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The use ofmachine learning in rock physics has been rapidly
increasing, however its application has not yet been popu-
larised in cross-property modelling. The traditional mathe-
matical models of cross-property modelling are often inef-
fective in the presence of clay or do not have any porosity
terms due to the nature of their derivation. It is unclear
what effect these two potentially problematic factors have
on cross-property modelling accuracy. In this light, I use
neural networks to model electrical properties from elas-
tic measurements in public sandstone laboratory data and
vice versa, and assess the importance of explicitly account-
ing for clay and porosity in cross-property modelling. I run
three tests for both the forward and inverse problem: 1)
including both clay volume fraction (VC l ay ) and porosity
as neural network features; 2) including porosity but not
VC l ay as a feature; and 3) including neither porosity nor
VC l ay as a feature. I find modelling elastic properties from
electrical measurements is least accurate when porosity is
a feature but VC l ay is not. On the other hand, modelling
electrical properties from elastic measurements is most ac-
curate when porosity is a feature butVC l ay is not. Principal
component analysis of the input features shows the first
principal component is dominated by the electrical or elas-
tic moduli and porosity, while the second and third are dom-
inated by pressure andVC l ay . It is clear that the role of clay
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and porosity in cross-property modelling is complex, how-
ever machine learning seems a promising way to improve
our understanding of this complexity.

K E YWORD S
Machine learning, electrical, elastic, cross-property, modelling,
neural network, rock physics

1 | INTRODUCTION
Machine learning methods are being rapidly adapted and developed in the field of rock physics, with notable progress
in areas such as digital rock physics (e.g., Dvorkin et al. (2011); Saad et al. (2018); Miarelli and Della Torre (2021)) and
pore- to laboratory or field scale property estimation (e.g., Gottschalk and Knight (2022); Dræge (2018); Menke et al.
(2021)). While machine learning has been used for seismic rock physics inversion (e.g. Côrte et al. (2020); Weinzierl
and Wiese (2021); Downton et al. (2019)), facies and pore-type classification (e.g., Beloborodov et al. (2021); Sharifi
et al. (2021); Zhang and Zhan (2017)), and well log generation and analysis (e.g., Akinnikawe et al. (2018); Rolon et al.
(2009); Wu et al. (2018)), it has been ostensibly under-applied in cross-property modelling, including modelling the
relationship between a rock’s electrical and elastic properties.

These elastic-electrical cross-property relationships are of interest to the reservoir geoscienceswhere joint electrical-
elastic inversion using controlled source electromagnetic (CSEM) and seismic data can improve reservoir character-
isation compared to the inversion of only CSEM or seismic data (Alcocer et al., 2013; Harris et al., 2009; Hu et al.,
2009; Gehrmann et al., 2019). This is because, for the physical interpretation of these inversion results, we require
understanding of the rock physics which link CSEM data to seismic data.

While Economou and Alaei (2016) presented a direct link from the electrical to elastic properties of rocks based
on regression, most electrical-elastic models published to date relate the rock properties to one another analytically
(Mavko et al., 2020). Carcione et al. (2007) proposed a suite of models by the substitution of electrical models into
elastic models through the shared variable, porosity. This method of substitution through porosity was first performed
by Sevostianov and Kachanov (2002), and has since been used by Werthmüller et al. (2013), and Han (2018), among
others. Joint electrical-elastic modelling using a single model parameter has historically had mixed success (e.g., Wang
and Gelius (2010); Han et al. (2011a); Jensen et al. (2013)), and Han et al. (2016) concluded that a new model was
needed to relate the electrical and elastic properties of a rock with a single set of model parameters.

A model which satisfied these criteria was proposed by Cilli and Chapman (2021a), whereby the electrical and
elastic Differential Effective Medium (DEM) models (e.g., Mendelson and Cohen (1982); Berryman (1992); Cilli and
Chapman (2020)), both derived from first principles with consistent assumptions, were combined by substitution
through porosity to form the cross-property DEM model. Like the other cross-property models derived from sub-
stitution through porosity (e.g., Carcione et al. (2007)), the cross-property DEM model has no porosity terms, yet
unlike many other models, is derived from first principles. Derived from potential theory, the cross-property DEM
model also extends to model the relationships between other physical properties, such as the electrical and thermal
conductivities of composite materials (Cilli and Chapman, 2021b).

A strength of these porosity-free models is that they do not depend on porosity information away from well
control. However, the idealised mathematical assumptions which allow us to remove porosity from these models may
not always reflect reality and so we may be sacrificing model accuracy for the use of fewer model parameters; this
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remains unclear.
The presence of clay can affect the physical properties of rocks, with the addition of only a small amount altering

elastic (Han et al., 1986) and electrical (Waxman and Smits, 1968) properties significantly. To date, mathematical
models such as the cross-property DEM model are not equipped to effectively account for the presence of clay. One
can build clay mineralogy into the modelled background material, however choosing the correct solid mixing equation
is not trivial, while selecting the correct clay moduli and conductivity is especially challenging and could only be done
accurately by inverting for these hyper-parameters. Furthermore, the models are not generally derived to account for
clay-related electrical phenomena such as the double-layer effect (Waxman and Smits, 1968).

In principle, the use of machine learning in electrical-elastic modelling allows us to constrain the effect of utilising
clay and porosity information on modelling accuracy. Namely, we are able to use a neural network with the same
hidden architecture to model electrical data from elastic measurements and vice versa, with and without clay and/or
porosity features (inputs). Here I do this, performing electrical-elastic cross-property modelling using machine learn-
ing rather than the traditional mathematical model approach. In doing this, we see modelling error does not simply
decrease as more modelling features are introduced. Rather, we observe a more complex relationship between the
network features used and modelling error.

We commence by overviewing the data used in this study, followed by the electrical and elasticmodellingmethods
and the details of the neural network implementation for modelling. I then present the obtained results in both
electrical and elastic modelling, discuss principal component analyses and modelling errors, and draw conclusions.

2 | METHOD
2.1 | Data
I used the public laboratory dataset of Han et al. (2011b) to examine the forward and inverse electrical-elastic mod-
elling of sandstones using neural networks. The dataset has been described in depth by Han et al. (2011b). Sandstone
cores from multiple international localities with mixed mineralogies were tested in the laboratory, where Vp, Vs, den-
sity, mineralogy, and electrical conductivity were measured among other properties. All measurements were taken at
pressures 8, 15, 20, 26, 40, 60 MPa.

In this study, I model using measurements made on 63 of these cores. The statistics of the pertinent measured
parameters across the cores are seen in Table 1, showing a large range in porosity, clay volume fraction, and electrical
conductivity.

2.2 | Electrical Modelling
I ran three tests which used neural networks to model electrical conductivity from some of Vp, Vs, density, pressure,
porosity, and clay volume fraction measurements, training a different neural network for each test. The tests were
designed to assess the modelling sensitivity to having porosity and clay volume fraction as network features. Table 2
summarises the features (inputs) and targets (outputs) in each test.

2.3 | Elastic Modelling
I also ran three tests which used neural networks to model Vp or three elastic properties from some of electrical con-
ductivity measurements, pressure, porosity, and clay volume fraction. Like in the electrical modelling case, a different
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TABLE 1 Statistical description of 63 cores measured by Han et al. (2011b) used in this study.

Measurement Min Mean Median Max
Vp (m/s) 2753 4346 4357 5540

Vs (m/s) 1381 2573 2601 3320

ρ (kg/m3) 2094 2450 2449 2664

σ (×10−3 S/m) 4.98 94.7 52.0 847.5

VC l ay 0 0.10 0.10 0.28

φ 0.02 0.12 0.12 0.28

P (MPa) 8 28 23 60

ρ, density; φ, porosity; VC l ay , clay volume fraction; P ,
pressure; σ , electrical conductivity.

TABLE 2 Features, targets, and RMS errors for the three electrical modelling tests. Note each test has one fewer
feature than the previous. The RMS errors shown are calculated on the blind test data

Electrical test number Features Target RMS error (S/m)
1 Vp ,Vs , ρ, φ,VC l ay , P σ 8.51 × 10−3

2 Vp ,Vs , ρ, φ, P σ 8.17 × 10−3

3 Vp ,Vs , ρ, P σ 13.46 × 10−3

ρ, density; φ, porosity; VC l ay , clay volume fraction; P , pressure; σ , electrical
conductivity.

neural network was trained for each test and the tests were designed to assess the modelling sensitivity to having
porosity and clay volume fraction as input features. Table 3 summarises the features and targets in each test. Elastic
Test 1 entailed predicting Vp, Vs and density, however, to avoid the optimisation problem being underdetermined,
Elastic Tests 2 and 3 predicted only Vp.

2.4 | Neural network implementation
Machine learning was employed to model both electrical data from elastic measurements and elastic data from elec-
trical measurements separately. In all modelling cases, the same multilayer perceptron architecture and optimisation
parameters were used. The neural network was composed of an input layer with a variable number of features de-
pending on the test, followed by 7 hidden layers with 100 neurons then one hidden layer with 50 neurons. The
subsequent output layer had one or three targets depending on the test. All activation functions were hyperbolic tan-
gent and a learning rate of 10−3 was used. The loss function was mean squared error and the Adam (Kingma and Ba,
2014) optimisation algorithm was employed. All tests ran to 2000 epochs although convergence generally occurred
in less than 1000.

For all six tests, twenty percent of all available data was randomly chosen and held aside as the blind test dataset.
The remaining data was randomly split 60% : 40% into testing and validation datasets, respectively. Standard (Z-score)
scaling was applied to data before feeding into the neural network.
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TABLE 3 Features, targets, and RMS errors for the three elastic modelling tests. Note each test has one fewer
feature than the previous. Tests 2 and 3 only modelled Vp to ensure the problem was not underdetermined. The
RMS errors shown are calculated on the blind test data.

Elastic test number Features Target(s) Vp RMS error (m/s) Vs RMS error (m/s) ρ RMS error (kg/m3)
1 σ , φ,VC l ay , P Vp ,Vs , ρ 66.7 54.2 12.5

2 σ , φ, P Vp 258.9 N/A N/A

3 σ , P Vp 177.8 N/A N/A

ρ, density; φ, porosity;VC l ay , clay volume fraction; P , pressure; σ , electrical conductivity.

3 | RESULTS
3.1 | Electrical Modelling Results
Figure 1 shows modelled conductivities from Electrical Tests 1 to 3, while Table 2 shows the modelling errors. From
Table 2, it is clear that modelling with both porosity and clay volume fraction as features (Electrical Test 1) leads
to reasonably accurate predictions (e.g., when compared to Table 2). However, it is interesting to observe that the
modelling error is even lower when clay volume fraction is removed from the feature list (Electrical Test 2). As might
be expected, the modelling error was highest when both clay volume fraction and porosity were omitted as features
(Electrical Test 3).

We see in Figure 1 the measured-predicted electrical conductivity cross-plot, showing the smallest scatter in
Electrical Test 2 and the largest in Electrical Test 3, as described statistically in Table 2. The misfits in measured and
predicted conductivities shown in rows 2 to 4 of Figure 1 also reflect this, with the smallest visible scatter in Electrical
Test 2 and the largest in Electrical Test 3.

3.2 | Elastic Modelling Results
Figure 2 shows modelled elastic properties from Elastic Tests 1 and Figure 3 shows modelled Vp from Elastic Tests
1-3, while Table 3 shows the modelling errors. Table 3 shows that modelling with both porosity and clay volume
fraction as features (Elastic Test 1) leads to the most accurate predictions of Vp. Unlike the electrical case, however,
the modelling error is highest when clay volume fraction is removed from the feature list but porosity remains (Elastic
Test 2). The modelling error when both clay volume fraction and porosity are omitted as modelling features (Elastic
Test 3) is significantly higher than when they are both included (Elastic Test 1).

4 | DISCUSSION
4.1 | Principal Component Analysis
Principal component analysis (e.g., Jolliffe and Cadima (2016)) can be used to further investigate the importance of
clay and porosity in cross-property modelling. Table 4 shows the principal components of the features of Electrical
Test 1 such that over 93% of the data’s variance is explained. The first principal component, explaining 59% of the
variance in the data, is most dependent on the rock’s elastic properties as well as its porosity. The second and third
components, which together explain 34% of the variance in the data, are both mostly dependent on the rock’s clay



6 P. A. Cilli

TABLE 4 Principal components of the features of Electrical Test 1 such that over 93% of the data’s variance is
explained. Columns show the component value for each listed feature. Features of high importance to each principal
component are shown in boldface.

Principal Component Number EVR Vp Vs ρ VC l ay φ P

1 0.59 -0.50 -0.44 -0.50 -0.23 0.50 -0.08

2 0.20 0.23 0.36 -0.20 -0.53 0.20 0.67
3 0.14 -0.16 -0.21 -0.03 0.68 0.05 0.68

EVR, Explained Variance Ratio; ρ, density; φ, porosity;VC l ay , clay volume fraction; P , pressure.

TABLE 5 Principal components of the features of Elastic Test 1 such that over 95% of the data’s variance is
explained. Columns show the component value for each listed feature. Features of high importance to each principal
component are shown in boldface.

Principal Component Number EVR σ VC l ay φ P

1 0.54 0.62 -0.46 0.63 0.00

2 0.25 -0.04 -0.03 0.02 1.00
3 0.17 0.36 0.88 0.29 0.03

EVR, Explained Variance Ratio; σ , conductivity; φ, porosity; VC l ay , clay vol-
ume fraction; P , pressure.

volume fraction and pressure.

Performing principal component analysis on the features of Elastic Test 1, Table 5 shows the corresponding prin-
cipal components such that over 95% of the data’s variance is explained. The first principal component explains 54%
of the variance in the data and is most dependent on the rock’s electrical conductivity as well as its porosity. The sec-
ond principal component, which explains 25% of the variance in the data, is almost entirely dependent on pressure.
The third principal component explains 17% of the data’s variance and is highly dependent on the rock’s clay volume
fraction.

We can conclude from Tables 4 and 5 that the first principal component, which explains over 50% of the variance
in each dataset, is primarily a function of elastic or electrical moduli and porosity, while the second and third principal
components are predominantly functions of pressure and clay volume fraction.

4.2 | Modelling Error Analysis
We have observed that, in the case of electrical modelling, the error is lowest of all three scenarios when clay vol-
ume fraction is omitted from the list of features. However, we see the opposite occurring in the elastic modelling
case, where the largest error in Vp estimation happens when clay volume fraction is omitted from the list of features.
The presence of only a small amount of clay is known to change both the electrical and elastic properties of rocks
significantly, so it could be these complex clay effects which lead to the observed, possibly unexpected result.

Another possibly reason why Electrical and Elastic Tests 2 have the lowest and highest modelling errors in their
classes respectively could be the implementation of neural networks in modelling. In all 6 tests, the same neural
network architecture was used. However, it is possible that modelling electrical properties would require a different
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TABLE 6 RMS coefficient of variation for all tests.

Test RMS coefficient of variation (%)
Electrical 1 10.6

Electrical 2 10.2

Electrical 3 16.7

Elastic 1 1.5

Elastic 2 5.9

Elastic 3 4.0

neural network to modelling elastic properties to obtain the most accurate predictions of both. Indeed, every test may
benefit from its own optimised neural network architecture and learning rate. Aware of these potential methodolog-
ical shortcomings, I designed this experiment using a single network architecture and parameterisation regardless to
reduce the number of independent variables and parameters, encouraging comparability of results and repeatability
of the experiment.

Table 6 shows the RMS coefficient of variation or normalised RMS for every test, where the RMS coefficient of
variation is defined here as the RMS error normalised by the mean of the measured dependent variable. Comparing
coefficients of variation, we see the elastic modelling was an order of magnitude more accurate than the electrical
modelling. This is interesting as the ratio of features to targets is lower in elastic modelling than in electrical. This
asymmetry in modelling accuracy is notable and may have implications for the implementation of joint electrical-
elastic modelling.

It is clear from Table 6 that including clay volume fraction as a feature leads to more accurate modelling of elastic
properties (Elastic Test 1). This may be a benefit of neural network modelling over traditional mathematical methods,
where accurately capturing the effects of clay can be notoriously difficult. As is often the case in physical modelling,
one potential downside of using neural networks instead of mathematical models for cross-property modelling is hav-
ing limited understanding of the physical processes being modelled. Therefore, in the case where we are focussed
predominantly on making cross-property estimates, neural network modelling such as that shown here may be appro-
priate. However, in the case that a physical understanding of cross-property modelling is required, a first-principles
model such as the cross-property DEM model is likely to be appropriate.

Another source of uncertainty in the elastic modelling part of this experiment is that Elastic Test 1 predicts three
elastic properties and Tests 2 and 3 predict only one property. To assess the impact of having a different set of targets
in the neural network and hence terms in the associated optimisation’s objective function, I ran a fourth elastic test
the same as Elastic Test 1, but with one target only: Vp. The results were similar to those of Elastic Test 1 (Tables 3
and 6), with a Vp RMS error of 60.2 m/s, and RMS coefficient of variation of 1.4%. Although the modelling in this
fourth elastic test is marginally more accurate than Elastic Test 1, presumably because the optimisation is not fitting
multiple variables simultaneously, the interpretation of this study’s results remains unchanged.

5 | CONCLUSIONS
While mathematical models currently dominate cross-property modelling, they have their shortcomings due to phys-
ical inconsistencies or unrealistic assumptions. Some of these shortcomings can be avoided by machine learning
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modelling at the cost of losing some understanding of the underlying physics. Using machine learning can lead to the
effective modelling of electrical properties from elastic measurements and vice versa, but the role of clay and poros-
ity in this modelling is complex and still far from understood. Principal component analysis tells us that moduli and
porosity are of primary importance while pressure and clay volume fraction are of secondary importance in explain-
ing variance in the examined, public dataset. Ultimately, we can conclude that machine learning and data analytical
techniques show promise in better understanding the roles of clay and porosity in cross-property relations.
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a b c

d e f

g h i

j k l

F IGURE 1 Conductivities modelled from elastic measurements. Columns show three electrical tests: Left)
Electrical Test 1: Including porosity and clay volume fraction; Centre) Electrical Test 2: Including porosity but no clay
volume fraction; Right) Electrical Test 3: Including neither porosity nor clay volume fraction. The top row (a-c) shows
cross-plots of measured and predicted conductivity and the 1:1 line. The second row (d-f) shows measured and
modelled conductivity as a function of measured Vp, while the third row (g-i) and fourth row (j-l) show the measured
and modelled conductivity as functions of measured Vs and density respectively.
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d e f

a b c

F IGURE 2 Elastic properties modelled from electrical measurements using both porosity and clay volume
fraction as features (Elastic Test 1). The top row (a-c) shows cross-plots of measured and predicted a) Vp, b) Vs, and
c) density, as well as the 1:1 line. The second row shows measured and modelled d) Vp, e) Vs, and f) density as a
function of measured conductivity.
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d e f

a b c

F IGURE 3 Vp modelled from electrical measurements. Columns show three elastic tests: Left) Elastic Test 1:
Including porosity and clay volume fraction; Centre) Elastic Test 2: Including porosity but no clay volume fraction;
Right) Elastic Test 3: Including neither porosity nor clay volume fraction. The top row (a-c) shows cross-plots of
measured and predicted Vp and the 1:1 line. The second row (d-f) shows measured and modelled Vp as a function of
measured conductivity. Note a) and d) are also shown in Figure 2.


