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Abstract

In this work the aim is developing LSSVM-PSO model capable of capturing the interplay
between the most influential parameters (mechanisms) and recovery factor (RF) of WAG process
in layered reservoirs. In a previous work 1840 Black Oil Model simulations were run for a 2D
model with multiple layers, an injector and a producer, and used to derive a dimensionless number
correlating reservoir heterogeneity, WAG hysteresis, gravity, mobility ratio and WAG ratio to
predict recovery factor (as measured after 1.5 injected pore volumes). Given that only one
parameter, the dimensionless number, was used to correlate RF, a significant data scatter was
observed.

In this work the database is expanded by running 824 new simulations using new hysteresis
parameters values. The Machine Learning algorithm Least Squares Support Vector Machine
(LSSVM) is used to correlate RF with representative input parameters, such as characteristic
mobility ratios, gravity numbers, heterogeneity factor and more. The appropriate number of
effective input parameters was obtained by reducing the set of independent input parameters to
dimensionless groups. Particle Swarm Optimization was used to optimize the LSSVM algorithm
parameters.

The trained LSSVM-PSO model could serve as an effective screening tool in uncovering
important trends of parameter variation and improve the efficacy of uncertainty analyses.
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Nomenclature

Tg—hc

Ttot
Tcycle
Tw—hc

a

N R € «

mobility of the displacing fluid, (Pa * s)™!
mobility of the displaced fluid, (Pa = s)™!
phase mobility, (Pa * s)™!

interfacial tension, IFT (N/m)

capillary number

Darcy velocity (m/s)

volumetric sweep efficiency

volumetric (macroscopic) sweep efficiency
Viscosity, Pa * s

phase density, kg/m?

density difference, kg/m?

Lands's trapping parameter

heterogeneity multiplier

gravity multiplier

relative permeability

relative permeability endpoints

horizontal and vertical absolute permeability, m

distance from injector to producer, m
width of reservoir, m

total height of reservoir, m

mobility ratio

Pore volume, m3

layer height, m

simple characteristic three phase mobility ratio

total injection time

Corey exponents,

gravity number

water volume fraction in a wag cycle
local phase saturation

residual phase saturation

normalized saturation

time, seconds

gas half-cycle length, seconds

Total injection time, seconds

Total WAG cycle length, days

water half-cycle length, seconds
hysteresis parameter

time scale, seconds

porosity

horizontal direction towards producer, m
vertical direction downwards, m

Subscripts and Superscripts

* = characteristic value,
1pv = 1PV
arit = arithmetic
g = g@as
G = gravity
harm = harmonic
i = phase
j = layer
o = oil
res = residence
init = initial reservoir conditions
seg = segregation
T = total
w = water
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Chapter 1

Introduction

1.1 Background and Motivation

About two thirds of worldwide oil production belongs to mature fields, and production
amount from new discovered fields is on a steady decline (O’Brien et al. 2016). This makes
reconsideration of mature fields’ potential more relevant. To optimize production of such fields,
EOR technologies are widely applied across the world. Thermal and chemical EOR projects
dominate in sandstone reservoirs while gas injection and water-based methods are primarily used
in carbonates (Manrique et al. 2010).

In Figure 1. 1 we see a resource overview for the largest oil fields on the Norwegian
Continental Shelf (NCS), which comprises produced oil, remaining oil reserves, and (expected)
amount of residual oil once planned production stage ends.
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Figure 1. 1 — Resource overview for fields, information by 31.12.2018 (NPD 2019)

Many large fields on NCS are now in a mature phase and have produced large percentage
of their original reserves. In Figure 1. 2 we see the proportion of remaining oil reserves for a
number of fields relative to original. The size of the circles indicates remaining reserves. That
means some greener fields as Johan Sverdrup and Johan Castberg in the North and Barents Seas



respectively appear on left side of the plot. They are under development and will contribute to a
continued high level of production during the 2020s (NPD 2019). Mature fields took place on the
right side of the graph and proportion of their remained reserves relative to initial ones has gone
lower over the years. However, some fields such Snorre, Valhall, Heidun still have considerable
reserves even relative to some of greener fields.
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Figure 1. 2— Remaining proportion of the original oil reserves and the size of remaining oil reserves (NPD 2019)
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In 2017 the technical potential in 27 fields was reported by Norwegian Petroleum
Directorate (NPD) and that number was expanded till 46 fields in 2019 (NPD 2019). The technical
potential of the implementation of EOR methods to adopt to an existing or planned facility on
fields were ranked by operator companies. A flat oil price of 60 USD per barrel and discount rate
of 7% has been used for economics analysis. Scaled EOR potential for each field is presented in
Figure 1. 3. Scaling factor which is used for calculating scaled volumes is estimated by combining
operational and economic factor with values from 0 to 1 for each of the methods. From the Figure
1. 3 we can see that gas-based Water Alternating Gas (WAG) injection has high potential mainly
for fields with existing equipment for its implementation. Also, low-salinity water and smart water
injection are listed as high rank ones.

With situation of oil price of USD 30 per barrel to date 14.04.2020, concentration on
mature fields is reasonable. For example, one of the effects of the price decline is that in 2015,
many international and independent projects struggled to generate enough cash to generate enough
cash to cover their spending and dividends, even as they severely cut spending and greenfield
projects. Four of the biggest oil companies (Royal Dutch Shell, BP LC, Exxon Mobil Corp. and
Chevron Corp.), outstripped cash flow by more than a combined USD 20 billion during the first
half of 2015 (Sarah Kent, Justin Scheck 2015).

Based on facts described above, studying EOR methods and developing tools for
diminishing complexity of decision-making process on implementing them are actual these days.

1.2 Thesis objectives and novelty

The objectives correspond to answering the following questions:
e How well can the LSSVM-PSO model predict WAG performance in comparison to model
of previous work based on one dimensionless number?

e How does convergence behavior depend on the number of selected dataset fractions for
LSSVM-PSO model?

e How good is the prediction efficiency when previously constant WAG cycle length
changes?
e How can hysteresis parameters be chosen to achieve desired hysteresis effect?

The novelty characteristics of this work can be summarized in these forms:

e Creation of LSSVM algorithm-based model for the WAG efficiency evaluation purpose.
e The trained LSSVM model could be an effective tool in uncovering important trends of
parameter variation and improve the efficacy of uncertainty analyses.

11



Chapter 2

Theoretical part of work

2.1 Introduction to WAG process

Conventional water and gas injection methods are well known as secondary recovery
methods. At the same time, those methods can lack of efficiency that lead to major problems in
conditions of unfavorable mobility ratio between oil and displacing phase or low displacement
effectiveness. During the displacement process of gasflooding gas fingering can be caused by
inefficient mobility ratio leading to reduction of sweep efficiency. Also, presence of indications of
heterogeneity as fractures, high permeable layers might cause early breakthrough of gas into
production wells. Therefore, cyclic injection of water slugs along with gas slugs helps to maintain
front stability and improve volumetric sweep efficiency.

One of the important mechanisms in displacing process is gravity segregation. It is very
high for gasflooding process due to high difference between densities of the phases, which
negatively affects volumetric sweep efficiency even microscopic sweep is higher in zones
contacted by the displacing flood than that for waterflooding. For waterflooding gravity
segregation has less effect because of less difference between water and oil densities in comparison
to previous case. WAG injection process limits the negative effect of gravity segregation and it is
not that severe as in pure gasflooding process and still allows to have higher displacement
efficiency than in waterflooding process.

Water Alternating Gas (WAG) method was introduced to overcome problems with
mobility ratio between oil and injected gas in gas flooding due to low viscosity and high relative
permeability of gas (Green and Willhite 2018). Injection of water helps to stabilize the flooding
front through enhancing macroscopic sweep efficiency, while injection of gas contributes to
improved microscopic sweep efficiency of the contacted reservoir regions (Christensen, Stenby’,
and Skauge 2001). In other words, WAG utilizes the advantages of two traditional methods whilst
minimizing their individual downsides.

WAG method has different types based on process driving mechanism and fluids
implementation. The Figure 2. 1 shows water alternating gas method types based on variation of
different attributes.

Based on process, this EOR method is separated into three types. Conventional WAG
involves cycles of water and gas alternately injected as shown in Figure 2. 2. In hybrid CO>
+WAG, the conventional WAG process is modified with cycles of CO> injection. Simultaneous
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Water and Gas injection (SWAG) encompasses a surface-prepared mixture of water and gas that
is injected into the reservoir. Despite their differences SWAG is still classified as a WAG process

type.

WAG Attributes
Process Fluid
[
—|7
[ | _ [ | S
WAG Hybrid CO,+WAG Simultaneous Injection | Gas Liquid
(HWAG or DUWAG) (SWAG)
Immiscible (IWAG) Water (WAG)
Miscible (MWAG) LSW (Low Salinity Water)
CO, (CO,-WAG) Polymer Additives (PWAG)

Foam (FAWAG) Surfactant Additives

Steam (WASP) Emulsions (EWAG)

Figure 2. 1- Variations of WAG processes based on different attributes (Afzali, Rezaei, and Zendehboudi 2018)

WAG Producer

| |

Gas + Qil

Water + Gas + 0Qil

Water + Qil

Figure 2. 2— Schematic representation of immiscible WAG injection in a reservoir (Bourgeois, Joubert, and
Dominguez 2019)

There are multiple WAG types as dependent on fluid type and composition. However,
the most relevant classification is whether the injected gas cycles experience miscibility conditions
or not. Hence, they are commonly referred to as miscible WAG (MWAG) or immiscible WAG
(IWAG) processes. Schematic illustrations of both methods are shown in Figure 2. 2 and Figure
2. 3. The main difference of two figures is presence of miscible zone for MWAG. WAG
miscibility is highly dictated by reservoir conditions (temperature, pressure, and depth) and the
properties of the displaced phase (oil) and injected fluids (water and gas). As oil and gas approach
miscibility, significant mass transfer occurs. While mass transfer in immiscible process is limited
to gas being dissolved in oil, in the miscible process both gas and oil have mass transfer with each
other, thus ultimately becoming practically the same phase. The conditions that enables miscibility
during WAG injection involves increasing the concentration of light components in the injected
gas to reach the Minimum Miscibility Concentration (MMC), or by maintaining a sufficiently high
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pressure above the Minimum Miscibility Pressure (MMP), or a combination of these (Green and
Willhite 2018).

l Gas segregation to the top helps to achieve a '
better miscible displacement

\w

\
\

\
Residual oil resulted from waterflooding The lower part of the formation is mainly
is further reduced after gas injection contacted by water

Figure 2. 3— Schematic representation of miscible WAG injection in a reservoir (modified after Luis et al.)

To successfully design any EOR strategy, understanding the main mechanisms is highly
important not only in terms of resulting recovery factor but also economic feasibility of overall
project. The WAG mechanisms, and the underlying processes, can be quite comprehensive in
terms of its physics and subsurface uncertainties. Moreover, its overall efficiency depends on when
it was implemented, ie. whether it was implemented as a secondary or tertiary process of the
lifecycles of the field.

There are mechanisms of WAG process, which can improve oil recovery factor

e Improved volumetric sweep by water following gas.

e Oil viscosity reduction resulting from gas dissolution.

e Oil swelling by dissolved gas.

e Interfacial tension (IFT) reduction.

e Residual oil saturation reduction due to three-phase and hysteresis effects.

The intended purpose of WAG mechanisms is to improve displacement efficiency of
reservoir fluids, as compared to single phase flooding processes. This can happen by decreasing
the mobility ratio M (normally M>>1 for gas flooding), which is defined as follows:

)
M = T (1.1)
where Aj, is the mobility of the displacing fluid (water or gas) and 4, is the mobility of the
displaced fluid (e.g., oil). M affects both macro- and micro- sweep efficiencies. This is important
parameter as it directly affects to the volumetric (macroscopic) sweep efficiency (E,).
The improvement in displacement efficiency can also happen by increasing the capillary
number (N,,), which is given by:

Neg = o (1.2)
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where ¢ is the interfacial tension, IFT (N/m), u refers to the viscosity of the displacing fluid (Pa.s),
and Jis the Darcy velocity (m/s). The capillary number is connected to microscopic
(displacement) sweep efficiency (E,;), as high N, contributes to easier displacement of residual
oil from the pores (Afzali, Rezaei, and Zendehboudi 2018).

Most of the EOR methods that aim to increase the capillary number is focused on
decreasing the interfacial tension between the displacing and displaced fluids. Examples of where
this happens is for surfactant and thermal EOR methods. In case of miscible WAG displacement,
capillary number can go towards infinity as complete miscibility assumes almost zero interfacial
tension between gas and oil. The total oil recovery efficiency (E) results from a combination of
both microscopic displacement efficiency (E;) and volumetric sweep efficiency (E,,):

E=E,*E, (1.3)

In this thesis IWAG process is considered for simplification purpose. Injecting water and
gas in an alternating way will result in complicated saturation behavior in the reservoir, since gas
and water saturations will tend to fluctuate as they are cyclically injected. This gives rise to three
phase relative permeability behavior (oil, gas and water), which will need to be described through
various correlations. The relative permeability can also be cycle dependent. (Larsen and Skauge
1998).

There are variety of reservoir properties and parameters influencing the WAG process
efficiency according to literature. Common factors presented in the literature are reservoir
heterogeneity, relative permeability, hysteresis, wettability, and gravity. The failure of EOR
projects are often connected to reservoirs with high heterogeneity. High stratification of reservoirs
makes gas injection process uneconomical in majority of cases because of problems of early gas
breakthrough. Properties as flow connection between reservoir layers, stratification, relation of
viscous -to-gravity forces mainly control vertical displacement efficiency. The cross flow usually
negatively affects the displacement process and recovery factor Gravity segregation in
homogeneous models has adversary effect and leads to low recovery efficiency when single phase
injection is used. Immiscible WAG is applied in that situation. (Christensen, Stenby’, and Skauge
2001). In highly heterogeneous reservoirs, gravity effect can divert flow from high permeable
layers to low permeable layers. So, in heterogenous models low gravity effect can be basis of a
scenario when low permeable reservoir layers stay upswept. Also, ordinary techniques to calculate
relative permeability data is not correct to use in WAG due to its cyclic hysteresis nature. The
relative permeability gas, which is non-wetting phase, is more affected by the hysteresis (Afzali,
Rezaei, and Zendehboudi 2018). Hysteresis decreases gas mobility and gas-oil mobility ratio also
gets lower positively affecting recovery factor. Moreover, hysteresis reduced negative effect of
gravity segregation in homogeneous reservoirs. Land (1968) and Carlson (1980) models are widely
used to model relative permeability hysteresis. The wettability has been defined as a parameter
influencing as it impacts parameters like capillary pressure, relative permeability, dispersion, and
electrical properties (resistivity and conductivity). It is the most important for planning tertiary oil
recovery as surfactant flooding, miscible injections, alkaline flooding, and hot water flooding.
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2.2 Existing WAG experience

The first WAG field experience reported in literature was in 1957 in Canada according to Arne
Skauge, 2003. He wrote that preliminary portion of early projects including both MWAG and
IWAG were applied in territory of Canada, USA and former USSR. Recovery factor in 72 fields
reviewed by him are reported to have increased by 5 to 15 % of OIIP (Oil Originally In Place). It
was reported that 80% of the USA WAG field projects are positive (Sanchez 1999). In practice it
is quite hard to differentiate miscible and immiscible injection because of uncertainties in the
process itself when applied on field scale, however many cases were defined as miscible, referring
to multiple contact miscibility (Christensen, Stenby’, and Skauge 2001).

WAG is a difficult process, which may not be practical in reducing the fluids front
instabilities due to high completion costs, operational complexities. In case of alternating injection
of water after gas technique, water (higher density) will sweep the bottom part of the reservoir and
provides more stabilized flooding front by correcting mobility ratio. This is economically
profitable as it lowers gas volume required to be injected into the reservoir in comparison to pure
gas flooding method (Afzali, Rezaei, and Zendehboudi 2018).

WAG was successfully applied in many fields of Norwegian Continental Shelf (NSC) as
Gullfaks, Statfjord, South Brage, Snorre and Oseberg @st. WAG is more complicated in terms of
design and operational requirements in comparison to traditional water or gas injection. WAG
performance is highly sensitive to the injection strategies as injection well pattern, WAG ratio,
number of WAG cycles, volume of each cycle, and injection rate and pressure.

Different aspects considered during WAG design are injection gas type, injection pattern
and tapering. Gas type is mostly classified into three groups: CO2, hydrocarbons (HC) and non-
hydrocarbons. The most popular well pattern is “5 spots” for offshore projects, while for onshore
projects the placement of wells can be more flexible. Tapering means to increase or decrease the
WAG ratio as more WAG cycles are injected. but in most of the cases that was not planned, but
the result of unfavorable change of cycles duration while process management.

One of the operational problems, described in literature (Christensen, Stenby’, and
Skauge 2001) is early breakthrough in production wells, which usually happens as a result of lack
of understanding in terms of reservoir geology. Such that, ie. with "wrong" placement of wells,
gas channelling occurs. In some cases, failure to maintain high enough pressures lead to loss of
miscibility, and consequently quicker breakthrough of gas phase and lower than expected recovery
factor. Early breakthrough happened in Snorre field due to uncertainties in geology (Stenmark and
0. Andfossen 1995). Structural definition and degree of communication through faults and vertical
transmissibilities are the most influential reservoir data for the WAG pilot carried out at Gullfaks
(Dalen, Instefjord, and Kristensen 1995). Another is reduced injectivity of injection wells, which
can happen due to three-phase flow, reduced effect of thermal fractures during gas injection or
precipitates (hydrates and asphaltenes) formed in the near well zone. This becomes the reason for
the fast drop in pressures in the reservoir. Furthermore, severe corrosion problems are related with
COz injection WAG. In most cases these have been solved by using high-quality steel (different
kinds of stainless steels or ferritic steel), coating the pipes, and by better treatment of the

16



equipment. Asphaltene and hydrate formation can lead to problems both during injection and
production. However, the factors influencing the formation are better known for hydrates than for
asphaltenes. In addition, temperature differences in water and gas injection in WAG process have
resulted in stress related tubing failures at Rangely Weber and Brage fields (A. Skauge and A.
Berg 1997).

Summarizing the main parameters influenced to the success or failure of field WAG trails were:

e Lack of experience.

e Uncertainties in geology or poor knowledge about reservoir properties.

e Inappropriate parameters as injection well pattern, WAG ratio, number of WAG cycles,
volume of each cycle, and injection rate and pressure.

e Brine composition and salinity are important.

e Five-spot pattern is the most common strategy.

e The most common challenges in the WAG operation are early gas breakthrough, injectivity
loss, corrosion, and the chance of asphaltene precipitation and hydrates formation
(Christensen, Stenby’, and Skauge 2001);

e The most preferred WAG ratio is 1:1 in terms of optimal oil production. However, it
doesn’t make much influence on WAG performance in mixed wet reservoirs;

e Accurate three phase relative permeability model is required both for miscible and
immiscible gas injection processes;

e Wettability controls WAG performance. Optimal values of injection rate, WAG ratio,
number of cycles, brine salinity, and polymer additive concentration will be significantly
affected by the wettability (Afzali, Rezaei, and Zendehboudi 2018).

2.3 Applications of ML in Reservoir Engineering

Machine learning is described as a subfield of computer science that concentrates on
solving two types of practical problems by collecting the dataset and algorithmically building a
statistical model based on the dataset (Burkov 2019). Machine learning algorithms are categorized
as either using supervised, unsupervised or reinforced learning processes. Supervised learning is
the first category of ML, which finds relationship between the variables by dealing with labeled
datasets. As output and input data features are known initially makes dataset “labeled”. ML
algorithm uses input data with “X” features and has known corresponding output value as “Y”.
After algorithm captures patterns in a dataset, it generates a model. Then the model is tested on a
new dataset (testing dataset) to predict outputs using the same paternal laws/rules/behavior from
the previous dataset (training dataset) for evaluating its predictive power and accuracy (Theobald
2017). Finally, after training and testing parts have been successfully accomplished, the model can
be used for prediction in the world with unknown outputs (other datasets). Simplified schematic
illustration of forward model is presented on Figure 2. 4.
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Figure 2. 4— Scheme of prediction model

If the data is not fully classified or labeled, unsupervised learning algorithms are
implemented that will uncover patterns by itself. The most common technique is k-means
clustering, which groups data points that have similar features, ie. as illustrated in Figure 2. 5.
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Figure 2. 5- k-means clustering algorithm example

Reinforcement learning is the most advanced method among the ML categories, which is
due to its key feature of improving non-stop by getting information from the previous iterations.
In cases of supervised or unsupervised learning types, the final model is created after training and
test parts, which can be considered as an endpoint. Another feature of reinforcement learning is
performance assessment set in a way that grades the output as positive or negative depending on
the (desired) outcome, as opposed to tagging data as in cases of previously described ML
algorithms types. The model learns continuously, so in example of self-driving cars avoiding crash
will be evaluated as a positive grade and in case of chess game avoiding losing will be regarded
as a positive grade.

Machine learning (ML) tools are becoming more popular in the petroleum industry,
especially in geoscience (Lary et al. 2016) and reservoir engineering. The power of ML algorithms
can be useful for understanding the trends in complex dataset and provide multivariate (multi-input
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and one output), nonlinear, nonparametric regression or classification. It can take form of a variety
of algorithms as support vector machines (SVM), artificial neural networks (ANN), decision trees
(DT), random forests (RF), Genetic Algorithm (GA), case-based reasoning, self-organizing map
(SOM) etc.

ML based approach was used in many petroleum and reservoir engineering problems.
LSSVM (Least Squares Support Vector Machines) regression with radial basis kernel (RBK) and
GA (Generic Algorithms) for optimization was applied in estimation of gas hydrates formation
temperature (Baghban et al. 2016).

LSSVM regression with RBK and simplex optimization was used for determining the
natural gas density as function of pressure, temperature and molecular weight of gas. (Razavi et
al. 2018). They collected 1240 gas density points from the literature. The results showed low error
and deviation from actual data, which makes the model useful tool for engineers for estimation of
gas density in pipeline and dry gas reservoir calculations.

LSSVM regression with PSO (Particle Swarm Optimization) was implemented for
asphaltene precipitation prediction (Chamkalani et al. 2014). The main input parameters to the
prediction model were temperature, molecular weight, and dilution rate. The study also discussed
three other regression scaling models from works of Rassamdana and Sahimi (1996), Hu and Guo
(2001) and Ashoori et al (2003). In comparison to all three other models, prediction model
performed more accurately because of ability to fit high non-linearity in process. It was also
proposed to integrate LSSVM-PSO model with black oil simulators to increase the accuracy of the
prediction.

Multi-classifier LSSVM with RBK was used to capture high non-linear mapping
relationship between the well logging data and the lithology categories (Cheng, Guo, and Wu
2010). Kernel parameter and slack variables were optimized using PSO algorithm. The training
set consisted of 240 samples and 23 samples were used for testing.

With the rising interest in shale gas reservoirs due to technological and research
improvements of last decades, ML tools also started to be widely used in unconventional (non-
traditional) reserves development direction. One such work was provided by Tahmasebi,
Javadpour, and Sahimi, 2017. As shale gas reservoir projects involve more wells to be drilled, the
development complexities rise and in turn the economic prospects of such projects become
comprised of riskier investments. As such, identifying the most favorable spots for drilling
production wells (sweet spots) is of high importance. Sweet spots were considered in terms of
TOC (Total Hydrocarbon Content) and FI (Fracable Index) as high TOC ranging from 2% to 10%
correspond to high organic content and FI controls wells gas production capacity drilled on a shale
reservoir. Two ML methods as Multiple Linear Regression (MLR) and Neural Networks integrated
with fuzzy systems, resulting hybrid machine learning technique (HML) were used to predict TOC
and FI of shales based on wells logs. GA was used as an optimization algorithm as it can be used
when is discontinuous, non-differentiable, highly nonlinear, and even stochastic. HML technique
was observed to make much more accurate predictions for the TOC and FI, when compared with
those of the MLR method, However, both of proposed methods could not capture the whole

19



complexity of shale reservoirs as they show highly non-linear behavior. HML method was
designed to minimize the required knowledge as ML process can get not so optimistic with rising
complexity of models and computational burden following it.

These days ways of efficiently screening approaches for IOR/EOR selection
opportunities are widely discussed. ML based methods are also mentioned to be promising tools
and Neural Networks, Fuzzy Logic and Expert systems are often proposed for using exploration
and production operations (Alvarado et al. 2002).
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Chapter 3
Methodology

3.1 WAG efficiency characterization using dimensionless number

A study on WAG performance prediction was provided by Nygard and Andersen, 2020,
where 1600 Black Oil Model simulations were run for a 2D model with multiple layers, an injector
and a producer. The results were used to derive a dimensionless number correlating reservoir
heterogeneity, WAG hysteresis, gravity, mobility ratio and WAG ratio to predict recovery factor
(as measured after 1.5 injected pore volumes). Since reservoirs are involved with complicated
physical behavior, the idea was to use the knowledge about these mechanisms to analyze the WAG
process and related properties to ultimately develop a universal formula for mobility ratio M* for
prediction of recovery factor. A more general parameter My, 4, was used as starting point. The
development of M* was done in a stepwise process whereby the model complexity would
gradually increase as the model included more mechanisms. The mathematical description of the
scaling process is shown in Table 3.1.

Some constant parameters, also known as tuning parameters were developed to account
for uncertain (missing) knowledge about the processes and correlations, which is the common
practice in physics. This will be the basis for further works provided in this thesis.

Table 3. 1- Summary of mathematical description of mobility ratio based on key parameters and dependencies

Initial simplified Mobility ratio
7, 1-7,\""
My g6 = (MTW‘F e w) (3.1)
w/o g/o
where,
Aw Ko kT (Mow+1) (l_svj‘:]n?;zx) 3.2
il/Water: My, ,, = =2 ' .
OINRIEE: Mo = 3oy ™ b K ) (1 _soma ) &)
Sow,max
Sgr
H . x AZ _ &k%ax (nOg+1) (1_Sg,max)
OillGas:  Mgy,, = Tog g KN (g 1) (1_ Sorg ) (3.3)
Sog,max
Heterogeneity scaling
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Table 3. 2 — The tuning parameters that were determined from scaled simulation results

a, - 3 b, ,- 1 |bs,- 10
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Nygard and Andersen, 2020 collected all of their simulation results as in Figure 3. 1, were
Recovery Factor (RF) was plotted against My, 4. (left) and M™* (right). Comparing them, we see
that by only using My, 4. there is high variation of RF for a given value of of My, , (a range of
0.40 for My, 4; = 1 and a range of 0.20 for My, . = 100). This is because it does not account for
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heterogeneity, gravity or hysteresis, whereas dimensionless scaled M*effects accounts for these
effects, which is why we can observe that the data is much more collected, with RF scatter ranges
between 0.15 and 0.25. The values of M cover three orders of magnitude (original values of My, »¢
cover two) indicating the shift along the axis to compensate for the stated effects.
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Figure 3. 1- Overview of all simulation results plotted vs My ¢ (left) and M* (right) (Nygérd and Andersen 2020)

M™ was more effective in correlating the RF trends (Figure 3. 1), we can still observe
significant data scatter. Therefore, one of the objectives of the current work is to reduce this scatter
further by applying a model.

3.2 Work principle of Machine Learning and Optimization algorithms to be
applied on the problem

3.2.1. Least Squares Support Vector Machines (regression)

Support Vector Machines (SVM) is a supervised ML algorithm that has been widely used
in classification and nonlinear function estimation. However, the major disadvantage of SVM is
its higher computational load for the constrained optimization programming. This drawback has
been lowered with the Least Squares Support Vector Machine (LSSVM), which solves linear
equations instead of a quadratic programming problem.

Support vector machine (SVM) was developed by Vapnik, 1995 and was originally used
to solve classification problems by building hyperplanes in multidimensional spaces that separated
data which belong to different class labels. After proving itself useful the area of its application
was extended to cover regression problems. The solution of the SVM is unique and absent from
local minimums under some limited conditions. The algorithm maps the input vector, X, into a
high dimensional feature space, z, by building optimal separating hyperplanes in this higher
dimensional space. The mathematical description by is provided below.
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The support vector machine (SVM) is generally known as a strong mathematical approach
to create accurate and comprehensive correlation between the variables (or parameters) of a certain

mathematical problem.

A modified version of SVM named least squares-SVM(LS-SVM) was introduced by Suykens and
Vandewalle (1999). Like SVM, LS-SVM has a variety of applications in both regression and

classification cases. LSSVM normally lowers the run time and exhibits more adaptivity.

Key differences with between SVM and LSSVM:
e ¢ - insensitive cost replaced by quadratic error cost.
e Inequality constraint replaced by equality constraint.

The given finite sample data is represented as an array of D = {(xy,y,), ....

R™, y; € R (Hou, Yang, and An, 2009).

In LSSVM, the regression is expressed as a feature space representation (Suykens 2002):
yi = wlo(x;) + bwherex; ERPandy; ER (3.1)

For a given training set {x; , y;}., the optimization problem is described as:

. 1 1
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with Lagrange multipliers «;.

Conditions for optimality:
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y = [y ...;yN],Tz [1;...;1], @ = [ay; ...; ay]
and by applying Mercer's condition:

Qyj = (p(xl-)T<p(xj) = K(xl-,xj) , ,j=1,..,N (34
Resulting LS-SVM model for function estimation:

N
y() = ) ak@)+b  (35)
k=1
The final form of LSSVM is given by
[° L L b 0
| 1 K(x1;3.51) + e K(xl‘, xy) | a :ly}‘ 3.6)
[1 K(xy,x1) o K(xy,xy) +l Andnvinxr Wndvinx

V' (N+DX(N+1)

K (x4, x,) is a kernel function. Radial Basis Kernel function was selected for the problem in this
thesis:

K(x;,x;) = exp (— M) (3.7)

o2

Particle swarm optimization (PSO)

The LSSVM regularization parameter, ¥, and kernel parameter, a2 can be determined
through optimization technique such as Generic Algorithm (GA), Particle Swarm Optimization
(PSO), and Simulated Annealing (SA) by minimizing the objective function. In this study, Root
Mean Square Error (RMSE) between simulated "real" values and model-predicted values from
LSSVM is considered as objective function with PSO routine.

The Particle Swarm optimization is a meta-heuristic algorithm, which was inspired by
the social behavior of birds. It is an example of swarm intelligence, that can be used for optimizing
the LSSVM algorithm. The basic principle of PSO’s work is described according to Bozorg-
Haddad, Solgi, and Loéiciga (2017).

Creating the population of particles. In an N-dimensional optimization problem a particle is
specified as an array of size 1 x N, which is each possible solution of the optimization problem as
a particle:

Particle = X = (X1, X3, e, X, ey X)) (3.8)

where X = a possible solution of the optimization problem, x; = ith decision variable of solution
X, and N = number of decision variables. The PSO algorithm starts by generating a matrix of
particles
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X] Xj1 Xj 2 X XN ( )
M [ Xma1 Xm2 0 Xmi Xm,N

where X; = ith solution x; ; = ith decision variables of the jth solution, and M = population size.

Each particle moves through the decision space based on the individual best (Pbest) and global
best (Gbest) positions:

Pbest = (pj1,Djz ~»Pjir - Pjn), J=12,..,M (3.10)

where Pbest; = the best position of the jth particle and p; ;= the best position of the jth particle
in the ith dimension. The graphical illustration of the concept is shown in Figure 3. 2.

X3

3
L S > Pbest

F(Xa)> F(Xq), F(X3), F(Xs)

Vi
X.@ — -
|. Old position of the bird |

P1 }E1
Figure 3. 2 — The best individual position in a two-dimensional maximization problem (Bozorg-Haddad, Solgi, and
Lodiciga (2017)

Gbest is an array 1x N whose elements define the best position achieved in the swarm:

Gbest = (g1,92, - Gir -» IN)» all j (3.11)

where Gbest = the best position in the swarm’s history and g; = the best position in the swarm’s
history in the ith dimension. The graphical illustration of the concept is shown in Figure 3. 3.
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i— Gbest
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Particles’ Pbest —

F Fix
Figure 3. 3— The global best position in a maximization problem (Bozorg-Haddad, Solgi, and Loaiciga (2017)

Calculation of velocities. To update the position of each particle the particles’ velocities are used,
which are calculated based on Gbest and Pbest.
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The previous velocity of the jth particle (V}) is:
Vi=j1Vi2 Vi Vin)  J=12,.,M (3.12)

where v; ; = the velocity of the jth particle in the ith dimension that is calculated as follows:

vj("ilew) =w xv;; +C; X Rand X (pj; —x;;) + C; X Rand X (g; — x;;) (3.13)
j=12,..M, i=12.,N
where
vj("ilew) = the new velocity of the jth particle in the ith dimension;

v;; = the previous velocity of the jth particle in the ith dimension;

w = inertia weight parameter;

Rand = arandom value in the range [0,1];

C; = cognitive parameter, and C, =social parameter (C; and C, control the movement of Pbest
and Gbest toward an optimal point. C; = C, = 2 can be used.. Movement along different
directions towards Gbest and Pbest is possible if C; and C, are larger than one.

The particle’s velocity is limited by lower and upper bounds in the following manner:

vi<vr<v®, j=12,.,M, i=12,..,N (3.14)

where Vl.(L) and Vi(“)corresponds to the lower and upper bound of the velocity along the ith
dimension, respectively.
The inertia weight parameter may change as the algorithm progresses as follows:

w, = wg — [(W0 — wyp) X ﬂ t=12..,T (3.15)

where w,, refers to initial inertia weight, w; is inertia weight for the last iteration, and T is total
number of iterations. The values of w changes through the iterations.

The inertia weight parameter w has an important role in swarm convergence and affects the
velocity of individual particles in the swarm. Large or small values of w cause searching in a wide
or narrow space, respectively (Bozorg-Haddad, Solgi, and Loaiciga (2017).

Updating of particles positions.
X" = (%1, Xy s Xyn), J=12,.,M  (3.16)
X =x,; v, j=12,.,M, i=12,.,N (3.17)
where Xj(new)
solution. The M newly generated solutions replace all the old solutions.

= jth new solution and x;, = new value of ith decision variable of the jth new

Goodness of fit can be determined by one of these methods:
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1. The coefficient of determination (R?):

n 2
Z,_l(yobs,i - ymodel,i)
n = n
é 1
((ﬁ Z:;l yobs,i) - Ymodel,i)
i=1

The values of R? range from 0 to 1, corresponding to the worst and the best fit.

R?=1-—

(3.18)

2. Root Mean Square Error (RMSE), which is square root of Mean Squared Error (MSE):

2
Z?:l(yobs,i - ymodel,i)
n

RMSE = VMSE  (3.60)

MSE = (3.19)

Yexp aNd V10461 are the experimental and modeled values, respectively.
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3.3 Workflow

The proposed workflow for building LSSVM-PSO model is presented in Figure 3. 4.
Initially data analysis was provided to build the dataset which was used for creating LSSVM-PSO
model. Original dataset from previous work by was expanded (see more in Chapter 0).

Randomization of
dataset

Training Data Validation Data Testing Data
(T0%) (15%) (15%)

MNormalization of data

Employ initial values
Implement PSO and of (o%.¥)
select
hyperparameters
(o) Construct LSSVM

model

Test different number of
iterations
Meet stopping criterion?

Evaluate the model by
calculation of RMSE
of validation data

. Eemimn the LLSVM
Daterm_mf _ using optimum
Optimum ( ¢*,¥) (o®y)

LSSVM-PS0O
model

Figure 3. 4- LSSVM-PSO model building workflow
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Afterwards the randomized expanded dataset was divided into training, validation and
testing parts by fractions of 70, 15 and 15 %, respectively. Normalization of data was applied to
keep input data compatible to calculated RMSE values for each part of the dataset. Random initial
values were selected for hyperparameters (o,y) values. The training dataset was utilized to train
the LSSVM model by capturing patterns and rule in it. PSO was applied on LSSVM algorithm for
optimizing hyperparameter values by minimizing Root Mean Square Error (RMSE) between real
validation data output and predicted output by LSSVM. Instead of using RMSE value as stopping
criteria the optimization algorithm was tested with different numbers of iterations. That was a
decision made based on lack of knowledge about value of RMSE for validation dataset when
optimization process can be stopped. The optimal number of iterations was defined to be 50 with
10 particles based on stabilization of hyperparameters and RMSE curves. o, y values were selected
by analyzing RMSE curves behavior when different hyperparameters are were implemented.
Testing data is used to observe the model for predictive capability.

Then LSSVM is returned using the optimum values for hyperparameters. LSSVM-PSO
model is in the output.
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Chapter 4
Creating the dataset and building LSSVM-PSO model

4.1 Ildentification of the dataset

The reservoir model (system) that is used for simulations is stratified and contains layers
that align with the horizontal x-axis, which goes from injector to producer well. This is illustrated
in Figure 4. 1, where layering is distinguished by differences in horizontal permeability values.
The specific layered setup can be read from Table 4. 3. The layers are internally homogeneous
(uniform height, porosity, and permeability). The z-axis points downwards along the direction of
gravity, normal to the injector-producer path. Both wells are perforated along the entire reservoir
section. The applied grid properties and operational parameters are provided in Table 4. 1, while
fluid flow properties and input relative permeability functions can be seen from

Table 4. 2 and Figure 4. 2, respectively. The properties described herein remain the same
throughout the study.

z=20 )
K1, K21, 91 hy 'U =1)
Injection K2 Koz, 2 ha (G=2) Production
= =

Permeability | (PERMX)
ility | [mD]

Permeabi

Figure 4. 1— System geometry scheme (upper) and illustration of permeability in reservoir model (lower)
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Table 4. 1- Rock/grid properties and operational parameters

Ny, - 100 | Ly, m 1000] ¢;- 030 | Qu m¥d 10146] TWNC d 45
Ny, - 1 | L, m 100| h,m 3 Qg m¥d 10146 T9~hc g 45
N, - 81| L, m 8| N, 9 T© PVs 15

Table 4. 2— Reservoir flow properties

k76 = krow(Swi), - 0.25 Now » ~ 2
K7 = kpog(Sgi): - 0.25 Nog » - 2
ko = Ky (1 = Sorw), - 0.05 n, , - 2
kg™ = kyg(1 = Sorg), - 0.005 Ng - 2
Soir - 0.842 Sorws - 0.20
Swi = Swr - 0.158 Sorg: - 0.10
Sgi = Sgrs - 0.00

Table 4. 3— Specification of model heterogeneities. Patterns are indicated from to (j = 1) layer.

Model K, [mD] K, [mD] Fy
1 (base) [300] x9 [300] x9 1.0
2 [300, 100, 900] x3 [300, 100, 900] x3 2.1
3 [500, 50] x4, [500] [500, 50] x4, [500] 3.0
4 [1000, 20] x4, [1000] [1000, 20] x4, [1000] 12.9
0.3 0.06 0.3 0.006
---Krow (Sw) Krog (Sg)
N —Krw (Sw) . —Krg(sg)
0.2 | 0.04 02 | / 0.004
3 3 0w | / 2
= ¥ & / =
0.1 0.02 0.1 .. //' 0.002
A
0 0 0 L—— — 0
0.15 0.3 045 0.6 0.75 0 0.150.3045 0.6 075
Water saturation Gas saturation

Figure 4. 2— Input oil-water (left) and gas-oil (right) relative permeability functions

The main assumptions made regarding input parameters are:

e Compressibility and miscibility effects are ignored in the study

WAG is applied as a non-tertiary method, without any prior injection stage.

The data from 1648 WAG simulations of previous work (Nygard and Andersen 2020) was used,
together with 192 single-phase injection simulations, as an initial dataset. Both in previous and
current work, Eclipse was used for these simulation runs. The parameter combinations that was
used to produce these results (total 1840 simulations) are shown in
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Table 4. 4, which cover changes to heterogeneity, gravity and hysteresis effects.
Table 4. 4— Overview table of simulation experiments

Changing parameters values (in different combinations) Number of
Purpose Types runs
Fn Ap, kg/m?3 Fw C a | w, | K
1.00 0.33 20
) 2.09 0.50 4 1
H Scaling 3.00 1 067 | 1000000 | 0 | 1 | 05 460
eterogeneity
12.86 0 05 | 0.25
1
0.33 20
0.50 4 1
Scaling gravity | no heterogeneity 1 400 0.67 1000000 0 1 0.5 115
0 05 | 0.25
1
2.09 0.33 20
. . with 3.00 0.50 4 1
Scaling gravity . 400 100000 345
heterogeneity 12.86 0.67 1 0.5
05 | 0.25
1 0.33 0 20 4
\ ) 2.09 0.50 25 4 1
0 gravity+
heterogeneity 3.00 1 0.67 1 1 0.5 460
12.86 0 05 | 0.25
Scaling WAG 1
hysteresis 1 0.33 0 20
) ) 2.09 0.50 2.5 4 1
with gravity 75 400 0.67 1 1 | 05 460
+heterogeneity
12.86 0 05 | 0.25
1
Total 1840

Approach used for selection of input parameters for LSSVM-PSO model

The main idea for selecting input parameters was to consider all mechanisms that was
observed to have significant influence on recovery factor of WAG process. It was done in two
phases:

1. Formation of dataset based on simulations provided in previous study and main processes used
for scaling (Nygard and Andersen 2020);

2. Extending the dataset after dataset analysis by running additional simulations, to cover
parameter combinations that in previous work was not fully explored

For having the dataset sufficiently representing the key processes in the WAG process and limiting

number input parameters relating to the same output, effect of some process parameters must be

grouped into dimensionless numbers. That will allow the LSSVM model input parameters to be

not dependent on unit systems and efficiently represent maximum information with minimum

space and computational power consumed. The parameters for the initial dataset with justification

of their purpose is presented in Table 4. 5.
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Table 4. 5- Overview table of simulation experiments

# Parameter Symbol Purpose Type Scaling formula
1 arlt
logFy = log=—— Kharm 4.1
Describes effect of - 1
. . Ko =—Zh-K (4.2
Heterogeneity factor LogioFh changing . Sca_led x L 4 jfej (42)
. dimensionless
heterogeneity _1
Rharm — Z 43), L, Zh (4.4)
Kx]

2 | Hysteresis parameter a Contribution of Used directly

3 | Land trapping parameter Log1oC hysteresis Single Used directly

4 Input of altering dimensionless
WAG ratio rw water or gas Used directly

fraction.

5 (1-5)
Mobility ratio of water and Logao(Mw/o) . A_W _ &kmx (now +1) sW max/ 4 5y
gas IO Do KR (i + 1) (1 Sorw ) '

Sowmax
6 (g +1) ("5
- . . Ag Uo krg™ (nog +1 Sgmax
Mobility ratio of gas and oil Logio(Mglo M, =-2="2"9 g 9. 4.6
o Mg 00Ty gk (g 1) (1 e )
Sog,max
7 Mobility of oil, gas Scaled gw/lo L.L, YN b:h;
and water dimensionless Ny = :,e/s,, 4.7)  treg = % (4.8)
Gravity number of water/gas | Logio(Ng.w/0) seg w
prio o __HP (1 ! ) @9)
0 = RPN p g iy | T
8 £9/0 Ly Z7L djh
Ng/ = 22 (410)  th, ——“(4.11)
Gravity number of gas/oil Logi0(Ng.g/o) seg Qg
o= M0 (1, 1) 41
9 KPMAp g \Ay  Asg)
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Logarithm was used for some of the input parameters presented in Table 4. 5 to keep
compatibility with other parameters values.

To understand the distribution of selected input parameters and to estimate its quality,
paired scatter plots of initial input parameters was created (Figure 4. 3). They show the relation of
parameters between each other in all combinations. The plotted parameters are given by the top
column box and the right-most row box, which correspond to the plotted property on the y- and x-
axis, respectively.

For most parameters there is a uniform distribution in their value ranges, especially for
combinations concerning M and Ng parameters, as seen in Figure 4. 3. In the previous study,
hysteresis parameters C and a were selected primarily to cover two edge cases, namely "no
hysteresis" (a =2.5, C=0) and "strong hysteresis" (a« =0, C=100000) scenarios. This is why we see
parameter combinations for C and a not giving as good distribution as for other parameters. We
could use this opportunity to extend the dataset with some intermediate values for C and alpha,
that are within the previously used edge case values.

When preparing the input matrix for LSSVM, there was a challenge in defining
appropriate values for mobility and gravity numbers for the cases of single-phase injection of gas
or water. This was due to that at rw=1 values for Ng.g/o and Mg/o did not exist, similarly for
Ng.w/o and Mw/o at rw=0. This would create "gaps" in the dataset (the matrix used in ie. Eq. 3.6)
and require the LSSVM to handle those scenarios in some way, which might have made it biased
to our choices. Instead, to preserve LSSVM functionality as-is, "fake™ values were introduced
while keeping the RF value identical to that of the non-fake values, at the rw=1 and rw=0
endpoints. Basically, it meant that a scatter of "fake™ values was used together with the same RF
value, to try to make the LSSVM disregard somewhat the existence of ie. Ng.g/o and Mg/o at
rw=1. This is explained in detail below.

For each datapoint where Ng.g/o and Mg/o (or Ng.w/o and Mw/0) did not exist, four
datapoints were used. These were created in the following manner, where i=w or i=g:

e Log(Mi/o_ref)+1, Log(Ng.i/o_ref)+1
e Log(Mi/o_ref) -1, Log(Ng.i/o_ref)+1
e Log(Mi/o_ref)+1, Log(Ng.i/o_ref)-1
e Log(Mi/o_ref)-1, Log(Ng.i/o_ref)-1

Where phase-specific reference values from that of the WAG cases were used since both
gas and water exist there. Letting the rw approach but never become rw=1, we could select the
correct reference values for the gas phase. Similarly, for the water phase. While the actual single-
phase injection simulations ran at exactly rw=1 or rw=0, this allowed some reference value
selection to complete the 8-input dataset where data for both WAG, gas and waterflooding exists.

Ultimately, this meant that the dataset was extended with 576 "fake" datapoints created
based on 192 non-fake datapoints for rw=1 and rw=0, and hence 768 datapoints in total represent
water and gas flooding.

35



Fh (log10)

" Em L] [y ]
!
2 C (logl0)
o0 L] o ]
op o 45 10 00 10 20
mEm = [ ] L] 1 m L]
mEm = ] [ [ [
osm EN W o5 W u os m u
"EE = ] u n u na
[ 3 T e | om ] am ]
oo 05 L0 DO LD 2D 00 20 40 EO
a0 a0 ] i
20 20 ET ] I
20 20 20 a III I
Mwfo* (log10)
10 10 14 JI T fo* (lag1a)
a0 a0 a0 00 g—mee—u
LoD EEE 1N 100 om LD 20 40 &0 om0 a

5o o
G b bo
T
T
T
T
5o o
G b bo
| TN
"

[Ea e
oo oW
Bh B
ra

.

P e e
o

o oo oo
[T ]

- -
T
T
I
-
ll*
N

mMgfo* (loglo)
L0 g &0 oo . ] 0
oo s 1.0 ) 00 10 1o 40 21D 40 B.O - oo 0.5 10 o0 10 Zz4 ) oD 14 2D
' | iI i ' | | i | | j i i c Ilml -"I I'tl“l Ng.w/a* [log1o)
AL I D AT 1)

90 Q5 L0 ag 14 00 20 40 &0 0 os 1o oD LD 20 omoamo2n & -4 -3
2 2 2 2 z :
2 I 2 I 2 I 2 = 2 ? I I.I 2 Mg.gfo* (logio)
] ] ] & & & H ] &
. 0 . !
1 1 1 .

Figure 4. 3— Paired scatter plots of the input parameters
In total Figure 4. 3 contains overall 1840+576 =2416 datapoints.

4.2 Extension of the dataset

As it was mentioned before in previous work hysteresis effect was used in terms of “no
hysteresis” and “strong hysteresis”. In simulation hysteresis effect was set using WAGHYSTR
keyword in Eclipse (E100) and in case of absence of that effect this keyword was not used. For
scaling process based on theoretical knowledge extremely high C=1000000 and « = 0 were used
for “no hysteresis” cases. However, in this work hysteresis effect will be varied to train the ML
model. Previously set value of C for “no hysteresis” case stands out most among other parameters
ranges as it is large number even in logarithmic scale (Figure 4. 4). So, perhaps it is possible to
identify a lower value of C (than 1000000) that practically has the same effect of C hysteresis
effect vanishing, where this new C would be used for new simulations. The formula used to
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calculate trapped gas saturation sg s is based on combined Land (1968) and Carlson (1981)
elements.

By setting limit to s; ;a0 — Sgr = 0.05 (5%) in (4.13) and s 5. Was plotted against
different C values (Figure 4. 4). From the plot it can be seen that s, approaches zero by

increasing Land’s parameter values and by accepting the accuracy when trapping of gas becomes
less than 1%, the highest value for C was set to be 1000 or logC = 3.
Sgmax — Sgr

e 4 4.13
ghyst a1+ C(Sg,max - Sgr) ( )
1-=s
2T Swe 4 (4.14)
(Sgr)max
0.06
0.05 ]
H
0.04 %
b7 °
20.03
(?)3 Y
0.02 ®
Y
%
0.01 Soa,
L SR
0 ...................................

0 100 200 300 400 C500 600 700 800 900 1000

Figure 4. 4— Impact of C value on Sg,hyst

To identify C and a values combination which can effectively represent desired degree
of hysteresis effect and avoid running too many new simulations, the impact of those values on
degree of hysteresis effect must be studied.

To study influence of hysteresis in terms of different a and C values sensitivity test was
carried out. Overall 308 cases with 77 (C, «) combinations were run on Eclipse based on extreme
scenarios of “homogeneous” (Fh=1) and “highly heterogeneous” (Fh=12.9), “no gravity” and
“with gravity” with 1:1 WAG, when u,, = 4 and p, =4 . That was provided to understand
behavior of recovery efficiency in from low hysteresis to moderate and highly hysteresis cases. C
and « values tested for all cases are shown in Table 4. 6 and Figure 4. 5 (black dots). Results were
plotted relating hysteresis values to scaled RF (color bar), where the lowest RF (purple) and the
highest RF (red) for each special scenario correspond to 0 and 1, respectively (Figure 4. 5). The
recovery factor (RF) is used as an indicator of how strong the hysteresis is, based on C and alpha
choices. However, one could plausibly use Sor instead if these and other parameter values are
easily available for export (and analysis) from all reservoir sections. To exclude influence of other
factors such as gravity and heterogeneity, scaled RF values was used. C values were plotted using
logarithmic scale to keep compatibility with avalues. The values that were used in all combinations
with existing parameters are highlighted with white circles (C=1000, « = 0 and C=0, a = 2.5).
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Various combinations of C and a can be seen from the plots in Figure 4. 5. The behavior
in different cases from Figure 4. 5 (a-c) show overall similar trends, changing from no hysteresis
to strong hysteresis zones which correspond to low and high scaled RF values, respectively.

Figure 4. 5(a) illustrates homogeneous (Fh=1) reservoir, no gravity case where
improvement in scaled RF values are gradual from high C and low « values to low C and high a
values. In case of “homogeneous” (Fh=1) reservoir with gravity effect in Figure 4. 5(b), green
zone corresponding to moderate hysteresis effect is smaller than in (a) and does not exist in upper
right corner of the map. That means that some of the positive effects of hysteresis are neutralized
by gravity effect and higher hysteresis effect is needed to get similarly higher RF values, in
comparison to lower hysteresis effect cases.

Figure 4. 5 (c) represents heterogeneous (Fh=12.9) reservoir - no gravity case which is
similar to Figure 4. 5 (a) but with thinner moderate and high hysteresis zones. In “heterogeneous”
(Fh=12.9) reservoir with gravity case in Figure 4. 5 (d) low hysteresis zone (light blue) is repeated
twice, which makes it

We assume that the red and purple zones correspond to the higher and lower hysteresis
effect zones, where existing extreme and no hysteresis values were already explored. Two zones
unexplored in previous studies are the moderate (green) and moderate-to-low (blue) hysteresis
effect, we are interested in those ones. All patterns of previous maps for individual cases are well
overlapping in Figure 4. 5 (c). The only difference between the maps plotted for individual cases
is that the area of various color zones is changing to thinner or thicker, or slightly shifting their
locations when the characteristics of WAG process vary in terms of heterogeneity and gravity.
This confirms possibility to select one combination of hysteresis parameters representing all
individual cases.

To narrow the area of interest of the hysteresis parameter values, we compare with values
used in the literature, such as C in range 0.7-16.7 and « in range 0.01-2.8 as seen from Table 4. 7.
That narrows the area of the study to within black dashed line square. Finally values for adding to
the existing dataset are C= 10 (logC=1) and a=1 (red point in Figure 4. 5).

Table 4. 6— C and « values used for test simulations

# Parameters
C o

1 1 0
2 2 0.5
3 5 1.0
4 10 1.5
5 17.8 2.0
6 50 2.5
7 100 3.0
8 178
9 316
10 562
11 1000

Overall combinations C and a 77
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Table 4. 7- C and « values used in literature

C a Reference
History-matched: 16.7 History-matched :1.8 . .
Experimental: 7 Experimental: 0.5 (Mahzari and Sohrabi 2016)
27,14 28,24 (Talabi et al. 2019)
0.7-2.2 0.01 (Spiteri and Juanes 2006)

4.2.1. Quality check of the results

Quality check was provided using cumulative gas and water injection volumes in reservoir
conditions and injection rates to have constant reference for comparing cases. Combinations,
which were removed in the previous work and have not been included in the previous dataset due
to not meeting quality check criteria are shown in Overall number of combinations when altering
5 different combinations of rw, g4, u,,, 4 different values of heterogeneity factor and 2 values of
density difference is 80.

Table 4. 8- Removed combinations of viscosity values in the dataset Table 4. 8. Overall number of
combinations when altering 5 different combinations of rw, u,, u,, 4 different values of
heterogeneity factor and 2 values of density difference is 80.

Table 4. 8- Removed combinations of viscosity values in the dataset

Ca

# fw By Hw Fh combination Ap
1 0.33 20 20 1 0, 1000 1
2 0.5 20 4 2.1 25,1 400
3 0.5 20 20 3
4 0.67 20 4 12.9
5 0.67 20 20

Combinations 5 4 1 2

Overall number simulations 80

To avoid the same problems with new runs the same combinations of viscosity values
with new a and C values were not used. Overall, 824 simulation runs were performed with new C
and a values combination with existing parameters values. All new runs do meet quality check
criteria as all of them have the same cumulative gas and water injection volumes curves in reservoir
conditions (Figure 4. 6) and injection rates (Figure 4. 7). The cumulative injection volumes value
is 3.7MMm? and injection rate is 1014Sm?/d.
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Figure 4. 6— Cumulative gas and water injection volumes in reservoir conditions for new simulation cases
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Figure 4. 7— Water/Gas injection rates for new simulation cases

824 simulation runs generated 824 new datapoints. With purpose of teaching LSSVM-
PSO model to disregard C and a values when single phase flooding is applied 768 datapoints (with
real and “fake” values) of previous study wad added with changing logC =3 to logC=1 and a=0 to
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a =1 values. Recovery factors are kept the same as in single phase flooding hysteresis does not
exist and C and a can be combination of any values. So, the dataset was expanded to additional
1592 data points (Figure 4. 8). Red points were generated from new runs and blue points are from
existing dataset. Some points are created by new runs overlap with existing ones for some

parameters, which can be seen from the red boarders outside of blue points.

The Figure 4. 8 has all 4008 data points including 2416 datapoints regarding to previous
work’s dataset (2416 datapoints) and 1592 datapoints created with new simulation runs. The
dataset was randomized in order to ensure a good distribution of the data, and then it was split into
training (80%) and testing (20%) parts. Afterwards normalization the dataset was normalized so
that the LSSVM could operate with input values within 0 to 1, rather than specific low or specific
high non-normalized input values.
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Figure 4. 8— Paired scatter plots of the input parameters (extended dataset)
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4.3 Development of LSSVM-PSO algorithm from scratch

LSSVM with RBK algorithm code was written from scratch on Python 3.7.7 using Visual
Studio Code editor. The LSSVM code integrated with PSO algorithm is presented in Appendix.

In this work the PSO algorithm is used to optimize ¢ and y values for the LSSVM
algorithm. As it was mentioned before the PSO algorithm is sensitive to the initial value of inertia
weight parameter (w), C; and C,, which play significant role in swarm convergence. Specifically,
w controls the size of the searching space. To make the algorithm more robust in that regard,
random selection was used from range [0,2] for C;, C, and [0,1] for w.

One of the difficult parts in setting up PSO is defining the stopping criteria for the
process to be finished. It is hard to know what value for RMSE will be acceptable for o and y
values before running the LSSVM-PSO code on the dataset. Therefore, there was no RMSE
stopping criteria, and instead only the number of iterations that would be run. The PSO objective
function was set to minimize the RMSE error between the predicted and real RF values of the
training dataset. This leads to overfitting issues as illustrated in Figure 4. 9, where we can see that
there is a good match with the prediction from the training data, but a poor prediction based on the
testing data.

Training data (80%) Testing data (20%0)
1 1
0.9 R2=10.9988 © 0.9 R2=(.8808
03 &> 0.8
= 07 = 0.7
@ P
£ os z 06
E_ 05 E_O'S
[, 04 o 0.4
R 03 M o3
0.2 0.2
0.1 0.1
0 0
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
RF real RF real

Figure 4. 9 — Data overfitting: RF predicted vs. RF real

To understand which parameter was crucial in facing this kind of problem behavior of
hyperparameters and their influence on the error for testing data was studied. By running PSO
cases with 5, 10, 20 particles, the same behavior of y was observed. The algorithm starts
developing very high values corresponding to lower o, which ensures good fit on training data but
poor prediction quality as it was demonstrated in Figure 4. 9.

o controls the width of the e-insensitive zone, used to fit the training data. According
the tests, it becomes either very low or stabilizes around 0.5-0.6 when model becomes overfitted.

As y balances the model complexity and the training error. The higher y gives better fit
on training dataset, but at some stage, it stops influencing much on prediction accuracy if ¢ remains
constant. The Figure 4. 9 shows how increasing y value affects fitting in training and testing
dataset when ¢ is kept constant at 0.5. Very little improvement in fitness of the results is observed
between cases when y = 10 and y = 100. So, that means no need in choosing very high y value.
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Figure 4. 10 — RF predicted vs. RF real for different y values with constant o

Previously the training (80 %) dataset was only validated against itself, which lead to
overfitting issues. To solve this, we split the dataset instead by three fractions: training (70%),
validation (15%) and testing (15%). The LSSVM maodel is trained on the training data, where the
PSO objective function now instead is set to minimize the RMSE error between the predicted and
real RF values of the validation dataset. The prediction error of the testing part is also calculated,
but not used. This is to observe how it develops in comparison to the controlled prediction errors,
as can be seen from Figure 4. 11. The behavior of various key parameters optimization process
such as RMSE for training, validation and testing datasets; Difference between RMSE of training
and validation dataset; y and o values is presented in Figure 4. 11, Figure 4. 12, Figure 4. 13. The
algorithm was run 3 times to compensate for randomness of C1, C> and w value.
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Figure 4. 13 — Evolution of y and o values for 3 runs (50 iterations, 10 particles)

From the Figure 4. 11 it is quite clear that all errors are following the same downwards trends. By
minimizing the RMSE for a smaller part of the dataset, we see that the RMSE for training and
testing parts will be also minimized, until they all eventually stabilize at a relatively constant
RMSE value. The observed downwards trend in all of them seems to have been made possible due
to the data being well distributed (or randomized) across the training, validation and testing
datasets. It is likely that, whatever pattern or behavior that underlines all of these, that it has been
preserved for all of the fractioned dataset. These similar patterns therefore make it possible for the
non-linear model to improve prediction efficiency on the 15 % testing data that it has not "seen™,
even though the dataset was trained and validated on other parts of the dataset. Moreover, despite
random Cy, C> and w values used for individual particles (and for each iteration) in PSO algorithm,
they converge (individually) to roughly the same values of RMSE values. In other words, the
results for the training, validation and testing parts seem representative, despite the random
features introduced to the PSO algorithm. According to the Figure 4. 13 y increases to higher value
than o. However, they both stabilize to the end of runs at value y = 78 and ¢ = 0.62. As it was
demonstrated before, when y reaches some value at constant o, the error stops evolving

The whole purpose of studying PSO performance was to choose optimal values for value y and o,
which will improve non-linear model accuracy. Decision on optimal values of hyperparameters
was made based on analysis on |RMSE,4in — RMSE,,4;i4| €volution for three PSO algorithm runs
(Figure 4. 12). The graphs in Figure 4. 12 have 3 stages that happen at different number of
solutions as they have random Cy, C, and w values: 1. decrease in difference between RMSE of
training dataset and validation dataset (all three RMSE value follow downward trend in Figure 4.
11); 2. Stabilization stage when the curves are constant, so RMSE for both datasets are decreasing;
3. The difference starts rising until it stabilizes. The points before the differences in RMSE for
training and validation dataset start rising correspond to solution numbers 16, 45 and 32 for runs
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1, 2 and 3, respectively. The points marked by red “x” signs. Corresponding y, o can be observed
from Figure 4. 13 and to confirm correctness of our setups.

Table 4. 9. From those values in to confirm correctness of our setups.

Table 4. 9 ¥y = 9.95, ¢ = 0.7 were taken as optimal as they correspond to the lowest value of
|RMSEyqin — RMSE,4;i4|. | also can be seen that those values regard to the lowest RMSE,4in,
but we should stay unbiased to that. That is shown only for observation purpose to confirm
correctness of our setups.

Table 4. 9 - Properties of chosen optimal y, ¢ from each of runs

Runs Y 4 |IRMSE trqin — RMSE, g4 RMSEyqin
Run 1 12.8 0.62 0.009564 0.050268731
Run 2 7.8 0.66 0.008215 0.051256
Run 3 9.95 0.7 0.008028 0.050855

As a part of study small experiment was provided with value of w, which was set to be decreasing
through the iterations (2.34, Chapter 2). The results are demonstrated in Figure 4. 14.

0 5 10 15 20 25 30 35 40 45 50
Number of solutions
——RMSE ftraining ——RMSE valididation RMSE testing

Figure 4. 14— RMSE for training, validation, and testing data with decreasing w

With systematic lowering of w value, the convergence is accelerated, and the algorithm
finds the lowest error value for validation and training dataset 4-5 times faster. However, there is
behavior of the graphs in the few iterations (spike), which makes this plot less convenient even it
gives similar results with cases when w was selected randomly in each iteration. It is quite hard to
see the process of swarm convergence using PSO, as it was shown in Figure 4. 11. As it was
mentioned before, w influences on size of the searching space. That could be the reason why it
converges faster with systematic decreasing inertia weight.
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Chapter 5

Results and discussions
5.1 Analysis of results generated by LSSVM-PSO model

Predicted recovery factor values using LSSVM-PSO model plotted against real recovery
factor values are demonstrated in Figure 5. 1. Training, validation, and testing dataset parts are
included in the same graph. Output generated by LSSVM-PSO model shows overall good fit of
real data with low scatter. Goodness of fit is estimated using the coefficient of determination R,

1

R2=0.98

0.8

2
=N

RF predicted
o
=S

0.2

RF real

Figure 5. 1 — RF predicted by LSSVM-PSO vs. real RF for the whole dataset

In previous work by Nygard and Andersen 2020 the dimensionless number M* was
obtained by manual stepwise scaling of key mechanisms and properties influencing WAG process,
so it can be linearly related to RF. However, some scatter was observed when plotting the M*
values against the real RF values. Initial idea of this work was developing a non-linear model
(LSSVM-PSO) trained on many input parameters related to WAG simulation cases data which
potentially can perform better than previous model based on only one input parameter.

The performance LSSVM-PSO model in this work using 8 dimensionless input
parameters was expected to show better accuracy in predicting RF values for WAG process as
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LLSVM algorithm has more freedom in relating the given parameters to each other, so more
complicated patterns can be captured, if they exist.

Direct comparison of two models’ accuracy is not possible as the LSSVM-PSO model is
not linear and more complex. To provide comparison on accuracy of two models, LSSVM
algorithm was implemented using M* as a single input parameter for RF (output) values to get the
most optimal line relating real RF values to M* values. The dataset with one input and one output
parameter was divided to training, testing and validation parts, in similar way as 8 input parameter
dataset was divided before. Then M*-based (1 parameter) model was used to predict of RF values
for each of those dataset parts and results were plotted against real RF values. They are presented
in Figure 5. 2 on the first column. Prediction results for 8 parameter LSSVM-PSO model is shown
in the same figure (the column).

1

[=]

.75

RF predicted
=
Ln

=
(%]
s

=
= ~
Ln Lh

RF predicted

=
(=]
h

.75

o RF predicted _
' o
Ln

[
Lh

0

Training data (70%) - 1 parameter model

Testing data (15%) - 1 parameter model

TN

R*=0.0155

R*=009288
0 0.25 0.3 0.75 1
RF real
Validation data (15%) - 1 parameter model
R*=10.2106
0 0.25 0.5 0.75 1
RF real

0

0.5 0.75

RF real

0.25

1

REF predicted _
= ~
L n

=]

.25

RF predicted _
e ~
L [

=
[
h

RF predicted _

=
[
n

0

Training data (70%) - 8§ parameter model

R*=10.99735

0.25 0.5 0.75 1

RF real

Validation data (15%) - 8 parameter model

R:=00375

0.25 0.5 0.75 1

RF real
Testing data (15%) - 8 parameter model

R*=10.9406

0

0.25 0.5 0.75 1

RF real

Figure 5. 2 - Comparison of 8 parameter LSSVM-PSO and 1 parameter (M*) models results

49



As it can be seen from Figure 5. 2 the LSSVM-PSO model (8 parameter) shows very
good match to training data, which is expected outcome because the model was trained on that part
of the dataset. The one parameter model has less accuracy reflected in higher scatter, corresponding
to R? = 0.9288. Scatter has increased when moving to validation and training part for 8 parameter
model, leading to a lower R? value. However, for M*-input model the prediction power has not
much changed with using another part of the dataset.

Overall, two models demonstrated good prediction capability level, with slightly better
performance of 8 input model. 8 parameters model was able to capture the main patterns in the
dataset as it showed convenient prediction power when applied to testing dataset.

To observe prediction efficiency of the LSSVM-PSO model for each of the individual
cases plots Figure 5. 3 were created.
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Figure 5. 3— RF predicted by LSSVM-PSO vs. real RF for the whole dataset for individual cases
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Figure 5. 3 demonstrates that non-linear model was able to capture the trends precise
enough in all cases. Less accuracy is observed for in highly heterogeneous cases in comparison to
less heterogeneous and homogenous ones, but it is still high level of predictive capability. That
means the model is applicable for all considered cases.

5.2 Testing LSSVM-PSO model on a new dataset
6.2.1. Introducing a special case by adding a new parameter

In the previous study by limitations were fixed horizontal inclination and fixed WAG
cycle frequency (Nygard and Andersen 2020), which can be interesting parameters to be studied.
In this work a new parameter WAG cycle frequency was considered to study its effect on overall
process and understand the scope of applicability of created LSSVM-PSO model. The model was
trained on the dataset, which is related to constant WAG cycle length equal to 90 days. Also, it
was not introduced in input parameters, consequently, was not part of the dataset.

Values 45 and 180 days for WAG cycle length the same for gas and water phases were
implemented in special cases with new simulations. Adding a new parameter with 2 values, that
will be changed in new simulations is always challenging decision due to rising number of overall
combinations with other parameters. Based on that in new simulation cases only 2 values of
heterogeneity factor (Fn) representing “homogeneous” and “highly heterogeneous” reservoirs
were utilized. All unique values of other parameters are kept the same as in the dataset simulations
used as the basis of LSSVM-PSO dataset and used when defining combinations with new
parameter values. Overall, 1648 runs were performed. Values for all parameters can be seen from
Table 5. 1.

Table 5. 1- Parameters used in extra cases

Overall number of

New parameter -
P runs with all

Changing parameters values introduced in previous dataset

altered o
combinations
Fu Ap, kg/m?3 rw C a w Uy T¢le days
1.00 1 1 25 20 20 45
12.86 0.33 4 4 180
0.50 1 1 1648

400 0.67 1000000 0 0.5 0.5
0 0.25 0.25
1 0.1 0.1

All new runs do meet quality check criteria as all of them have the same cumulative gas
and water injection volumes curves in reservoir conditions and injection rates equal to 1014Sm?/d.
The cumulative injection volumes value is 3.7MMm?®,
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6.2.2. Results of testing LSSVM-PSO model on a new dataset

The LLSVM-PSO model was tested on new dataset with 1648 datapoints. The results

plotted in a form of output of LSSVM-PSO (predicted RF) vs. results of simulations (real RF) can
be observed from Figure 5. 4.
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Figure 5. 4 — Comparison of real RF and predicted (using LSSVM-PSO model) RF values for cases when WAG
cycles legth are 180 (left) and 45 days (right)

Apparently non-linear model was able to capture the main trends in WAG process as it
was able to perform prediction with decent accuracy on completely new dataset that was created
by altering a new parameter, not introduced to it before.

To explore the match above (Figure 5. 4) in a more detailed manner, we plot the different
cases individually, as seen from Figure 5. 5 and Figure 5. 6.
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Figure 5. 5 - Comparison of real RF and predicted RF values no hysteresis cases when WAG cycles length are 180
and 45 days
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Figure 5. 5 illustrates individual cases for homogeneous and heterogenous reservoirs in presence
(columns 3,4) and absence (columns 1,2) of gravity effect. The LSSVM-PSO model can be very
precise in prediction recovery factor of WAG applied in no hysteresis conditions regardless the
change in WAG cycle length expect the cases corresponding to gravity cases when T<¥¢¢=180
days. Those ones were predicted with relatively low accuracy, and higher scatter in comparison to
the other ones in the same figure.

When the conditions get more complicated with hysteresis effect as in Figure 5. 6, the predictive

power of the model decreases, and it becomes less convenient.
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Figure 5. 6- Comparison of real RF and predicted RF values with hysteresis cases when WAG cycles length are 180
and 45 days

From combination of Figure 5.5 and Figure 5. 6 For case when T<¥¢¢=45 days, overall
good match is observed from all individual cases, which leads to a suggestion that there is not
much effect on WAG efficiency when WAG cycle length was changed from 180 to 45 days, in
other words, cycle frequency was lowered two times. However, in case of T<¥¢!¢=90 days, it shows
higher scatter in prediction results for “with hysteresis” models, especially for heterogeneous ones.
That probably can refer to that influence of WAG half cycle on WAG efficiency is not linear and

LSSVM-PSO model has to be trained on cases with new input parameter to improve prediction
results.
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Chapter 7

Conclusion

The overall conclusions to this work can be summarized as this:

In previous work performed by Nygard and Andersen 2020 dimensionless number M* was
developed by incorporating key parameters of WAG process and relating to RF linearly. The
dataset from the previous work was extended by running a new combination of C and «,
which was selected by studying impact of those parameters on hysteresis degree based on
analysis of 77 combinations of (C, a) in different cases of reservoir conditions. Input
parameters for LSSVM were created based on grouping WAG process parameters into 8
dimensionless numbers. The final dataset that was used for developing LSSVM-PSO model
contained 4008 data points, corresponding to labeled 8 input parameters and one output
parameter (RF).

It is important to select enough dataset fractions when using PSO to optimize LSSVM.
Using only 2 dataset fractions (ie. training 80 % and testing 20 % parts) resulted in overfitness
issues, which was due to that the model only was checked against itself.

Overfitness issues was resolved by using 3 dataset fractions (ie. training 70 %, validation 15
% and testing 15 % parts), where the trained model checked itself against validation dataset.
The LSSVM-PSO model’s predictive power was compared to that of the previous model,
with the goal of checking how well the main trends were captured. The non-linear model
proved itself to be effective on WAG performance efficiency prediction, however previous
model has shown also compatible match with real data.

The LSSVM model was tested on new simulations where the previously constant WAG cycle
length was changed. The model was still able to predict the main trends but had some trouble
especially with doubled WAG cycle when heterogeneity and hysteresis effects were applied.
Having tested the model on WAG cycle length, which it was not calibrated or trained against,
proves that it could potentially be used in a broader scope as well. More work should be
made to discover how universal the model could be.
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Appendix

LSSVM-PSO code

VWoONOOUVTDAWNER

PR R PR
WNRO-

R
[V NN

NNNRBRBR R
NREO® VoW

N NN
vl b w

wwwNNNNNN
NEFEPO® VOO

w w
Hw

w
(9]

36.

37.
38.
39.
40.
41.
42.
43.
44,
45.
46.
47.
48.
49.
50.
51.

import o
import n
import n
import p
import m
import t
import d
import m
import c
import r
import m
from skl
from skl

# from n
from mul
import c
from pst

np.set_p
pd.set_o
pd.set_o

# pylint:
# pylint:
# pylint:
# pylint:

class LS
def

lists

lists

def

s
umpy as np

umpy

andas as pd
atplotlib.pyplot as plt
ime

atetime

ultiprocessing

oncurrent. futures

andom

ath

earn.utils import shuffle
earn import preprocessing

umba import jit, autojit, prange
tiprocessing import cpu_count
Profile, pstats, io

ats import SortKey

rintoptions(linewidth=200, edgeitems=5)

ption("display.max_columns", 500)

ption("display.width", 2000)
disable=unused-variable
disable=unbalanced-tuple-unpacking
disable=anomalous-backslash-in-string
disable=abstract-class-instantiated

SVM:

__init_ (self, gamma, sigma):

lists = []) []) []) []: []

self.x_train, self.y_train, self.train_range, self.train_Mwag, self.train_Mstar
self.x_valid, self.y_valid, self.valid_range, self.valid_Mwag, self.valid_Mstar

self.x_test, self.y test, self.test_range, self.test_Mwag, self.test_Mstar

self.gamma, self.sigma = gamma, sigma
self.alphas, self.bias [1, []
self.train_prediction = []

self.valid prediction = []

self.test prediction = []

import_and_separate_data(self, path, sheets, fractions):

data = pd.read_excel(path, sheet_name=sheets[0])

dataframe = shuffle(data)

frac_rows_valid = math.ceil(fractions[1]*1len(dataframe))
frac_rows_test = math.ceil(fractions[2]*1len(dataframe))
frac_rows_train =len(dataframe) - frac_rows_valid-frac_rows_test
valid =dataframe[0:frac_rows_valid]

test = dataframe[frac_rows_valid:frac_rows _valid + frac_rows_test]
train = dataframe[frac_rows_valid + frac_rows_test:]

lists

55



52.
53.
54.
55.
56.
57.

59.
60.
61.
62.
63.
64.
65.
66.
67.
68.
69.
70.
71.
72.
73.
74.
75.
76.
77.
78.

79.
80.
81.
82.

83.
84.
85.
86.
87.

88.
89.
90.
91.
92.

93.
94.
95.
96.
97.
98.

99.

100.
le1.
102.
103.
104.

len_train, len_valid, len_test = len(train), len(valid), len(test)

all train, all valid, all_test = len_train, len_valid, len_test
print(f"train:{len_train}, valid:{len_valid}, test:{len_test}")
print(f"Cumulative train:{all_train}, valid:{all_valid}, test:{all_test}")

# train, valid, test= np.array_split(dataframe, (fractions[:-

1].cumsum() * len(dataframe)).astype(int))

train_init = SplitFractionedData([], train, sheets[©@], [], []1, [1, @, {}, 7)
input_tr, rf_tr, logMwag_tr, logMstar_tr, Ranges_tr, number_tr = train_init
valid_init = SplitFractionedData([], valid, sheets[©@], [1, [1, []1, @, {}, 7)
input_v, rf_v, logMwag_v, logMstar_v, Ranges_v, number_v = valid_init
test_init = SplitFractionedData([], test, sheets[©], []1, [1, [], @, {}, 7)
input_ts, rf_ts, logMwag ts, logMstar_ts, Ranges_ts, number_ts = test_init
print(number_tr, number_v, number_ts)

train_sep, valid_sep, test_sep =[], [], []

for (i, sheetname) in enumerate(sheets[1:]):
data = pd.read_excel(path, sheet_name=sheetname)
data = data.replace(np.nan, '', regex=True)
dataframe = shuffle(data)
frac_rows_valid = math.ceil(fractions[1]*1len(dataframe))
frac_rows_test = math.ceil(fractions[2]*1len(dataframe))
frac_rows_train =len(dataframe) - frac_rows_valid-frac_rows_test
valid =dataframe[0:frac_rows_valid]
test = dataframe[frac_rows_valid:frac_rows_valid + frac_rows_test]
train = dataframe[frac_rows_valid + frac_rows_test:]
len_train, len_valid, len_test = len(train), len(valid), len(test)
all train, all_valid, all_test = all_train + len_train, all_valid + len_valid,

all test + len_test

#training
train_sep, number_tr = SplitFractionedData(
input_tr, train, sheetname, rf_tr, logMwag_tr, logMstar_tr, number_tr, Ran

ges_tr, 666,

)
input_tr, rf_tr, Ranges_tr, logMwag_tr, logMstar_tr = train_sep
#training
valid_sep, number_v = SplitFractionedData(
input_v, valid, sheetname, rf_v, logMwag_v, logMstar_v, number_v, Ranges_v

, 999
)
input_v, rf_v, Ranges_v, logMwag_v, logMstar_v = valid_sep
#testing
test_sep, number_ts = SplitFractionedData(
input_ts, test, sheetname, rf_ts, logMwag ts, logMstar_ts, number_ts, Rang
es_ts, 666,
)
input_ts, rf_ts, Ranges_ts, logMwag_ts, logMstar_ts = test_sep
self.x_train, self.y_train, self.train_range, self.train_Mwag, self.train_Mstar =
train_sep
self.x_valid, self.y_valid, self.valid_range, self.valid_Mwag, self.valid_Mstar =
valid_sep
self.x_test, self.y test, self.test_range, self.test_Mwag, self.test_Mstar = test_
sep

def normalize_data(self):

scalar = preprocessing.MinMaxScaler()

self.x_train = scalar.fit_transform(self.x_train)
self.y_train = scalar.fit_transform(self.y_train)
self.x_valid = scalar.fit_transform(self.x_valid)
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105.
106.
107.
108.
109.
110.
111.

112.
113.
114.
115.

116.
117.
118.
119.
120.
121.
122.
123.

124.

125.

126.

127.

128.
129.
130.

131.
132.
133.
134.

135.
136.
137.
138.
139,
140.
141,
142.
143,
144.
145,
146.
147.
148.
149,
150.
151,
152,
153.
154.
155.
156.

self.y_valid = scalar.fit_transform(self.y_valid)
self.x_test = scalar.fit_transform(self.x_test)
self.y_test = scalar.fit_transform(self.y_test)

def import_sheet_indexes(self, base_path, filenames, sheets):

file_train, file_valid, file_test = filenames["train"], filenames["valid"], filena

mes["test"]

valid),

"]
"]

=]

path_train = os.path.realpath(f"{base_path}\\{file_train}.xlsx")
path_valid = os.path.realpath(f"{base_path}\\{file_valid}.x1lsx")
path_test = os.path.realpath(f"{base_path}\\{file_test}.x1lsx")
data_train, data_valid, data_test = pd.read_excel(path_train), pd.read_excel(path_
pd.read_excel(path_test)
data_train, data_valid, data_test = (
data_train.replace(np.nan, "", regex=True),
data_valid.replace(np.nan, , regex=True),
data_test.replace(np.nan, , regex=True),

)

train_indexes, valid_indexes, test_indexes = {}, {}, {}

for sheet in sheets:
current_train = [int(item) for item in data_train[sheet].tolist() if str(item)
current_valid = [int(item) for item in data_valid[sheet].tolist() if str(item)

current_test = [int(item) for item in data_test[sheet].tolist() if str(item) !

train_indexes[sheet], valid_indexes[sheet], test_indexes[sheet] = current_trai

n, current_valid, current_test

self.train_range, self.valid_range, self.test_range = train_indexes, valid_indexes

, test_indexes

def export_sheet_indexes(self, base_path, filenames):

file_train, file_valid, file_test = filenames["train"], filenames["valid"], filena

mes["test"]

path_train = os.path.realpath(f"{base_path}\\{file_train}.xlsx")

path_valid = os.path.realpath(f"{base_path}\\{file_valid}.x1lsx")

path_test = os.path.realpath(f"{base_path}\\{file_test}.x1sx")

indexes_train, indexes_valid, indexes_test = pd.DataFrame({}), pd.DataFrame({}), p

d.DataFrame({})

for column in self.train_range.keys():
dataframe = pd.DataFrame(data=self.train_range[column], columns=[column])
indexes_train = pd.concat([indexes_train, dataframe], axis=1)

for column in self.valid_range.keys():
dataframe = pd.DataFrame(data=self.valid_range[column], columns=[column])
indexes_valid = pd.concat([indexes_valid, dataframe], axis=1)

for column in self.test_range.keys():
dataframe = pd.DataFrame(data=self.test_range[column], columns=[column])
indexes_test = pd.concat([indexes_test, dataframe], axis=1)

with pd.ExcelWriter(path_train) as writer:
indexes_train.to_excel(writer, index=False, sheet_name="Indexes_ train")

with pd.ExcelWriter(path_valid) as writer:
indexes_valid.to_excel(writer, index=False, sheet_name="Indexes_ test")

with pd.ExcelWriter(path_test) as writer:
indexes_test.to_excel(writer, index=False, sheet_name="Indexes_test")
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def export_train_valid_test_data(self, base_path, filenames):

file_train, file_valid, file_test = filenames["train"], filenames["valid"], filena

mes["test"]

rw" ]

ain))

1id))

path_train = os.path.realpath(f"{base_path}\\{file_train}.x1lsx")
path_valid = os.path.realpath(f"{base_path}\\{file_valid}.x1lsx")
path_test = os.path.realpath(f"{base_path}\\{file_test}.x1sx")

columns = ["logFh", "a", "logC", "logMg/o*", "logMw/o*", "logNg,w/o", "logNg,g/o",

columns += ["logMwag", "logM*", "RF"]
#training files
train_data = np.hstack((self.x_train, self.train_Mwag, self.train_Mstar, self.y tr

train = pd.DataFrame(data=train_data, columns=columns)
#validation files
valid_data = np.hstack((self.x_valid, self.valid_Mwag, self.valid_Mstar, self.y va

valid = pd.DataFrame(data=valid_data, columns=columns)

#testing files

test_data = np.hstack((self.x_test, self.test_Mwag, self.test_Mstar, self.y test))
test = pd.DataFrame(data=test_data, columns=columns)

with pd.ExcelWriter(path_train) as writer:

train.to_excel(writer, index=False, sheet_name="All data train")

with pd.ExcelWriter(path_valid) as writer:
valid.to_excel(writer, index=False, sheet_name="All data valid")

with pd.ExcelWriter(path_test) as writer:
test.to_excel(writer, index=False, sheet_name="All data test")

def export_after_lssvm_prediction(self, base_path, filenames):

file_train, file_valid, file_test = filenames["train"], filenames["valid"], filena

mes["test"]

rw"]

path_train = os.path.realpath(f"{base_path}\\{file_train}.x1lsx")
path_valid = os.path.realpath(f"{base_path}\\{file_valid}.x1lsx")
path_test = os.path.realpath(f"{base_path}\\{file_test}.x1sx")

columns = ["logFh", "a", "logC", "logMg/o*", "logMw/o*", "logNg,w/o", "logNg,g/o",

bias = np.zeros((np.shape(self.x_train)[@], 1))

bias[@, @] = self.bias

print(bias)

# temp_list = [self.x_train, self.train_Mwag, self.train_Mstar, self.y train, self

.train_prediction, self.b_alpha[l:, @], bias]

train_results = np.hstack((self.x_train, self.train_Mwag, self.train_Mstar, self.y

_train, self.train_prediction, self.b_alpha[1l:, @], bias))

train = pd.DataFrame(
data=train_results, columns=columns + ["logMwag", "logM*", "RF", "RFpred", "al

phas", "bias"],

valid_results = np.hstack((self.x_valid, self.valid_Mwag, self.valid_Mstar, self.y

_valid, self.valid prediction))

EER

valid = pd.DataFrame(data=valid_results, columns=columns + ["logMwag", "logM*", "R

"RFpred"])

test_results = np.hstack((self.x_test, self.test_Mwag, self.test_Mstar, self.y_tes

t, self.test_prediction))

test = pd.DataFrame(data=test_results, columns=columns + ["logMwag", "logM*", "RF"

, "RFpred"])
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with pd.ExcelWriter(path_train) as writer:
train.to_excel(writer, index=False, sheet_name="All data train results")

with pd.ExcelWriter(path_valid) as writer:
valid.to_excel(writer, index=False, sheet_name="All data valid results")

with pd.ExcelWriter(path_test) as writer:
test.to_excel(writer, index=False, sheet_name="All data test results")

def export_after_lssvm_prediction_as_sheets(self, base_path, filenames, sheets):
file_train, file_valid, file_test = filenames["train"], filenames["valid"], filena
mes["test"]
path_train = os.path.realpath(f"{base_path}\\{file_train}.x1lsx")
path_valid = os.path.realpath(f"{base_path}\\{file_valid}.x1lsx")
path_test = os.path.realpath(f"{base_path}\\{file_test}.x1sx")
columns = ["logFh", "a", "logC", "logMg/o*", "logMw/o*", "logNg,w/o", "logNg,g/o",
rw"]
bias = np.zeros((np.shape(self.x_train)[@], 1))
bias[@, @] = self.bias
train_results = np.hstack(
(
self.x_train,
self.train_Mwag,
self.train_Mstar,
self.y_train,
self.train_prediction,
self.b_alpha[l:, @],
bias,
)
)
train = pd.DataFrame(
data=train_results, columns=columns + ["logMwag", "logM*", "RF", "RFpred", "al
phas", "bias"],

)

valid_results = np.hstack((self.x_valid, self.valid_Mwag, self.valid_Mstar, self.y
_valid, self.valid_prediction))

valid = pd.DataFrame(data=valid_results, columns=columns + ["logMwag", "logM*", "R
F", "RFpred"])

test_results = np.hstack((self.x_test, self.test_Mwag, self.test_Mstar, self.y_tes
t, self.test prediction))

test = pd.DataFrame(data=test_results, columns=columns + ["logMwag", "logM*", "RF"
, "RFpred"])

with pd.ExcelWriter(path_train) as writer:
for item in sheets:

indexes = self.train_range[item]

data = pd.DataFrame(
data=train_results[indexes, :],
columns=columns + ["logMwag", "logM*", "RF", "RFpred", "alphas", "bias

"1,
)

data.to_excel(writer, index=False, sheet_name=item)

with pd.ExcelWriter(path_valid) as writer:
for item in sheets:
indexes = self.valid_range[item]
data = pd.DataFrame(
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data=valid_results[indexes, :], columns=columns + ["logMwag", "logM*"
"RF", "RFpred"],
)

data.to_excel(writer, index=False, sheet_name=item)

with pd.ExcelWriter(path_test) as writer:
for item in sheets:
indexes = self.test_range[item]
data = pd.DataFrame(
data=test_results[indexes, :], columns=columns + ["logMwag", "logM*",
"RF", "RFpred"],
)

data.to_excel(writer, index=False, sheet_name=item)

)

def use_already_separated_data(self, path_train, path_valid, path_test, x_cols, y_col

s, col_Mwag, col_Mstar, mode):
if mode == "single":
prep_train = pd.read_excel(path_train)
prep_valid = pd.read_excel(path_valid)
prep_test = pd.read_excel(path_test)

self.x_train, self.x_valid, self.x_test = np.mat(prep_train[x_cols]), np.mat(p

rep_valid[x_cols]), np.mat(prep_test[x_cols])
self.y train, self.y valid, self.y test
np.mat(prep_train[[y_cols[@]]]),
np.mat(prep_valid[[y_cols[@]]1]),
np.mat(prep_test[[y_cols[0]]]),

(

)
self.train_Mwag, self.valid_Mwag, self.test_Mwag = (

np.mat(prep_train[col_Mwag]),
np.mat(prep_valid[col_Mwag]),
np.mat(prep_test[col Mwag]),

)

self.train_Mstar, self.valid Mstar, self.test_Mstar = (
np.mat(prep_train[col_Mstar]),
np.mat(prep_valid[col Mstar]),
np.mat(prep_test[col_Mstar]),

)

def calculate(self):
self.alphas, self.bias = np.mat(np.zeros((np.shape(self.x_train)[0], 1))), ©
length = np.shape(self.x_train)[0]
kernel = np.mat(np.zeros((length, length)))
with concurrent.futures.ProcessPoolExecutor(max_workers=cpu_count()) as executor:

results = [executor.submit(kernelTrans, self.x_train, self.x_train[i], sigma,
i) for i in range(length)]
for f in concurrent.futures.as_completed(results):
kernel[:, f.result()[1]] = f.result()[0O]

# Prepare matrix parts
leftOnes = np.mat(np.ones((length, 1)))
innerMatrix = kernel + np.identity(length) * (1 / gamma)
zeroEntry = np.mat(np.zeros((1, 1)))
topOnes = leftOnes.T

# Create final matrices

topPart = np.hstack((zeroEntry, topOnes))
botPart = np.hstack((leftOnes, innerMatrix))
matrix = np.vstack((topPart, botPart))

solution = np.vstack((zeroEntry, self.y_train))

# Calculate bias and alpha values
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b_alpha = matrix.I * solution
self.bias = b_alpha[0, 0]
self.alphas = b_alpha[1l:, @]
self.b_alpha = b_alpha

def predict(self, x_ref, x_check):

m =

np.shape(x_check)[0]

predict_result = np.mat(np.zeros((m, 1)))
with concurrent.futures.ProcessPoolExecutor(max_workers=cpu_count()) as executor:

in range(m)]

results = [executor.submit(kernelTrans, x_ref, x_check[i,

for £ in concurrent.futures.as_completed(results):
Kx = f.result()[@]

:], sigma, i) for i

predict_result[f.result()[1], ©] = Kx.T * self.alphas + self.bias
return predict_result

def train(self):
self.train_prediction = self.predict(self.x_train, self.x_train)

def validate(self):
self.valid_prediction = self.predict(self.x_train, self.x_valid)

def check(self):

self.test_prediction = self.predict(self.x_train, self.x_test)

class Particle:

def __init__ (self, values, setup, index, index_max, it_max):

# Runs only at initialization of particle
self.position = []

self.velocity = []

self.best_positions = []

self.best_error = -1.0
self.error_train = -1.0
self.error_valid = -1.0
self.error_test = -1.0

self.dimensions = len(values)
self.w_range = setup[2]
self.cl_range = setup[@]
self.c2_range = setup[1]
self.w = 0.0

self.cl =
self.c2 =

0.0
0.0

self.clc2s = [[0.0, ©.5],[0.5,1.0],[1.0,1.5],[1.5,2.09]]
self.best w = 0.0

self.best_cl = 0.0

self.best_c2 = 0.0

self.setup = setup

self.index = index

self.index_max = index_max

self.iterations = it_max

for

i in range(self.dimensions):
self.velocity.append(random.uniform(-1, 1))
self.position.append(values[i])

def check_fitness(self, error_function, param, iteration):
self.error_train, self.error_valid, self.error_test = error_function(self.position

> param)[:]
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print(f"I{iteration+1} of {self.iterations}. P{self.index+1} of {self.index_max}.
Train Error: {self.error_train}. Validation error: {self.
error_valid}. Testing error: {self.error_test}.")

# Initial values are best automatically

if self.best_error == -1:
self.best_positions = self.position
self.best_error = self.error_valid

# Did I improve my score?
if self.error_valid < self.best_error and self.best_error>=0:
self.best_w = self.w
self.best_cl = self.cl
self.best_c2 = self.c2
self.best_positions = self.position
self.best_error = self.error_valid

def update_velocity(self, global positions):
self.w = random.uniform(self.w_range[0], self.w_range[1])
cl _range = random.choice(self.clc2s)
c2_range = random.choice(self.clc2s)
self.cl = random.uniform(cl_range[0], cl_range[1])
self.c2 = random.uniform(c2_range[0], c2_range[1])

for i in range(@, self.dimensions):
rl = random.random()
r2 = random.random()

current_position = self.position[i]
current_velocity = self.velocity[i]
my_best_position = self.best_positions[i]
best_global position = global positions[i]

inertia = self.w * current_velocity
ego_velocity = self.cl * rl * (my_best_position - current_position)
collective_velocity = self.c2 * r2 * (best_global_position - current_position)

self.velocity[i] = inertia + ego_velocity + collective_velocity

def update_positions(self):
for i in range(@, self.dimensions):
self.position[i] = self.position[i] + self.velocity[i]

class PSO:
def __init_ (self, minimization_function, values, param, setup, number_of_particles, m

ax_iterations):
self.best_global_error = -1.0
self.best_global_error_train = -1.0
self.best_global_error_valid = -1.0
self.best_global_error_test = -1.0
self.best_global_positions = []
self.best_global_setup = []
self.best_global_ w = 0.0
self.best_global_cl = 0.0
self.best_global_c2 = 0.0
self.max_iterations = max_iterations
self.error_fx = minimization_function
self.nparticles = number_of_particles
self.logs, self.swarm = [], []
self.param = param
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or:

def

self.max_iter = max_iterations
for i in range(number_of_particles):
particle = Particle(values, setup[i], i, number_of_particles, max_iterations)

self.swarm.append(particle)

optimize(self):
# Begin optimization
i=0
count = @
start_time = datetime.datetime.now()
while i < self.max_iterations:
swarm = []
with concurrent.futures.ProcessPoolExecutor(max_workers=cpu_count()) as execut

results = [
executor.submit(remote_check_fitness, self.param, self.swarm[pindex],

self.error_fx, i)

for pindex in range(self.nparticles)
1
for £ in concurrent.futures.as_completed(results):
d = f.result()
swarm.append(f.result())
self.swarm = swarm

for pindex in range(self.nparticles):

particle = self.swarm[pindex]

if self.best_global _error == -1:
self.best_global_positions = list(particle.position)
self.best_global_error = particle.best_error
self.best_global_error_train = particle.error_train
self.best_global_error_valid = particle.error_valid
self.best_global_error_test = particle.error_test
strings = ["-" for _ in range(9)]
values = [count + 1] + strings + [i, self.max_iter, self.best_global_e

rror_train]

values += [self.best_global error_valid, self.best_global_error_test]

values += self.best_global positions
self.do_logging(values)
count += 1

# Check if current particle is best globally

if (
(particle.best_error < self.best_global_error)
and particle.position[@] > ©
and particle.position[1] > ©

self.best_global_positions = list(particle.best_positions)
self.best_global_error = particle.best_error
self.best_global_error_train = particle.error_train
self.best_global_error_valid = particle.error_valid
self.best_global_error_test = particle.error_test
self.best_global_setup = particle.setup
self.best_global_w = particle.best_w
self.best_global_c1 = particle.best_c1
self.best_global_c2 = particle.best_c2

time_passed = datetime.datetime.now() - start_time
seconds = time_passed.total_seconds()

values = [count + 1] + particle.w_range + [particle.w]
values += particle.cl_range + [particle.cl]
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. def SplitFractionedData(dataset, sheetdata, sheetname, rf, logMwag, logMstar, lastrow, she
etindex, option):

519
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534.

values += particle.c2_range + [particle.c2]
values += [i, self.max_iter, self.best_global_error_train]
values += [self.best_global_error_valid, self.best_global_error_test]

values += self.best_global_positions

self.do_logging(values)

print("---------m e ")

print(f"Count: {count+1}")

print(f"Global training error: {self.best_global error_train}")
print(f"Global validation error: {self.best_global_error_valid}")
print(f"Global testing error: {self.best_global_error_test}")
print(f"Global positions: {self.best_global positions[@]}, {self.best_

global positions[1]}")

print(f"Global setup: {self.best_global_setup}")
print(f"w: {self.best_global w:.2f}, cl: {self.best_global c1:.2f}, c2

: {self.best_global c2:.2f}")

print(f"Time passed: {time_passed}. Seconds: {seconds}")
print("-------me e ")
count += 1

for pindex in range(self.nparticles):
self.swarm[pindex].update_velocity(self.best _global positions)
self.swarm[pindex].update_positions()
i+4=1
final_time_passed = datetime.datetime.now() - start_time
final_seconds = final_time_passed.total_seconds()
print("---------------mmee e ")
print(f"Count: {count}")
print(f"Final positions: {self.best_global positions[@]}, {self.best_global positi

ons[1]}")

print(f"Final training error: {self.best_global error_train}")

print(f"Final validation error: {self.best_global error_valid}")

print(f"Final testing error: {self.best_global error_test}")

print(f"Final setup: {self.best_global_setup}")

print(f"w: {self.best_global w:.2f}, cl: {self.best_global c1:.2f}, c2: {self.best

_global_c2:.2f}")

print(f"Time passed: {time_passed}. Seconds: {final_seconds}")
print("---------mm e ")

def do_logging(self, data):
self.logs.append(data)

sheetdata = sheetdata.replace(np.nan, '', regex=True)
inputs = np.mat(sheetdata[["logFh", "a", "logC", "logMg/o*", "logMw/o*", "logNg,w/o",

"logNg,g/0", "rw"]])

rf_new = np.mat(sheetdata[["RF"]])

logMwag_new = np.mat(sheetdata[["logMwag"]])

logMstar_new = np.mat(sheetdata[["logM*"]])

sheetindex[sheetname] = list(range(lastrow, lastrow + len(sheetdata)))
lastrow = lastrow + len(sheetdata)

if option == 7:

return inputs, rf_new, logMwag_new, logMstar_new, sheetindex, lastrow
else:

rf = np.vstack((rf, rf_new))

logMwag = np.vstack((logMwag, logMwag_new))

logMstar = np.vstack((logMstar, logMstar_new))

dataset = np.vstack((dataset, inputs))
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574

. def

575.

return [dataset, rf, sheetindex, logMwag, logMstar], lastrow

kernelTrans(X, A, sigma, index):
K = kernelTransInner(X, A, sigma)
return K, index

kernelTransInner(X, A, sigma):

temp = X - A

factor =1 / (-1 * sigma ** 2)

K = np.exp(np.array([np.inner(x, x) for x in temp]) * factor).reshape(len(X), 1)
return K

calculatev2(param, gamma, sigma):

# Getting the data

xparam, yparam = param[@], param[1]

xtrain = np.memmap(xparam[@], dtype=xparam[1], shape=xparam[2], mode="r")
ytrain = np.memmap(yparam[@], dtype=yparam[1l], shape=yparam[2], mode="r")

# Initializing
length = np.shape(xtrain)[0]
kernel = [kernelTrans(xtrain[:], xtrain[i], sigma, i)[@][:, ©] for i in range(length)]

# Prepare full matrix

matrix = np.ones((length + 1, length + 1))

matrix[0@, @] = 0O

matrix[1:, 1:] = kernel + np.identity(length) * (1 / gamma)
solution = np.zeros((length + 1, 1))

solution[1l:, @] = ytrain[:, @]

# Calculate bias and alpha values

b_alpha = np.dot(np.linalg.inv(matrix), solution)
bias = b_alpha[@, 0]

alphas = b_alpha[1:, @]

b_alpha = b_alpha

return alphas, bias

predict(alphas, b, xref_xcheck, sigma):
xref = np.memmap(xref_xcheck[0][0], dtype=xref_xcheck[@][1], shape=xref_xcheck[0][2],

mode="r")

576.

xcheck = np.memmap(xref_xcheck[1][@], dtype=xref_xcheck[1][1], shape=xref_xcheck[1][2]

, mode="r")

577.
578.
579.
580.
581.
582.
583.

584.

def

585.
586.
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588.
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592.

m = np.shape(xcheck)[0]

predict_result = np.mat(np.empty((m, 1)))

for i in range(m):
Kx = kernelTrans(xref, xcheck[i, :], sigma, i)[@][:, O]
predict_result[i, @] = np.dot(Kx, alphas) + b

return predict_result

prediction_error(values, param):

y_train = np.memmap(param[1][@], dtype=param[1][1], shape=param[1][2], mode="r")
y_valid = np.memmap(param[3][@], dtype=param[3][1], shape=param[3][2], mode="r")
y_test = np.memmap(param[5][@], dtype=param[5][1], shape=param[5][2], mode="r")
gamma, sigma = values

alphas, bias = calculatev2(param, gamma, sigma)

y_pred_train = predict(alphas, bias, [param[@], param[@]], sigma)

y_pred_valid = predict(alphas, bias, [param[@], param[2]], sigma)

y_pred_test = predict(alphas, bias, [param[@], param[4]], sigma)
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def

def

error_train = np.sqrt(np.sum(np.square(y_train-y_pred_train))/len(y_train))
error_valid = np.sqrt(np.sum(np.square(y_valid-y_pred_valid))/len(y_valid))
error_test = np.sqrt(np.sum(np.square(y_test-y pred_test))/len(y_test))
return [error_train, error_valid, error_test]

remote_check_fitness(param, particle, function, iteration):
particle.check_fitness(function, param, iteration)
return particle

setup(particles):
#clc2s = [[0.0, 2.0]]
clc2s = [[0.0, ©.5],[0.5,1.0],[1.0,1.5],[1.5,2.0]]
ws = [[0.0, 1.0]]
setup = []
for i in range(len(clc2s)):
cl = clc2s[i]
for j in range(len(clc2s)):
c2 = clc2s[j]
for k in range(len(ws)):
w = ws[k]
addition = [c1, c2, w]
for _ in range(particles):
setup.append(addition)
return setup

name__ == main
print("-------------c-o--- Parameter Setup------------------ ")
print("--------------c--o- Save LSSVM Model----------------- ")

fractions = np.array([0.7, 0.15, 0.15])
base_path = "C:\\Users\\aizha\\PycharmProjects\\HelloWorld\\Output LSSVM\\Results"

base = "C:\\Users\\aizha\\PycharmProjects\\HelloWorld\\Input LSSVM"
filename = "Dataset_v13"
path = os.path.realpath(f"{base}\{filename}.x1lsx")
Sheets = [
"Fh=1 | Ap=1",
"Fh=2.1 | Ap=1",
"Fh=3 | Ap=1",
"Fh=12.9 | Ap=1",
"Fh=1 | Ap=400",
"Fh=2.1 | Ap=400",
"Fh=3 | Ap=400",
"Fh=12.9 | Ap=400",
"Fh=1 | Ap=1 | Hyst",
"Fh=2.1 | Ap=1 | Hyst",
"Fh=3 | Ap=1 | Hyst",
"Fh=12.9 | Ap=1 | Hyst",
"Fh=1 | Ap=400 | Hyst",
"Fh=2.1 | Ap=400 | Hyst",
"Fh=3 | Ap=400 | Hyst",
"Fh=12.9 | Ap=400 | Hyst",
]

gamma, sigma = 9.95, 0.7
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start_time_original = datetime.datetime.now()
lssvm = LSSVM(gamma, sigma)

print("--------- e Import and split the data----------------------
--")

start_time = datetime.datetime.now()

1ssvm.import_and_separate_data(path, Sheets, fractions)

time_passed = datetime.datetime.now() - start_time

deltatime = datetime.timedelta(seconds=time_passed.total_seconds())

print(f"Duration: {deltatime}")

print("------------ e Import and split the data: done----------------

--")

print("-------mmm e Exporting split data---------------------------
--")

filenames_split = {"train": f"combined_train_{fractions[@]}ratio_v13", "valid": f"comb
ined_valid_{fractions[1]}ratio_v13", "test": f"combined_test_{fractions[2]}ratio_v13"}

start_time = datetime.datetime.now()

Issvm.export_train_valid_test_data(base_path, filenames_split)

time_passed = datetime.datetime.now() - start_time

deltatime = datetime.timedelta(seconds=time_passed.total_ seconds())

print(f"Duration: {deltatime}")

print("---------mmmee e Exporting split data: done---------------------
__ll)

print("------- e Exporting indexes--------------ommmmmmmoo
__ll)

filenames_indexes = {"train": "0.7_train_indexes_v13", "valid": "©.15 valid_indexes_v1

3", "test": "@.15 test_indexes_v13"}
start_time = datetime.datetime.now()
1ssvm.export_sheet_indexes(base_path, filenames_indexes)
time_passed = datetime.datetime.now() - start_time
deltatime = datetime.timedelta(seconds=time_passed.total_seconds())
print(f"Duration: {deltatime}")
print("----------mm e Exporting indexes: done------------------------

--")

print("----------cemmeemee e Importing indexes------------------------------
--")

start_time = datetime.datetime.now()

1ssvm.import_sheet_indexes(base_path, filenames_indexes, Sheets)

time_passed = datetime.datetime.now() - start_time

deltatime = datetime.timedelta(seconds=time_passed.total_seconds())

print(f"Duration: {deltatime}")

print("------------ome oo Using constant reference data------------------
--")

filenames_split = {"train": f"combined_train_{fractions[@]}ratio_v13", "valid": f"comb
ined_valid {fractions[1]}ratio_v13", "test": f"combined test {fractions[2]}ratio vi13"}

file train, file_valid, file_test = filenames_split["train"], filenames_split["valid"]
, filenames_split["test"]

path_train = os.path.realpath(f"{base_path}\\{file_train}.xlsx")

path_valid = os.path.realpath(f"{base_path}\\{file valid}.x1lsx")

path_test = os.path.realpath(f"{base_path}\\{file_test}.xlsx")

colm_x = ["logFh", "a", "logC", "logMg/o*", "logMw/o*", "logNg,w/o", "logNg,g/o", "rw

start_time = datetime.datetime.now()
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")

--")

+")

+")

+)

+")

lssvm.use_already_separated_data(path_train,path_valid, path_test, colm_x, ["RF"], ["1
ogMwag"], ["logM*"], "single")
time_passed = datetime.datetime.now() - start_time

deltatime = datetime.timedelta(seconds=time_passed.total_seconds())

print(f"Duration: {deltatime}")

print("-------mm e Starting LSSVM run---------cmmmmmm oo

print("--------cmmmmm e Normalizing constant reference data------------

start_time = datetime.datetime.now()

1ssvm.normalize_data()

time_passed = datetime.datetime.now() - start_time
deltatime = datetime.timedelta(seconds=time_passed.total_seconds())

print(f"Duration: {deltatime}")

print("-------mmmm e Normalizing constant reference data: done------

#Make mmap files

optimize_these_numbers = [0.5, 0.5]

xtrain, ytrain = lssvm.x_train[:, :], lssvm.y_train[:, :]
xvalid, yvalid = 1lssvm.x_valid[:, :], 1lssvm.y_valid[:, :]
xtest, ytest = lssvm.x_test[:,

xtrain_shape, ytrain_shape
xvalid_shape, yvalid_shape
xtest_shape, ytest_shape =

xtrain_name, ytrain_name =

xvalid_name, yvalid name =

path_mmap_xtrain
path_mmap_xvalid

:], 1lssvm.y_test[:, :]

np.shape(xtrain), np.shape(ytrain)
np.shape(xvalid), np.shape(yvalid)
np.shape(xtest), np.shape(ytest)

"mmap_xtrain", "mmap_ytrain"
"mmap_xvalid", "mmap_yvalid"
xtest_name, ytest _name = "mmap_xtest", "mmap_ytest"

os.path.realpath(rf"{base_path}\{xtrain_name}")
os.path.realpath(rf"{base_path}\{xvalid_name}")

path_mmap_xtest = os.path.realpath(rf"{base_path}\{xtest_name}")

path_mmap_ytrain
path_mmap_yvalid

os.path.realpath(rf"{base_path}\{ytrain_name}")
os.path.realpath(rf"{base_path}\{yvalid_name}")

path_mmap_ytest = os.path.realpath(rf"{base_path}\{ytest_name}")

mmap_xtrain

np.memmap(path_mmap_xtrain, dtype="float64", shape=xtrain_shape, mode="w

mmap_xvalid = np.memmap(path_mmap_xvalid, dtype="float64", shape=xvalid_shape, mode="w

mmap_xtest = np.memmap(path_mmap_xtest, dtype="float64", shape=xtest_shape, mode="w+"

mmap_ytrain = np.memmap(path_mmap_ytrain, dtype="float64", shape=ytrain_shape, mode="w

mmap_yvalid = np.memmap(path_mmap_yvalid, dtype="float64", shape=yvalid_shape, mode="w

mmap_ytest = np.memmap(path_mmap_ytest, dtype="float64", shape=ytest_shape, mode="w+"

mmap_xtrain[:], mmap_ytrain[:
mmap_xvalid[:], mmap_yvalid[:
mmap_xtest[:], mmap_ytest[:

del mmap_xtrain

]

[ —p—

= xtrain[:], ytrain[:]
= xvalid[:], yvalid[:]
xtest[:], ytest[:]
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--")

--")

--")

-7

--")

del mmap_xvalid
del mmap_xtest
del mmap_ytrain
del mmap_yvalid
del mmap_ytest

param = [
[path_mmap_xtrain, "float64", xtrain_shape],
[path_mmap_ytrain, "floaté4", ytrain_shape],
[path_mmap_xvalid, "floaté4", xvalid_shape],
[path_mmap_yvalid, "floaté4", yvalid_shape],
[path_mmap_xtest, "floate4", xtest_shape],
[path_mmap_ytest, "floate4", ytest_shape],

]

print("--------m e PSO PUN= === - m oo m oo e e

n_particles, n_iterations = 10, 50
setup = setup(n_particles)
start_time = datetime.datetime.now()
pso = PSO(
prediction_error,
optimize_these_numbers,
param,
setup,
number_of particles=n_particles,
max_iterations=n_iterations,
)
try:
pso.optimize()
except KeyboardInterrupt:
print("sun"

time_passed = datetime.datetime.now() - start_time
deltatime = datetime.timedelta(seconds=time_passed.total seconds())
print(f"Duration: {deltatime}")
columns = ["Count", "w_min", "w_max", "w", "Cl_min", "C1_max", "C1", "C2_min"]
columns += ["C2_max", "C2", "Iteration", "max_iteration"”, "Global train Error"]
columns += [ "Global validation error", "Global test error", "gamma", "sigma"]
df = pd.DataFrame(data=np.mat(pso.logs), columns=columns)
filename = f"PSO_log iter{n_iterations}_par{n_particles} v13_rand_w@3"
path = os.path.realpath(f"{base_path}\{filename}.x1lsx")
with pd.ExcelWriter(path) as writer:

df.to_excel(writer, sheet_name="PSO Logs", index=False)

print("----------cemmemeee e PSO run: done----=-----mocommommme e

print("-------mm e LSSVM PUN= == === = s o oo o e e e e

start_time = datetime.datetime.now()

1ssvm.calculate()

time_passed = datetime.datetime.now() - start_time

deltatime = datetime.timedelta(seconds=time_passed.total seconds())

print(f"Duration: {deltatime}")

print("------m e LSSVM run: don@----------commmmmmm e -

print("-------mm e Training run---------co oo

start_time = datetime.datetime.now()
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-

--")

--")

")

1ssvm.train()

time_passed = datetime.datetime.now() - start_time

deltatime = datetime.timedelta(seconds=time_passed.total_seconds())
print(f"Duration: {deltatime}")

print("-------mm e Trainig run: done------------------~--~—~-~--------
ll)
print("-------mm e Validation process----------------------—------

start_time = datetime.datetime.now()

lssvm.validate()

time_passed = datetime.datetime.now() - start_time

deltatime = datetime.timedelta(seconds=time_passed.total_seconds())

print(f"Duration: {deltatime}")

print("-------mmm e Validation process: done-----------------------

print("--------em e Testing process-----------------oommoooooo

Issvm.x_train = lssvm.x_train[:,:]

Issvm.y train = lssvm.y_train[:,:]

start_time = datetime.datetime.now()

1ssvm.check()

time_passed = datetime.datetime.now() - start_time

deltatime = datetime.timedelta(seconds=time_passed.total_seconds())

print(f"Duration: {deltatime}")

print("--------em e Testing process: done----------------—--~-——~-~-—---

print("------- e Exporting the results--------------------------

filenames_combined = {"train": £"0.7_train_results_v13 {gamma} {sigma}","valid": f"0.1

5 valid _results_v13 {gamma}_{sigma}", "test": £"0.15 test_results _v13 {gamma}_{sigma}"}

1ssvm.export_after_lssvm _prediction(base_path, filenames_combined)
filenames_split = {"train": f"split_©.7_train_results_v13_{gamma}_{sigma}", "valid": f

"split_@.15 valid_results_v13_ {gamma}_{sigma}", "test": f"split_0.15 test_results_v13_{gam

ma}_ {sigmal}"}

start_time = datetime.datetime.now()
1ssvm.export_after_lssvm_prediction_as_sheets(base_path, filenames_split, Sheets)
time_passed = datetime.datetime.now() - start_time

deltatime = datetime.timedelta(seconds=time_passed.total_seconds())

print(f"Duration: {deltatime}")

print("------------cocmcoooeeoo o Exporting the results: done--------------------

print("-------mcmememe e SUMMANY === == === - m s o m oo oo
time_passed_total = datetime.datetime.now() - start_time_original
deltatime = datetime.timedelta(seconds=time_passed_total.total_seconds())

print(f"Duration: {deltatime}")
print("-----------------oee e End -------mmmmmm o
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