction model.

Normally, offline predictive models are selected as those tested to be useful in the
targeted process. The number of offline predictive models is also flexible. Either one
or multiple offline predictive models could be deployed. If multiple offline predictive
models are implemented, we focus on the case where offline predictive models could
compensate for each other. Also, the online model should be easy to implement,
because it should not cause unbearable computational load. Thus, multiple linear
regression is selected as the online update approach.

The workflow of schematic is described as:

1. Train offline predictive models using the historical dataset;

2. Learn weights and constant term of the online model by linear regression, with
historical offline model predictions as inputs and historical measured output values
as output;

3. A new data point to be predicted comes;

4. Make predictions for the new data point with offline predictive models, sepa-
rately;

5. Offline predictions are combined linearly to form an updated online prediction.
The model combination weights and constant are learned in Step 2.

The schematic of the soft sensor online updated approach is shown in Figure 4.1.
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Figure 4.1: Schematic of smart online soft sensor

Now, we describe the model online update procedure in more details with two
offline predictive models. This procedure can be extended to multiple offline models
and shrinked to one offline model. We introduce the notations at the very beginning
with descriptions of the implementation procedures.

Assume there are N data points in the historical dataset and each input sample
contains p variables. Xy, denotes historical inputs, and Yy.; denotes historical
outputs. f; and f5 denote two offline predictive models. O; and Oy denote historical
predictions from offline predictive models f; and f;, respectively.

The historical inputs in Xy, are represented as:

T11 T12 r13 ... T1p
T21 T2 Tog ... Tap
IN1 TN2 IN3 ... INp

The historical outputs in Yy, are represented as:



Then, we train separate offline models on historical data, and obtain two separate
offline models, O; = fi(X) and Oy = f5(X). With those two offline models, we
could also have offline predictions on historical data, say Oqnx1 and Osnx1, which

are regarded as a new dataset, denoted by matrix Opxs:

011 012
021 022
ON1 OnN2

The online updates are based on the offline historical predictions Opyys. Then, the
online model update weights §; and (5, and constant term (3, are learned by linear

regression, with Oy as inputs and Yy« as outputs:
Y = By + 101 + 20, (4.4)

Thus far, the model of offline soft sensor and the online update models have been
built. We now demonstrate how it make predictions. x,., denotes the new input to
be predicted, which is of p dimensions. O1,e, and Oagy,e, denote predictions of e,
from the two offline predictive models. ¥,., denotes the updated online prediction
through stacking online soft sensor. There could potentially be two predictions for
Tpew from offline predictive models: 01pew = f1(ZTnew) and 0opew = fo(Tnew)-

Finally, update or correct the prediction with Equation 4.5 online as the final
prediction for x,e.:

/y\new = ﬁ(] + Blolnew + ﬁ202new (45)

where (1, (B2 and Sy are coefficients of the linear regression model trained before,
which is at the second level or online. This is a case of two offline predictive models.
If there are more offline predictive models, coefficients should be extended accordingly
and there is one constant term. For ease of implementation, we only deploy linear
regression as the second level model, without adding non-negativity constraints. S-
ince those offline predictions are independent of each other, the absolute value of
coefficients such as ; and (3, are interpreted as how much the corresponding offline
prediction contributes to the final prediction. The signs of the coefficients, which
could be positive, 0, or negative, and the constant term, play the role of combining

the weighted offline predictions to adjust the bias of the prediction.
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4.4.2 Practicability and scalability of the designed soft sensor

In this subsection, we show that the designed soft sensor approach is practicable and

scalable from an implementation perspective.

Practicability

The weights and constant term are learned online by a simple linear model, which
is easy to implement. We also observe that the proposed soft sensor does not rely
on the model reconstruction of the offline predictive models, because the training
of online simple model only uses offline historical predictions and historical outputs.
Compared with complex or reconstructed models, this online update approach is fast,
since the online model is simple. Moreover, the dimension of the dataset it needs to
train the online model is equal to the number of offline models, which is expected to
be less than the dimension of the inputs of offline models in practice. Therefore, there

is no computation speed and storage issue, and hence, is practicable to implement.

Scalability

The number of offline models that can be used is flexible. If there are many offline
models, each performs offline predictions separately. These independent predictions
are then used as inputs in the online level to obtain a final prediction. When an offline
model needs to be maintained or removed, the corresponding variable is removed in
the online model, so it does not contribute to the final prediction. The online equa-
tion just needs to be retrained again with corresponding historical measurements and
historical offline predictions. If one more offline model is added, only a column of
data is added online as an additional feature for the online equation, and the online
equation is updated by training a multiple linear regression model again. Note that
the data for online equation are historical offline predictions and historical measure-
ments. The number of historical offline predictions is equal to the number of offline
predictive models, which is not large in practice. Thus, the dataset to train online
equation is small. Also, the online equation is a multiple linear regression model, and
hence, it is fast to retrain.

If there is only one offline model, it is the case of simple online model correction ap-

proach. The single offline prediction is corrected automatically via a linear regression
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model, by using the information from its historical predictions and real measurements.

4.5 Application of stacking online soft sensor in
SAGD process

This section demonstrates the usefulness of the proposed stacking online soft sensor,
for two different applications in SAGD process.

In this regard, we apply multiple types of offline predictive models, which could
compensate for each other. For the first level models or offline predictive models, we
choose the pair of PLSR and GPR, as well as the pair of PLSR and SVR. Because
PLSR can compensate for SVR and GPR, separately. PLSR could do dimensionality
reduction, keeping the main information and explaining the linear relationship. GPR
considers the similarity of inputs and the kernel explains the nonlinearity well. SVR
does feature expansion with a kernel inside.

In order to evaluate the performance, prediction of the proposed soft sensor is com-
pared with each offline prediction separately. In the applications under consideration,
we show the results of testing data, or out-of-sample data. Statistical metrics such as
Mean Absolute Error (MAE) and Mean Squared Error (MSE) of offline predictions
and online updated predictions are calculated on testing data. Relative Improvement
(RI) of these metrics are also evaluated to demonstrate the improvement of online
predictions from offline predictions, which is defined as:

metric of online prediction —metric of of fline prediction*loo

(4.6)

RI = (-1
(=1) metric of of fline prediction

4.5.1 Case Study 1: Automatic Model Switching

We first demonstrate the application on a dataset of a simulated SAGD process. In
this case, we show that online update approach designed here plays a role of automatic
online switching of offline predictive models, while simultaneously keeping the good
offline model predictions.

We make predictions of Annulus Reservoir Pressure. Offline soft sensor models

are Gaussian Process (GP) and Partial Least Squares Regression (PLSR). Gaussian
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Process is chosen since it is a Bayesian modelling approach as well as a correlation-
based model, which is useful in solving the regression problem. Partial Least Squares
Regression (PLSR) is chosen for its ability to perform dimensionality reduction, and
also for its potential usefulness in soft sensor applications. These models work in
different perspectives and could compensate for each other. As described before,
online update approach is multiple linear regression.

We show three separate testing cases on this simulated dataset. Since it is a soft
sensor application, training and testing datasets are divided chronologically. The
training and testing periods along with timeline are shown in Figure 4.2. In the first
period, we have 200 training samples and 200 testing samples. In the second and
third period, we have 450 training samples and 240 testing samples, as well as 550
training samples and 240 testing samples, respectively. In different training periods,
the offline predictive models are retrained with the available training data in that
period. The retrained offline predictions are tested with testing data of that period.
The online linear model coefficients are also retrained with offline predictions and
historical outputs in that training period. The online predictions are tested using

testing data in that period.

Timeline

Test Period 1

1
1
1
1
.
1
1
1

o o o
- Ll | L

Train Period 2 Test Period 2

F 3
v

Train Period 3 Test Period 3

Figure 4.2: Training and testing data partition along with timeline

The description of inputs or features and outputs of simulated dataset is shown

in Table 4.1.
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Table 4.1: Description of variables of simulated dataset

Variable Name Units
Output Annulus Reservoir Pressure psia
Feature 1 Injection Tubing Pressure psia

Feature 2 | Injection Tubing Temperature deg F
Feature 3 Water Injected Flowrate STB/day
Feature 4 Liquid Produced Flowrate STB/day

The testing results of three chronologically partitioned periods, which are shown
in Figure 4.2, are demonstrated below. In each period, the results are demonstrated
in terms of online equation which is learned from training data, as well as prediction

plots and statistical metrics on testing data.

Period1
First, we present the model update equation learned online using training data

(historical offline predictions and historical measured values):
y (online prediction) = 0.99925 x O; (PLSR of fline prediction)
+0.00148 x Oy (GP of fline prediction) (4.7)
—0.15738 (constant term)

Equation 4.7 shows that the PLSR model has larger weight than GPR model.
PLSR almost dominates the updated prediction in this period.
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Figure 4.3: Performance on test data in Period 1

Figure 4.3 shows the test results in Period 1. We see that PLSR follows the
trend of true value very well while GP performs worse than PLSR in this period. The
updated prediction is very close to the PLSR prediction since PLSR has larger weight
and dominates the final prediction. Therefore, in this period, the online prediction
“switches” to offline PLSR model.

The statistical metrics on testing data are presented in Table 4.2. The Relative
Improvement (RI) from GPR is a large value, but the RI from PLSR is very small.
Because GPR has not performed well and PLSR has performed well in this period.
These RlIs indicate that the online prediction or the automatic “switch” does not lose

performance; instead, there is even slight improvement in this period.

Table 4.2: Statistical metrics on test data in Period 1

Test MAE | Test MSE
Offline GP 0.76722 0.79187
Offline PLSR 0.21454 0.07429
Online Prediction | 0.21411 0.07405
RI from GP 72.092% 90.648%
RI from PLSR 0.200% 0.323%
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Period2
We continue to Period 2. We train and predict the model with the same hyperpa-
rameter settings as Period 1. We first show the learned online model update equation
using training data, written as Equation 4.8:
y (online prediction) = —0.09116 x Oy (PLSR of fline prediction)
+1.15640 x Oy (GP of fline prediction) (4.8)
— 13.91435 (constant term)
From the above equation, we see that in this period, GPR dominates the final

prediction and it has larger absolute value of weight than that of PLSR. It is different

from the case in Period 1, where PLSR dominates the final prediction.

e Test Period 2
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0
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Figure 4.4: Performance on test data in Period 2

From Figure 4.4, it can be observed that the updated predictions are very close to
GPR predictions, and they are dominated by GPR, because most of the black stars
almost lie on the blue line.

GPR predictions are closer to true values than PLSR predictions. The blue line is
closer to the red line than the green line. It can also be observed from the statistical

metrics presented in Table 4.3.
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Table 4.3: Statistical metrics on test data in Period 2

Test MAE | Test MSE
Offline GP 0.18804 0.05307
Offline PLSR 0.20923 0.06259
Online Prediction | 0.18274 0.05106
RI from GP 2.818% 3.787%
RI from PLSR | 12.660% 18.421%

From Table 4.3, it can be seen that GPR performs better than PLSR in this
period, and the online predictions have improvements from both offline predictive
models. Recall that in the first period, PLSR dominates the final prediction, however,
GPR dominates in the second period. We do not need to determine the dominated
model manually, and the online update approach could choose the dominated one or

“switch” automatically.

Period3
We follow the procedure as followed in previous periods. In Period 3, offline mod-
els keep their previous hyperparameter settings, without retuning hyperparameters.

Firstly, the online model update equation is shown in Equation 4.9:
y (online prediction) = —0.08315 x O; (PLSR of fline prediction)
+1.14005 x Oy (GP  of fline prediction) (4.9)
—12.13169 (constan term)

We learn from Equation 4.9 that in this period, GPR also dominates the final
prediction, and PLSR contributes much less, since the former has larger absolute
value of weight. This equation is learned from training data. The conclusion that
GPR dominates the online prediction, should also be validated in test data. Figure

4.5 shows the prediction plot of two offline models and the online update prediction

on test data of Period 3.
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Figure 4.5: Performance on test data in Period 3

In Figure 4.5, black stars almost lie on the blue line, meaning that online updated

predictions are closer to GPR offline predictions than PLSR offline predictions. Also,

the figure illustrates that GPR offline predictions perform better than PLSR offline

predictions. Because the blue line is closer to the red line than the green line overall.

Now, let us see the statistical metrics in Table 4.4.

Table 4.4: Statistical metrics on test data in Period 3

Test MAE | Test MSE
Offline GP 0.28263 0.13567
Offline PLSR 0.34561 0.19946
Online Prediction 0.27494 0.13095
RI from GP 2.720% 3.479%
RI from PLSR 20.447% 34.347%

In Period 3, it has similar performance to that of Period 2. GPR performs better

and the online approach keeps this from Period 2 to Period 3, without switching

models. Moreover, it makes slight improvements simultaneously while keeping the

dominated model.
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So, in this study case, from the above analysis of the 3 testing results, we show
that the online model updated approach not only plays the role of an automatic offline
model “switch”, but also makes improvements from any offline predictive model. The
online model equation is changing when dataset are updated, and it is learned online

automatically.

4.5.2 Case Study 2: Model Performance Improvement

In this case study, we validate the online model update approach via an industrial
dataset. This study case emphasizes that the online predictions are improved sig-
nificantly from offline predictions. Training dataset contains 2,000 data points and
testing dataset contains 800 data points. Both of them have 18 features coming from
a well-pair for the development of water content soft sensor in SAGD process. The
output variable is water content. For data proprietary, the name and units of features
for predicting output are not listed, and also, only normalized results are reported in
the plot and statistical metrics.

PLSR and SVR are selected as offline soft sensor models based on experience.
PLSR is selected for dimensionality reduction, and SVR is selected for its idea of
feature expansion. Those two models compensate for each other according to their
model characteristics. A compensation of them is expected online.

Online model update equation learned on industrial training dataset:

y (online prediction) = 0.35191 x O; (PLSR of fline prediction)
+1.10563 x Oy (SVR of fline prediction) (4.10)
—0.21650 (constant term)

Online model update equation learned from training data is presented in Equation
4.10. We observe that though SVR dominates the prediction, PLSR still contributes
noticeably. Table 4.5 shows the statistical metrics on test data. We see that in
view of MAE, PLSR performs slightly better than SVR, whereas in view of MSE,
SVR performs better than PLSR. This occurs for the reason that MSE performs
the calculation of square of the error before averaging whereas MAE only does an

absolute value calculation, and therefore MSE penalizes more about larger errors.

SVR not only performs feature expansion, but also performs an e-regression, which
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was introduced in subsection 4.3.3.

Table 4.5: Statistical metrics on industrial test data

Test MAE | Test MSE
Offline SVR 0.38704 0.20691
Offline PLSR 0.36722 0.37824

Online Prediction | 0.27587 0.15479

RI from SVR 28.723% 25.189%

RI from PLSR | 24.876% 59.076%

We learn from Rls in Table 4.5, that the predictions of online updated approach
perform better than either of the offline model considerably. Also, this is demonstrat-

ed by Figure 4.6.
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Figure 4.6: Performance on industrial test data

This case study shows that the model online approach could ensemble offline mod-

els and make better predictions than either offline model, since the two offline models
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could compensate for each other in their model characteristics.

4.6 Conclusions

In this chapter, the stacking online soft sensor in SAGD process is proposed, for
the purpose of correcting the offline model predictions. This soft sensor applies the
idea of stacking models, conducting a two-level hierarchy of models. The first level
contains offline predictive models, and the second level provides online update or
corrections using a linear regression model. Also, the practicability and scalability
of the proposed soft sensor are discussed. The online update approach is chosen as
linear regression because it is a simple model and easy to implement. Then, two case
studies are presented to validate the effectiveness of the proposed soft sensor in SAGD
process. The first case study shows that this stacking online soft sensor could play the
role of an automatic online switch, while keeping the offline prediction performance.
The second case study shows that the proposed soft sensor could make use of the

advantages of different models and improve the performance of the combined models.
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Chapter 5

Conclusions

5.1 Summary of This Thesis

This thesis focuses on data mining and optimization in SAGD process. Chapter 1
included motivation, contributions and outline of this thesis.

Machine learning is a popular topic recently, and has wide applications in Image
Processing and Natural Language Processing. In Chapter 2, a comparative study
of multiple popularly used machine learning algorithms are performed in oil sands
subcool monitoring. Regression models were built, with subcool as the predictive
variable, and injection casing pressure, injection tubing pressure, injection casing
flowrate, injection tubing flowrate and pump frequency as input variables. The wide-
ly used machine learning algorithms with good practical merit compared in this study
case were Deep Learning, Gradient Boosted Decision Trees, Random Forest, Support
Vector Regression, as well as Ridge Regression and Multiple Linear Regression. This
chapter discussed advantages of these algorithms by analyzing the results. Also, in-
vestigation of original data with a different set of results showed that priori knowledge
and data quality should be taken into consideration while using machine learning to
perform data analytics in oil sands problems.

Chapter 3 proposed a method called Locally Weighted Quadratic Regression based
Bayesian Optimization (LWQRBO). This method inherits the framework of Bayesian
Optimization with Expected Improvement. Locally weighted quadratic regression
was applied to build the surrogate model. Genetic Algorithm (GA) was applied as a
subsolver to maximize Expected Improvement for determining the next sample point

within the optimization algorithm. Two numerical case studies were applied to test
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its performance. Further, the proposed LWQRBO was applied to solve the SAGD
optimization problem.

Soft sensors play an important role in SAGD process, especially when hardware
sensors are not available. Chapter 4 presented the design of a stacking online soft
sensor. It was inspired by the idea of stacking models, so it is called stacking online
soft sensor. This design consists of two levels of models. Models which could compen-
sate for each other were deployed as the first level models. Multiple linear regression
was deployed as the second level model, since it is simple and easy to implement.
Two case studies, Annul Reservoir Pressure soft sensor application and Water Con-

tent soft sensor application, were presented to validate its usefulness in SAGD process.

5.2 Directions for Future Work

Future work can be extended in two directions, Bayesian Optimization in SAGD
process and Ensemble models for soft sensor.

1. Though the framework of Bayesian Optimization has been well established,
many components could be modified, especially the surrogate model and the figure
of merit to sample the next iteration point. They could be adjusted accordingly since
the choice of model and the figure of merit depend on the problem or the process
that we are interested in. The work of [51] can be used as a guide for adjustments of
components in the existing framework.

2. Inspired by the sampling strategy in Bayesian Optimization, the idea of
Bayesian can be considered to be embedded into the MPC framework, by adding
a Bayesian component into existing MPC, or be embedded into the adaptive optimal
control framework. More research and literature review should be done on this.

3. Model error correction methods or cascade modelling approaches can be con-
sidered for the improvement of soft sensor approaches. Bayesian model ensemble
method is also a choice to improve soft sensor performance.

4. The ensemble of feature extraction (slow features or fast features) and stacking
model is a promising direction. Different models could be used to process different

types of features or extracted features.
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