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Petrophysical evaluation of clastic formations in boreholes with incomplete well
log dataset by using joint inversion technique and machine learning algorithms
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Abstract

A succesful petrophysical evaluation of shaly-sand formations requieres: 1) the availability of high quality well log ~ Key words: clastic formations, well
data and, 2) a petrophysical model that successfully represents the geological conditions of the rocks. Unfortunately,  logs, petrophysical joint inversion,
it is not always possible to fulfill these conditions, and in many cases the set of well logs is incomplete. machine learning.
To determine petrophysical parameters (i.e., volumes of laminar, structural and disperse shale) in clastic rocks from

incomplete well log data we followed three approaches which are based on a hierarchical model, and on a joint in-

version technique: 1) Available well log data (excluding the incomplete well log) are used to train machine learning

algorithms to generate a predictive model; 2) the first step of the second approach machine learning algorithms

are used to generate the missing data which are subsequently included a joint inversion; 3) in the third approach,

machine learning process is used to estimate the missing data which are subsequently included in the prediction of

the petrophysical properties. The supervised learning paradigm we used was in a joint based on different regression

models (linear, decision trees, and kernel).

A performance analysis of the three approaches is conducted with synthetic data (representing real conditions of

clastic formations from an oil field in southern Mexico). We simulated gamma ray, deep resistivity, P-wave travel time,

bulk density and neutron porosity logs by means of a hierarchical petrophysical model for clastic rock to accomplish

a controlled analysis. The three different approaches were applied without P-wave travel time data to analyze the

impact of the missing information.

In general, the results indicate an adequate petrophysical parameter determination in each of the approaches. Metric

evaluations indicate that the best performance was obtained by the second approach followed by approaches one and

three. The correct estimation of the volumes of shale distribution could not be correctly resolved by any of the three

applied methods but the total shale content could accurately be predicted which suggests that there is a non-unique-

ness problem.

Resumen

La incertidumbre en la evaluacion petrofisica de las formaciones areno-arcillosas depende de la calidad de los datos ~ Palabras clave: formaciones
de registros geofisicos de pozo disponibles y del modelo petrofisico que represente adecuadamente las condiciones  clasticas, registros geofisicos de
geoldgicas de la roca, pero desafortunadamente, no siempre se cumplen con estas condiciones. pozo, inversion petrofisica conjunta,
Para determinar los pardmetros petrofisicos (volumenes de arcilla laminar, estructural y dispersa) en rocas clasticas  aprendizaje automatico.

en casos de falta de informacién de registros de pozo, hemos desarrollado tres enfoques basados en un modelo je-

rarquico de la roca y en la técnica de inversidén conjunta: 1) Registros geofisicos de pozo disponibles (excluyendo los

registros de pozo incompletos) son usados para entrenar los algoritmos de aprendizaje automatico para generar un

modelo predicitivo; 2) un segundo enfoque comprende un primer paso en el que se utilizan algoritmos de aprendizaje

automatico para generar datos de registros geofisicos faltantes y posteriormente, la técnica de inversién conjunta es

aplicada; 3) en el tercer enfoque, el proceso de aprendizaje automatico se usa para estimar los datos faltantes, los

cuales son posteriormente usados para predecir las propiedades petrofisicas. En este trabajo usamos el paradigma de

aprendizaje supervisado en diferentes modelos de regresion: lineal, drboles de decision y kernel.

Se presenta un caso de estudio con datos sintéticos (que representa condiciones reales en formaciones clasticas en

un campo petrolero en el sur de México) para comparar los tres enfoques descritos. Modelamos los registros de rayos

gamma, resistividad profunda, tiempo de transito de la onda P, densidad y porosidad de neutrones usando un modelo

petrofisico jerarquico para rocas clasticas para realizar un andlisis controlado. Los tres diferentes enfoques fueron

aplicados sin los datos de tiempo de transito de onda P para analizar el impacto de la falta de esta informacion.

En general, los resultados indican una determinacion adecuada de los pardmetros petrofisicos en cada uno de los en-

foques analizados. Las métricas de evaluacion indican que el mejor desempefio se obtuvo con el enfoque dos, seguido

del unoy el tres. La correcta estimacion de los volimenes de las distribuciones de arcilla no pudo ser determinada por

ninguno de los tres métodos aplicados, pero el contenido total de arcilla se pudo predecir con precision, lo que sugiere

que existe el problema de no unicidad.
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1. Introduction

Clastic rocks are economically important because they com-
prise around 60% of the world reservoir formations (Bjgrlykke
and Jahren, 2010). The geological complexity of clastic forma-
tions, petrophysical models and quality and completeness of
measured borehole data generate uncertainty in the petrophysical
evaluation of geologically complex clastic formations, especially
in the determination of volume and spatial distribution pattern
of shale (laminar, structural, and disperse).

The shale spatial distribution affects rock petrophysical
properties such as porosity or permeability (Han et al., 1986;
Thomas and Stieber, 1975; Wilson and Pittman, 1977) as well
as the physical quantities measured by the well logging tools
(Aquino-Lopez et al., 2015; Han, 1986; Minear, 1982; Tosaya
and Nur, 1982; Wyllie ef al., 1958).

Clastic formation evaluation has been undertaken based on
different petrophysical models, each one idealizing the rocks
by considering different parameters. The most popular petro-
physical model to estimate porosity was proposed by Archie in
1942, which is to be used when porosity logs are not available,
and mainly to determine water saturation in clean sand rocks.
Archie’s petrophysical model has been additionally used in the
evaluation of clastic formations with shale content (Bust et al.,
2013; Worthington, 2000, 2001, 2011), but in real conditions it
is not appropriate for this purpose.

Over the years, by incorporating the internal rock structure,
Archie’s model, was modified to be able to evaluate shaly-sand
formations. Some modifications are based on the electrical length
path through the rock (Winsauer etal., 1952); internal geometry
of porous media (Perez-Rosales, 1982) and particle shape (Wyllie
and Gregory, 1953).

Other modifications of the Archie’s model focused on deter-
mining water saturation, takes into account shale content distribu-
tion. Most known petrophysical models consider dispersed shale
volume (Waxman and Smits, 1968); laminar shale distribution (as
the Indonesian model, Poupon et al., 1954); free water within the
pore spaces of the reservoir rock and the bound water within
the clay matrix (Clavier et al., 1984); homogeneous mixtures
of sorted sand and natural shale that works regardless of shale
distribution (Shedid and Saad, 2017; Simandoux, 1963). These
models consider empirical parameters such as the cementation
exponent “m” derived from core measurements which renders
petrophysical interpretation difficult.

To adequately determine the water saturation of shaly-sand
formations, it is necessary to estimate the shale distribution by
using previously developed petrophysical models (Aquino-Lopez
etal.,2011; Minear, 1982; Thomas and Stieber, 1975; Zwennes,
2017). New techniques and models that allow the evaluation of
shaly-sands formations taking into account the shale distribution

have been developed, in particular, to simulate P- and S- wave
velocity (Minear, 1982); there are volumetric petrophysical
model for laminated shaly-sands combining isotropic and
anisotropic models properties of formations (Mezzatesta et al.,
2002); one that includes all volumes of shale distribution by
using conventional and unconventional well logs (Mezzatesta
et al., 2006). Recently, a hierarchical petrophysical model of
shaly-sand formations has been elaborated, which comprises
three levels of homogenization where the model parameters
are the spatial distribution of shale, sand, porosity and fluid
saturation (Aquino-Lopez et al., 2011).

The set of inversion techniques comprise a large number of
mathematical and statistical tools to obtain (“invert”) model
parameters from the measured, tools that are based on forward
modeling and inverse theory (Meju, 1994; Snieder and Trampert,
1999; Zhdanov, 2002). They have been widely used to obtain
rock properties from a chosen petrophysical model; one of their
first applications comprised their application, through linear
equations, together with conventional well logs to conduct a
volumetric analysis (Mitchell and Nelson, 1988). In the last
years the inversion technique has been applied to: a) invert single
well logs, such as the array-induction tools, to find petrophysical
properties such as porosity and permeability (Alpak et al., 2006;
Torres-Verdin et al., 2006), b) to apply acoustic and electrical
logs in microstructure evaluation of carbonate formation (Kaza-
tchenko ez al., 2004), c) in the joint inversion of several types of
well logs to evaluate carbonates and organic shales formations
(Heidari and Torres-Verdin, 2014), d) to estimate shale-gas
formations (Heidari and Torres-Verdin, 2013), e) to determine
microstructure in carbonate formations (Kazatchenko et al.,
2007) and f) to calculate volumes of shale distribution in clastic
formations (Aquino-Lopez et al., 2011; 2015).

The joint inversion technique is suitable for predicting model
parameters by using different borehole physical measurements
(gamma ray, electrical resistivity, neutron porosity, bulk density,
photoelectric factor, P- and S- wave travel time), and as already
mentioned, its adequate application depends on the quality and
quantity of information available. It is well known that in old oil
fields it is necessary to deal with incomplete borehole data,
mainly without P-wave travel time.

Petrophysical interpretation based on missing well log in-
formation can be solved by using machine learning algorithms,
which create systems with the ability to learn without being
explicitly programmed, that is, automatically and without human
intervention (Koza et al., 1996), to preserve and to generate
knowledge through examples and experience (Mitchell, 1996).

To develop a prediction algorithm, it is necessary to analyze
the available data to discover patterns and reproduce them in
another dataset. The algorithm learns from complete well log
information and then can to predict data in wells with incomplete



information. Examples of prediction of reservoir properties based
on artificial intelligence methods include: 1) neural networks
applied to measurement while drilling (MWD) and wireline logs
(Bhatt and Helle, 2002), 2) prediction of density, resistivity and
neutron using wells logs and location data in sand formations
(Rolon et al., 2009), 3) prediction of electrical conductivity
(Nguyen-Sy et al., 2021), 4) creation of synthetic neutron logs
by using well log data (Ghavami, 2011), 5) prediction of shear
sonic log by using different machine learning algorithms (Bukar
etal.,2019).

In this paper we analyze the performance of three different
approaches for determining lacking P-wave well log, and the
parameters of a hierarchical petrophysical model, based on
supervised machine learning, and well log joint inversion as a
workflow to deal with missing well log datasets in evaluation
of shaly-sand formations.

2. Fundamentals of machine-learning

Machine learning is part of the artificial intelligence sci-
entific field, including interdisciplinary relationships between
mathematics, statistics, and computer science. The concept
“machine learning” was introduced in 1959 as a part of artificial
intelligence. It considers that computers have the ability to learn
without being explicitly programmed (Samuel, 1959).

The machine learning algorithms can identify and extract
the complex structure of the data. Among the different types of
machine learning techniques, the most popular are supervised
and unsupervised learning processes (James et al., 2013).

e In unsupervised learning the data set is composed only
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by a feature vector (x;) comprising several instances or
(N) numbered samples. The data are not labeled, and the
goal is to find structures and patterns inside the samples
to create a new representation that led to the best data
interpretation.

{Ge)3Is

e In supervised learning the data set uses a set of known output
data (labeled data, y;) to make a predictive model using a
feature vector (x;).

{(xi;}’i)}?]ﬂ

Two different approaches can be used as a part of supervised
learning techniques:

e C(lassification: consists of assigning a label to a data vector,
these labels are defined as a finite number of classes, which
can be binary (two classes), y €{0,1} or multi-classes,
y€{0,1,2,3,..., n};

e Regression: consists in the prediction of a label which is a
continuous numerical value based on a feature vector, y € R

The prediction of physical and petrophysical properties results
in numerical continuous values obtained by means of a regression
model as part of supervised learning technique. According to the
"No free lunch” theorem (Wolpert and Macready, 1997), there is
not a universal machine learning algorithm applicable to every
prediction problems and we will work with three different model
prediction groups: linear models, decision tree-based models and
kernel models (Figure 1).

-Linear Ridge (LRR)
-Bayesian Ridge (BRR)

-Extremly randomized trees (ETR)
-Random forest (RF)

-Gradient Boosting trees (GBT)
-Extreme gradient boosting (XGB)

-Support vector machine (SVM)
-Gaussian process (GPR)

Figure 1. Three different groups of regression models and their algorithms used in this analysis.
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2.1 Linear Models

Linear regression is a very straightforward approach to
quantitatively predict the labeled data y; from a predictor vari-
able x;. This model assumes that there is approximately a linear
relationship between x; and y; (James et al., 2013). We can write
this linear relationship as:

yX,w) = wy + w X; + -+ wi X, (1)

where
y(X,w): is the response model (label).
X;: are the characteristics of input data (features).
w: weights are constants representing the intercept and slope in
the linear model.

In this work we used: 1) linear ridge regression (LRR) which
controls the tradeoff between fitting and overfitting during linear
regression by adding a penalty term to the original equation
(shrinkage penalty term) (Bishop, 2006; Hoerl and Kennard,
1970; Shalev-Shwartz and Ben-David, 2014) and 2) Bayesian
ridge regression (BRR) which assigns a probabilistic model to
the regression problem which will avoid the over-fitting problem
of maximum likelihood (Bishop, 2006).

2.2 Tree Based Models.

Decision tree-based models are defined as an acyclic flow-
chart used to make a decision (Figure 2). A main node is divided
by means of an if/then condition, which will examine the feature
vector and their relationships with the label vector. The main node
(root node) branches and represents the output of a condition,

each one leads to a decision node or a leaf node that represents
the end of the test (Friedl and Brodley, 1997).

Four different tree models were used in this work: 1) The
Random Forest (RF) is an ensemble method based on decision
trees; the model introduces extra randomness when splitting a
node; it searches for the best feature among a random subset of
features (Géron, 2019; James et al., 2013). 2) Extremely ran-
domized trees (ETR) are based on an ensemble method by using
many decision trees, the model makes trees even more random
by also using random thresholds and it uses the whole learning
sample, and it is much faster to train than regular random forests
(Géron, 2019; Geurts et al., 2006). 3) Gradient boosting tree
(GBT) and 4) Extreme gradient boosting (XGB) are based on
ensemble methods and the main idea of boosting is to train pre-
dictors sequentially, where each tree is grown using information
from previously grown trees trying to correct its predecessor
(Géron, 2019; James et al., 2013).

2.3 Kernel models

The term “kernels" is used to describe inner products in the
feature space that allow that linear parametric models can be re-
cast into an equivalent ‘dual representation’ in which the predic-
tions are also based on linear combinations (Bishop, 2006; Boser
et al., 1992; Shalev-Shwartz and Ben-David, 2014). Therefore, it
represents a linear version of any non-linear data-based algorithm.

For models we used in this paper, which are based on a fixed
non-linear mapping of the feature space, ¢(x), to a higher dimen-
sional space, the kernel can be expressed as K(x;,x; ) =¢(x; )" ¢(x;)
(Bishop, 2006).

Figure 3 on the left depicts two data sets that are not linearly
separable, on the right side of the figure, it can be seen that in a

Root
node

v

Decision
node

v v

Decision
node

v

Decision
node

v v

v

v

Figure 2. Scheme of application of a decision tree, modified from Friedl and Brodley (1997).



higher dimension space, it is possible to separate the data using

a linear relationship.

Two different kernel models were used in this work: 1) Sup-
port vector machines (SVM) that allow to map the data into a
higher dimensional feature space via nonlinear mapping, after
which a regression can be performed in this feature space (Wang
and Hu, 2015). 2) Gaussian process (GPR), in these models a
prior probability distribution over functions is directly defined
and the inference takes place in the space of functions (Bishop,
2006; Rasmussen and Williams, 2006).

The regression models are useful for the prediction of numer-
ical values, unfortunately, there is no preferred model (i.e., better
or worse than another) since each one has significant different
weakness or robustness’s, for example:

e Linear models are useful for making quick predictions be-
cause their implementation is easy and the overfitting is low,
however, they cannot model complex or non-linear relation-
ships and presents errors when outliers are present in the data.

e Decision tree models are good at learning complex or non-lin-
ear relationships and are robust to noise and overfitting,
however, trees can be difficult to interpret because they can
be too complex.

e Kernel-based models are useful to predict complex or non-lin-
ear relationships and are robust to noise and maximize the
solution margins, however, finding a suitable kernel function
can be difficult in addition to the longer processing time.

3. Petrophysical model
The high heterogeneity in shaly-sand formations poses prob-

lems to a correct petrophysical evaluation. Managing to include
the rock composition, considering the main components and
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their distribution, in a model as much as closest to the reality
provides an opportunity for a correct evaluation of these for-
mations. In this study, the used petrophysical model considers
three hierarchical levels (Figure 4). The first one is related to
components inside the pores, the second at sandstone rock and
the third level considers intercalations of laminar shales and
sandstones (Aquino, 2011).
The petrophysical hierarchical model is composed by:
e First level of homogenization: A pore space composed by
water, hydrocarbons (oil and gas) and dispersed shale.
e Second level of homogenization: A sandstone composed by
quartz, structural shale, and pores.
e Third level of homogenization: Composed by intercalations
of sandstone and laminar shale.

The modelling of physical effective properties on the first
and second homogenization levels were achieved by using the
micromechanical method of the effective media approximation
(EMA). EMA has been applied for modelling acoustic velocities
and electrical conductivity in carbonates rocks (Kazatchenko et
al., 2004, 2007; Markov et al., 2005) and clastic rocks (Aqui-
no-Lopez et al., 2011, 2015). This method is used to simulate
effective properties considering the content and shape of different
components of the model at the first and second homogeniza-
tion levels. On the third homogenization level a transversely
isotropic medium composed by layers of shale and sandstones
is considered.

The petrophysical parameters considered in the model were
obtained through a joint inversion of conventional well-log data.
The procedure consists in the minimization of a cost function
(equation 2), that comprises a weighted sum of the squares dif-
ferences of experimental and predicted data (Aquino-Lépez et
al., 2015; Aquino-Lépez et al., 2011; Kazatchenko et al., 2007)
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Figure 3. Data linearly separable after a transformation into a higher dimensional space (modified from Miiller and Guido, 2016).



1662 | Geofisica Internacional (2025) 64-3

Pj ’ Sandstone

Laminar
Shale

|

PFIFIIISISS

tFeF T e¥e
22:2:3:2:322

Structural
Shale

Quartz

Figure 4. On the left side are represented the three-level hierarchical models for shaly-sand formations based on the size of the components
(Aquino, 2011). On the right side the photographs show the components at different levels. First level pore-filling by shale (Kaolinite) (Zhang
etal.,2017). Second level quartz and clay-sized particles (Zeng et al., 2020). Third level laminar shale (Hajizadeh et al., 2019).

F(Zl) = Wd”d(m) - dobsllz + A(Wm”m - mallz) (2)

Where:
d, 1s a vector of measured data that include gamma ray, deep
resistivity, bulk density, P-wave travel time, S-wave travel time,
neutron porosity.
d(m) is a vector of simulated data.
m is a vector of the model petrophysical parameter that includes
laminar, structural, dispersed shales, gas, oil and water volumes.
m, is the vector of the initial model.
W, weight coefficients of data.
W,, weight coefficients for model components.
A regularization parameter.

4. Methodology

To establish the best approach to determine petrophysical
parameters, we simulate, by using the hierarchical model, the
synthetic well logs data (gamma ray, deep resistivity, neutron
porosity, bulk density, P- and S- wave travel time). The advan-
tage of this treatment is that we know the response of physical
properties of a controlled synthetic model (Figure 5).

The methodology applied in this work is focused on the
determination of the petrophysical properties of the rocks when
well log information is incomplete, and it comprises the appli-
cation of the three described different approaches that lead us
to the prediction of petrophysical properties (laminar, structural
and dispersed shale and fluids volumes) using machine learning
techniques and hierarchical petrophysical model for clastic rocks.

The implementation process of the three mentioned ap-
proaches for estimating petrophysical parameters followed the
steps as described below:

4.1 Data analysis and preparation.

Many factors as enviromental conditions, tool failure and
human errors affect the well log information. These incorrect
data are labeled in the well log with the flag -999. These values
and low quality data must be deleted because they generate error
in machine learning models. The process of correcting inaccu-
racies, clean anomalous data, classiffy and organization of the
available data constitutes a big part of the data preparation and
their analysis. Once we have the clean and the available data
identified, we create our training and validation templates which
will be used in our prediction process.
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Figure 5. Well log data and related petrophysical properties. Track 1: gamma ray, track 2: deep resistivity, track 3: neutron porosity and bulk
density, track 5: shale distribution (laminar, structural and disperse), track 6: volume of water, track 7: volume of oil and gas.

4.2 Data transformation.

Well log data sets contain different types of measurements
with varying scale magnitudes, for example, gamma ray has a
value range from O to 300 API units, resistivity from 0.0001 to
200000 Ohm-m, porosity from 0 to 0.4, density from 2 to 3 gr/
cc. These large range magnitud variations need to be scaleted
due inputs with larger range values may significantly affect
the outputs of models (Anemangely et al., 2019). We use the
standarization (z-scores normalization) to scale our data and is
useful to compare data from different samples or populations,
it is defined as:

3)

Where:
z= standardized variable
x= original data
u=mean of the population
o= standard deviation of the population.

4.3 Data Partitioning

In this step we randonmly separate our training data in two
segments, train and test datasets. Train data is used to train ma-
chine learning models and test data is used to test the trained
model and it is never used to train the model. A 70 to 30 split
ratio is commonly used to partition the data for training and test-
ing purposes respectively. One of the most popular partitioning
ratio is 70% training subdata and 30% test subdata and it was
used in this paper.

4.4 Metric evaluation

Once the training data has been processed with different
machine learning algorithms it is necessary to asses the per-
formance of each model to select the best one. To do that, we
choose three different performance metrics (equations 4-6).
Root-mean-square error (RMSE) and a normalized root-mean-
square error to compare errors between data with different scale
magnitudes. RMSE and NRMSE are measured in the units of
y and it is not always clear what constitutes good RMSE and
NMRSE values. We use the coefficient of determination (R?) as
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an alternative measure of fit and is independent of the scale of
y (James et al., 2013).

, . SO-9?

=== @
5)
(©)

Where
9 The predicted value
y The real values
y The mean of y values
n Number of samples

4.5 Approaches to apply Machine Learning for predicting
petrophysical parameters

This study was focused to analyze the performance of ma-
chine learning (ML) methods in the case of incomplete data,
namely when a physical parameters was lacking. The physical
parameter was the P-wave travel time. Three approaches were

considered to predict petrophysical parameters considered in the
petrophysical model. For prediction of P-wave travel time and
petrophysical parametrs by using machine learning, we used the
models mentioned above (LRR, BRR, ETR, RF, GBT, XGB,
SVM and GPR). These approaches are the following ones:

4.5.1 Approach 1 (Petrophysical prediction by using ML
without P-wave travel time)

This case comprises a data set where the P-wave travel time
is absent. In this approach, the P-wave travel time was not gener-
ated. To predict the petrophysical parameters we trained machine
learning models with available information and evaluate their
performance to select the optimal one (Figure 6).

4.5.2 Approach 2 (Prediction of P-wave travel time by using
ML and petrophysical parameters determination by joint
inversion)

The second approach comprises an application of the tech-
nique of machine learning followed by the joint inversion pro-
cedure to estimate petrophysical parameters of the clastic rocks.
In this case as a first step (Figure 7), we generate the missing log
(P-wave travel time) by means of machine learning technique.
To do that, we train the machine learning models and evaluate
their performance to select the best one. After that, we use the
validation data to predict the well log missing.

Data preparation stage

ML train stage Validation stage

70%
> ;
train data ML train for : ;
Incomplete Data Data | ! Data split ] Ly Metric evaluation
data set Analysis preparation P petrophyslcal and model selection
> 30% properties

test data ¢ I

Trained Validation Petrophysical
» data [ phy:
model prediction
(new data)

Figure 6. Proposed steps for prediction of petrophysical parameters (approach 1).

Data preparation stage

ML train stage Validation stage

70%
—> B
train data ML train for i i
Incomplete Data Data || Data split ' Ly Metric evaluation
data set Analysis preparation p petrophy;lcal and model selection
30% properties
test data ¢ Validati
! alidation ;
Trained »| data > Phy;lgal
model prediction
(new data)

Figure 7. Proposed steps for prediction of missing well log data.




In the step 2, once we have a complete dataset, conformed
by original data (gamma ray, deep resistivity, neutron porosity,
bulk density and S- wave travel time) and machine learning
predicted P-wave synthetic data, we applied the joint inversion
procedure to estimate petrophysical parameters of the clastic
rocks (Figure 8).

4.5.3 Approach 3 (Petrophysical prediction with a complete
data set by using ML)

In this approach, we applied a double machine learning
process. The first one is focused to obtain P- wave travel time
data similarly to step one of approach 2 (Figure 7).

Once a complete data set is available, composed of original
data (all logs except P-wave travel time) and predicted machine
learning data (P-wave travel time), we applied a second machine
learning process. In this step, we train our machine learning
models and select the best one. After that we use the complete
data and obtain the petrophysical parameters of the hierarchical
model of clastic rocks (Figure 6).

5. Application
The three developed approaches to determine the hierarchical

model petrophysical parameters (volumes of laminar, structural
and dispersed shales and fluids) were applied to three synthetic
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well logs data (well-1, well-2 and well-3), each one is composed
of 2,924 samples (5,848 for training and 2,924 for testing). The
synthetic data was separated into two groups. The first one is
composed by the well-1 and well-3 and was considered for the
training process. The second one is composed by the well-2,
which was used for validation (Figure 9).

Two additional parameters were considered (shale volume
and hydrocarbon volume) amounting to a total of five well log
data and nine petrophysical parameters. Basic statistical param-
eters (minimum, maximum, standard deviation and mean) for
every physical property resulting of the training and test data
are shown for gamma ray, electrical resistivity, neutron porosity,
bulk density and P-wave travel time (Figure 10). All properties
for training and testing data and all statistics are very close,
which means that data are correlated, and it is expected to be
good determination of petrophysical parameters.

Figure 11 shows the statistics of the real petrophysical pa-
rameters derived from the train and test wells. It is noteworthy
that there is a higher variation in the petrophysical parameters
than in the well log data.

5.1 Proposed Case of Study

We first tested the three different approaches described above
on the synthetic data shown in Figure 5. As already mentioned,
we considered that P-wave transit time was not available. Next,
the results of applications of the three approaches in the deter-

Complete »| Joint inversion » | Petrophysical
data set of well logs prediction

Figure 8. Step two for prediction of petrophysical parameters (approach 2).

Synthetic well log 1 Synthetic well log 3 Synthetic well log 2

Combined data

Y

Y

70% train machine learning models
30% test machine learning models

Validation

Figure 9. Partitioning of the data used to develop the three different approaches.
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Figure 11. Statistical description of train and test datasets of petrophysical parameters described by the model.

mination of petrophysical properties are presented. Only the
coefficient of determination (R?) is described to select the best
prediction because it is more informative than RMSE and NRMSE
in regression problems (Chicco et al., 2021). In cases where R*
is not informative, all the metrics described above will be used.

5.1.1 Results with approach 1 (Petrophysical prediction by
using ML without P-wave travel time)

As mentioned before, approach 1 was applied to determine
the hierarchical petrophysical parameters without requiring an

estimation of the missing well log data. In the training stage, we
used as feature data bulk density, electrical resistivity, neutron
porosity and gamma ray logs, and as label data the petrophysical
parameters describing the hierarchical model (Figure 12). Figure
12 was elaborated to show the workflow followed to predict the
petrophysical parameters with approach 1.

Once the models were trained for each of the properties to
be predicted, their performance evaluation was assessed, and the
best learning machine models were selected to be used in the
validation stage. Figure 13 shows the results of training evalua-
tion using R* score in three different groups. Group a) shows the
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Figure 12. Workflow followed to predict the petrophysical parameters with approach 1. “Hydrocarbon
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Figure 13. R? score in training stages for petrophysical parameter determination by using the different machine learning models.

evaluation of shale and its distribution. The total shale shows the
best training (R?) compared to the shale distribution especially
structural and disperse. Group b) shows sandstone evaluation
where training is adequate in almost all models. Group c) shows
fluid evaluation. Water shows good R? training in almost all the
models, hydrocarbon volume shows a good R? training compared
to oil and gas volumes.

After metric evaluation and model selection, the validation
data was input to the model to predict the petrophysical proper-
ties. In Figure 14 it can be observed the matching degree between
the actual and predicted properties.

The predicted data generated by the models during validation
presents a high fitting degree in most cases, Table 1 shows the
performance of validation.

5.1.2 Results with approach 2 (Prediction of P-wave travel
time by using ML and petrophysical parameters determination
by joint inversion)

As mentioned before, in approach 2, a requirement is to
generate the missing well log data (step 1) to proceed to the
petrophysical parameters determination of the hierarchical model.
In this training step we used as feature data the bulk density,
electrical resistivity, neutron porosity and gamma ray logs, and
as label data the P-wave travel time of wells one and three (Figure
15). Figure 15 was elaborated to show the workflow followed to
predict de P-wave travel time.

Eight different machine learning models (LRR, BRR, ETR,
RF, GBT, XGB, SVM, and GPR) were applied to obtain the
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Figure 14. Comparison of results of the validation process following approach 1. Predicted values match quite well to the well log measured values.

Table 1. Performance of petrophysical evaluation following approach 1.

Model Parameter R? RMSE NRMSE
GPR Laminar shale (LSH) 0.8143 0.1025 0.3138
GBT Structural shale (SSH) 0.1905 0.1042 0.9612
GPR Disperse shale (DSH) 0.4398 0.0362 0.6638
ETR Sandstone (SS) 0.9887 0.0147 0.2706
GPR Water 0.9244 0.0100 0.1129
ETR Oil 0.6713 0.0145 0.5842
ETR Gas 0.8205 0.0074 0.7579
ETR VSH = LSH + SSH + DSH 0.9895 0.0193 0.0394

RF VHC = Oil + Gas 0.8619 0.0119 0.3430
)\
Available data
-Bulk density ML train for physical Metric evaluation
-Electrical resistivity »| propertie (P-Wave travel > and model
-Neutron porosity time) selection
-Gamma ray
v
Validation data _ . _| P-Wave travel time
» Trained model > -
(new data) prediction

Figure 15. P-Wave travel time prediction by using available physical data.



missing well log data. The selection of the best model was
based on those having the lowest RMSE and NRMSW, and the
highest R%. The performance of these machine learning methods
is depicted in Figure 16.

Once the best model was selected (ETR), this trained learning
model was applied to the validation data (well 2) to find the well log
of the transit time. Table 2 shows the performance of the P-wave
transit time prediction. The left side of Figure 17 shows the com-
parison between the real and predicted data, and in its right side it
is shown a cross plot showing the dispersion of the predicted data.

. P-Wave evaluation
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Figure 16. Comparison of results of the validation process following
approach 2. ETR, and RF methods yielded the best approximations.
GPR resulted in a poor fit.
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Once the set of well log data was complete, the numerical
joint inversion process described at the end of section 4 (i.e.,
equation 2) was applied to obtain the petrophysical properties of
the hierarchical model. Figure 18 shows the difference between
the actual and predicted data.

Prediction of petrophysical data using approach 2 provide
better results than those obtained from approach 1, except for
the spatial distribution of shale. Table 3 shows the performance
after the inversion process.

5.1.3 Results with approach 3 (Petrophysical prediction with
a complete data set by using ML)

In approach 3, the prediction of petrophysical properties
includes in its first phase an estimate of the missing well log
(P-wave travel time in this case). For the training stage, we used
the bulk density, electrical resistivity, neutron porosity, gamma
ray logs, while P-wave constitutes the feature data, and the
petrophysical properties describing the petrophysical hierarchical
model as the label data (Figure 19). Figure 19 was elaborated to
show the workflow followed to predict petrophysical properties
by using an incomplete data set.

Table 2. Performance of transit time prediction.
Well log Model R? RMSE
IDT ETR 0.758315 3.7622

NRMSE
0.041521

P-Wave travel time

® Actual
© Predicted

40

60 80 100 120

P-Wave (USEF/FT)

140

Figure 17. Right side: Comparison between real and predicted P-wave travel time following approach 2. Left side: Cross-plot of predicted

and measured travel times.
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Figure 18. Comparison of results of the validation process following approach 2. Predicted values match quite well to the well log measured values.

Table 3. Performance measurements of petrophysical estimations following approach 2.

Model Parameter R? RMSE NRMSE
Inversion LSH 0.68845 0.13289 0.40652
Inversion SSH -0.1776 0.12579 1.15941
Inversion DSH 0.14972 0.04467 0.81784
Inversion SS 0.9927 0.0119 0.03078
Inversion Water 0.92202 0.01017 0.11482
Inversion Oil 0.8641 0.00937 0.37567
Inversion Gas 0.87497 0.00621 0.6328
Inversion VSH 0.99744 0.00956 0.01952
Inversion VHC 0.90637 0.00982 0.28248

:
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Figure 19. Petrophysical properties prediction by using incomplete data set following approach 3. -Hydrocarbon




Figure 20 shows the R? score of the results of training eval-
uation of three different groups. Group a) shows the evaluation
of shale and its distribution. Group b) shows sandstone. Group
c¢) shows fluid evaluation. Model training using a complete data
set showed superior performance (compared to approach one)
on all petrophysical properties. The best models were used in
the validation stage for every petrophysical parameter (Table 4).

Once the best models were determined according the results
shown in Table 4, they were applied to the validation data to
predict the petrophysical properties. Figure 21 enables a com-
parison between the actual and predicted data and Table 4 shows
their respective performances.

5.1.4 Discussion

The results shown above for the three different approaches
indicate that they have different performances. Table 5 shows that
an approach may be better than another, for example, approach
3 showed a lower performance compared to approaches 1 and 2.

In the training stage approach 3, the use of an extra piece
of information (P-Wave travel time) lead to a better perfor-

Shale evaluation

Sand evaluation
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mance metrics compared to approach 1 where the missing
well log were not generated, however in the validation stage,
approach 1 showed a better performance metrics compared
to approach three.

Our results indicate that it is not possible to determine without
high uncertainty levels, the correct values for shale distribution,
nevertheless, for the well log analysis, the results are promising.
A very interesting fact is that the calculation of the total volume
of shale, that showed an accurate prediction, suggests that there
is an equivalence problem which should be analyzed in more
detail in future research.

The application of different machine learning models indi-
cates that there is not a unique model to optimally predict all
the petrophysical properties in agreement with Wolpeet and
Macready (1977) that stated that some methods performed very
good in predicting specific petrophysical properties, but no good
agreement was obtained in all the properties.

In this study, the best performances were obtained in the
following order: first by approach two, then for approach one
and finally for approach three. The results also showed that the
performance of the three different approaches was not enough

Fluid evaluation
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Figure 20. Training results of machine learning models by approach 3.

Table 4. Performance measurements of petrophysical estimations following approach 3.

Model Parameter R? RMSE NRMSE

GPR LSH 0.7739 0.1131 0.3462

RF SSH 0.2189 0.1024 0.9442
GPR DSH 0.3986 0.0375 0.6877
ETR SS 0.9867 0.0160 0.0413
ETR Water 0.8984 0.0116 0.1310
ETR Oil 0.6091 0.0158 0.6370
GPR Gas 0.7632 0.0085 0.8707
ETR VSH 0.9875 0.0210 0.0430
ETR VHC 0.8713 0.0115 0.3311
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Figure 21. Comparison of results of the validation process following approach 3. Predicted values match quite well to the well log measured data.

Table 5. Comparison of the different approaches used, shaded the best ones.

Approach 1 Approach 2 Approach 3
R RMSE  NRMSE R RMSE  NRMSE R RMSE  NRMSE

LSH 08143 01025 03138 | 068845 01328 040652 07739  0.1131 03462
SSH 0.1905  0.1042 09612  -0.1776  0.1257  1.15941 | 02189  0.1024 = 09442
DSH 0.14972 00446 081784 03985 00375  0.6877

S 09887 00147 02706 09867 0016 00413
Water 09220 00101 011482 08984 00116  0.131

oil 0.6713 00145 05842 0.6091 00158  0.637
Gas 0.8205 00074  0.7579 07632 0.0085  0.8707
VSH 09895 00193  0.039% 09875  0.021 0.043
VHC 08619 00119 0343 08713 00115 03311

for the prediction of the spatial distribution of shale, especially
in structural and dispersed shale (R?*<0.44), but for the total shale
content estimation they presented a high level of accuracy in the
three different approaches (R*>0.98).

6. Conclusions

This performance analysis of the results obtained with appli-
cation of machine learning methods to wells with an incomplete
dataset indicates that petrophysical prediction with a reasonable de-
gree of accuracy is possible by using machine learning algorithms
together with a joint inversion technique following the described
approaches. Furthermore, it was demonstrated that the best per-

formances were obtained in the following order: first by approach
two, then for approach one and finally for approach three and they
can be used when any well log data is not available. The results
also showed that the performance of the three different approaches
was not enough for the prediction of the spatial distribution of
shale especially in structural and dispersed shale (R?><0.44), and
that for the total shale content estimation it presented a high level
of accuracy in the three different approaches (R*>0.98).

The prediction of the P-wave travel time log can be calculated
with a high level of certainty by machine learning models. The
decision tree-based machine learning models provided the best
performance, and the synthetic P-wave travel time log could be
used for predicting petrophysical properties (approaches 2 and
3), showing favorable results.



Using a complete dataset (approach 2) by previously gener-
ated P-wave travel time log with a robust petrophysical model
together with a well log joint inversion technique, provided better
results than approaches 1 and 3 for predicting petrophysical
properties.
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