&

Swansea University ‘C ronfa

Prifysgol Abertawe Setting Research Free

Cronfa - Swansea University Open Access Repository

This is an author produced version of a paper published in:
Computer Methods in Applied Mechanics and Engineering

Cronfa URL for this paper:
http://cronfa.swan.ac.uk/Record/cronfa48290

Paper:

Li, X., Liu, Z., Cui, S., Luo, C., Li, C. & Zhuang, Z. (2019). Predicting the effective mechanical property of
heterogeneous materials by image based modeling and deep learning. Computer Methods in Applied Mechanics and
Engineering

http://dx.doi.org/10.1016/j.cma.2019.01.005

This item is brought to you by Swansea University. Any person downloading material is agreeing to abide by the terms
of the repository licence. Copies of full text items may be used or reproduced in any format or medium, without prior
permission for personal research or study, educational or non-commercial purposes only. The copyright for any work
remains with the original author unless otherwise specified. The full-text must not be sold in any format or medium
without the formal permission of the copyright holder.

Permission for multiple reproductions should be obtained from the original author.

Authors are personally responsible for adhering to copyright and publisher restrictions when uploading content to the
repository.

http://www.swansea.ac.uk/library/researchsupport/ris-support/


http://cronfa.swan.ac.uk/Record/cronfa48290
http://dx.doi.org/10.1016/j.cma.2019.01.005
http://www.swansea.ac.uk/library/researchsupport/ris-support/ 

Accepted Manuscript .

Predicting the effective mechanical property of heterogeneous materials
by image based modeling and deep learning

Xiang Li, Zhanli Liu, Shaoqing Cui, Chengcheng Luo, Chenfeng Li,
Zhuo Zhuang

PIL: S0045-7825(19)30009-X
DOI: https://doi.org/10.1016/j.cma.2019.01.005
Reference: CMA 12242

To appear in: Comput. Methods Appl. Mech. Engrg.

Received date: 27 September 2018
Revised date: 22 December 2018
Accepted date: 2 January 2019

Please cite this article as: X. Li, Z.L. Liu, S. Cui et al., Predicting the effective mechanical property
of heterogeneous materials by image based modeling and deep learning, Computer Methods in
Applied Mechanics and Engineering (2019), https://doi.org/10.1016/j.cma.2019.01.005

This is a PDF file of an unedited manuscript that has been accepted for publication. As a service to
our customers we are providing this early version of the manuscript. The manuscript will undergo
copyediting, typesetting, and review of the resulting proof before it is published in its final form.
Please note that during the production process errors may be discovered which could affect the
content, and all legal disclaimers that apply to the journal pertain.



*Highlights (1

Predict the mechanical properties of heterogeneous materials by deer learning
Generate numerous training samples based on stochastic reconstruc.,
Transform sample images to finite element models by image processing

An artificial neural network to predict mechanical properti.s b’ material
structure

The novel method is accurate and efficient in predicting mecha. ‘cal properties




*Manuscript
Click here to download Manuscript: Manuscript.docx Click here to view linked References

Predicting the effective mechanical property of heterogen.ous

1

2 materials by image based modeling and deep learnig

;

Z Xiang Li*, Zhanli Liu**, Shaoqing Cui®, Chengcheng L. *

; Chenfeng Li®, Zhuo Zhuang®
13 *Applied Mechanics Lab., Dept. of Engineering Mechanics, S .noo! ot ~. cospace,
11 Tsinghua University, Beijing 100084, Chi~a
1? ® Zienkiewicz Centre for Computational Engineering, Swansea Jniversity,
12 Swansea, United Kingdor-
16
17
18
19
22 Abstract
22 In contrast to the composition uniformn, of homogencous materials,
;2 heterogeneous materials are normally con,, nsed of two or more distinctive
25 constituents. It is usually recognized t .. “h~ erfective material property of a
;g heterogeneous material is related to the m .hanical property and the distribution
gg pattern of each forming constituent. Howe ver, to establish an explicit relationship
30 between the macroscale mechanicc . ~nei‘y and the microstructure appears to be
gé complicated. On the other hand, machine 'earning methods are broadly employed to
33 excavate inherent rules and corr..a.. ~ns based on a significant amount of data samples.
gg Specifically, deep neural nec.orks ¢ ¢ established to deal with situations where
36 input-output mappings are  xtensive.y complex. In this paper, a method is proposed to
i; establish the implicit ma, nir g br .ween the effective mechanical property and the
zg mesoscale structure of ieteroger.cous materials. Shale is employed in this paper as an
41 example to illustrate the 1.~thod. At the mesoscale, a shale sample is a complex
ji heterogeneous ce apc ite that consists of multiple mineral constituents. The
44 mechanical prover..~. of each mineral constituent vary significantly, and mineral
22 constituents ar : dic.ributed in an utterly random manner within shale samples. Large
j; quantities of s.. (e s.mples are generated based on mesoscale scanning electron
49 microscoy y ima_es using a stochastic reconstruction algorithm. Image processing
gg techniques are e aployed to transform the shale sample images to finite element
52 mode’s. Firite element analysis is utilized to evaluate the effective mechanical
gj prope ties of che shale samples. A convolutional neural network is trained based on
gg th - “mages of stochastic shale samples and their effective moduli. The trained network
57
58
59 * Corresponding author. Tel.: +86- 10-62771114; Fax: +86- 10-62771114.
22 Email: liuzhanli@tsinghua.cdu.cn (ZL Liu)
62
63
64

[e))
6]



0 Jo Ul WN

AT OO AU O EEDDLDAEDELAEDWWWWWWWWWWNRNNONNNONNNNDNNE PR R e e
AR WNROWVWOJNNBEWNRFRPOWOVWOJAUUBRAWNRLOWOWOJIANNDWNROWOJOANUBWNROWOLJOU D WNR OO

is validated to be able to predict the effective moduli of real shale samples .ccurately
and efficiently. Not limited to shale, the proposed method can be further ex..~ded to
predict effective mechanical properties of other heterogeneous materials

Keywords: Heterogeneous materials; Shale; deep learning; stochastic -=cc struction;

1. Introduction

<,

The complex microstructure and various forming constitue..* of heterogeneous
materials have long posed difficulties to the study of t!ecir ef*active mechanical
properties. Researchers have studied the effective mecha ical p operties, such as
elastic modulus and thermal conductivity, based on anal ,tical »oproaches [1-5]. These
approaches are generally developed based on simplifiec - odels and statistical data. In
this paper, a new method is proposed to predict the efte. ““ve mechanical properties of
heterogeneous materials. Unlike the studies men.. ned at yve, the proposed method
takes advantage of computational mechanics ~nd deep learning methods. A
representative heterogeneous material, shale, . <iupioyed in this paper for illustration.

Shale is a multi-phase, multi-scale fine grainc ! sedimentary rock. Shale makes
up around 75% of sedimentary basins of the er th and is critical to petrol and natural
gas exploitation [6]. Shale gas is norn. .7 ab. orbed onto organic kerogen of shale
rock. The recent development of horwontal drilling and hydraulic fracturing
techniques has made the large producti. ~ of shale gas possible. These techniques are
closely related to the shale’s m~~roscopic mechanical properties such as effective
modulus, hardness, and strer :th. Ho 'ever, experimental researches reveal that the
macroscopic mechanical prr pertic. 2" different shale samples vary drastically [7]. For
this reason, the research n 1 2cheical properties of shales is sometimes conducted
from a mesoscale point Jf viev. ' |.

At the mesosce e, ."ale is considered as a type of complex heterogeneous
composites that ¢ ‘sts of multiple mineral constituents [9]. These mineral
constituents inclu. » g .artz, illite, feldspar, calcite, kaolinite, pyrite, dolomite, kerogen,
etc [10, 11]. T ¢ modui. s of each mineral constituent is proved to be highly deviated
based on nanc d .ntat on experiments [8]. As an example, the modulus of quartz and
feldspar ar. ielative.y high, and the modulus of kaolinite and illite are considerably
lower in ¢ ymparis »n. To understand the correlation between shale mesoscale structure
and th. maciuscopic mechanical is vital to provide insights into the engineering
desig 1 of sha e gas extraction. Because of the complex mesoscale structure of shale,
to revea. ..s implicit correlation by means of analytical analysis seems impractical
an. ar yuous. However, with the advancement of computer technology, this problem
becor. »s much more accessible with the help of computational mechanics approaches.

The development of machine learning has been highly motivated with the
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advancement of computer science. Some of the early machine learnins methods
include the perceptron [12], genetic programming [13], and the Monte C.ric method
[14]. After the 1990s, the proper orthogonal decomposition [15], adapt’ .. boost [16],
support vector machine [17, 18], particle swarm optimization method. 19’ have been
established and applied to various engineering fields.

Besides the previously mentioned machine learning method-, u. > artii.cial neural
network (ANN) has become a significant branch of machi. ~ ] arning. In 1943,
McCulloch and Pitts [20] proposed the mathematical fra-..work .f the artificial
neuron inspired by the characteristics of nervous activity. F osenbla t [12] established
the perceptron in 1958, which is generally recognize as u.. predecessor of the
modern artificial neural network. The prototypes of the art'ucic ' neural network were
the models named “ADALINE” and “MADALINE" _-eatc’ oy Stanford University.
The limitation of the early network models is the dit iculty to solve nonlinear
problems due to their simple linear architecture. Tvan._.cnko [21] made the earliest
efforts to develop deep learning models. Rurm~t-~~* -~ al. [22] and other researchers
came up with the back propagation (BP) algorithi.. which later becomes the backbone
of deep neural networks. In 2006, Hint 1 @& . 3Salakhutdinov [23] proposed the
framework for deep learning based on “= co. ~ept of Deep Belief Networks. Due to
the nonlinear activation function and hidd>n ..2urons, deep artificial neural networks
are able to extract implicit and comp’~X ua.d mappings based on numerous training
data. For this reason, deep artificial neural networks have been adopted in various
applications of mechanics and .ngine. “ing.

Ghaboussi et al. [24], Jun, and Ghaboussi [25], Ji et al. [26], Furukawa and
Yagawa [27], Hashash e’ al. [281, Sun et al. [29] implemented artificial neural
networks to study the crnsu. tive models of solid materials. Faller and Schreck [30],
Wang and Liao [31], ".."ong and Wenxin [32], Butz and Von Stryk [33], Beigzadeh
and Rahimi [34], M: et al. |53] study the fluid characterizations based on numerical
approaches assistr d by artificial neural networks.

In recent v .ars, 1. ~=archers have employed machine learning models in the study
of heterogene rus - aate  ials. Sundararaghavan and Zabaras [36] develops a framework
to classify ~nd 1. astruct 3-D heterogeneous material based on support vector
machines Liu et ‘1. [37] proposed approaches based on machine learning to predict
elastic <tra.. #_.ids in a 3-D microstructure volume element of heterogeneous
comy dsite n iterials. Kondo et al. [38] employ convolutional neural networks to
establhi.™> th- mapping between the microstructure and the ionic conductivity of
ceanv .. The networks are trained by supervised learning based on cropped
micre rcope scanning images. The data labels are the macroscopic ionic conductivities

measured by impedance spectroscopy. Cang et al. [39] propose a method mainly to
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generate stochastic microstructure samples based on variational auto-e.coder. A
predictive model based on convolutional neural networks is also propos.a . reveal
the data mapping between microstructure and effective properties. T'.c network is
trained by microscale two-phase sandstone samples. The labels of “e -amples are
effective material properties calculated based on analytical approxu. ~tion. Bessa et
al. [40] propose a data-driven computational framework to d .siz1 structures and
materials. Sample data that represent microstructures, ma. via" properties, and
boundary conditions are extracted; a database of material . sponsc. is established
based on computational analyses; augmented by machinc learnir 3 algorithms, the
mapping between descriptors of sample data and the co~ . .rneu ..aterial properties is
constructed, and new designs or response models can b. fir .ner >btained.

In this paper, a framework for predicting the « *ect... material properties of
multi-phase heterogeneous materials is propos=d. For a demonstration of this
framework, a convolutional neural network is ~stav.._.ied to exploit the implicit
mappings between the mesoscale structures ar< -~ ~* ctive moduli of shale samples.
Scanning electron microscope (SEM) is empio,~d to obtain mesoscale structure
images of shale. A simplified model is trcuuced to transform SEM images to
5-phase heterogeneous shale samples. I ~ce q. antities of shale samples are generated
based on the 5-phase samples using a .toc. astic reconstruction algorithm. Finite
element method is utilized to calcula.. the s.chastic shale samples’ effective moduli,
which are further used as labels of training samples. A deep convolutional neural
network is trained based on th- image - of stochastic shale samples and their effective
moduli. The trained network 15 “wth .r employed to predict the effective moduli of
real shale samples. The workf’ sw of this process is depicted in Fig. 1. Each portion
presented in Fig. 1 will t e n.. ~tra’ ¢d in details in the following sections.

Fig. 1 The work’« v of establishing a deep neural network for calculating the

shale modulus.

This paper is 0. 2nized in the following scheme. The mesoscale structure of
shale and the me _harical properties of its forming constituents are illustrated in
Section 2. The »s.>c}astic reconstruction method and the finite element analysis to
calculate ne effe. tive moduli of shale samples are discussed in Section 3. In Section
4, the princ al #.eory of deep neural networks is demonstrated. The artificial neural
netw rk arc itecture used for modulus prediction is elaborated. The prediction
accura v of “ae deep neural network is discussed, and several conclusions are drawn

b.seu .~ *he prediction result.
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2. Shale mesoscale structure and mechanical properties of constituents

As mentioned in the previous section, the objective of this research is to ac =lop
a new approach to predict the moduli of mesoscale shale samples. In “.is | zction, we
first discuss the mineral constituents and the structures of mesoscale . de. Then, a
simplified mesoscale shale model that includes five main constituent, ‘s explained.
The nanoindentation test, which is utilized to measure the mudul . ~f each main

constituent, is introduced in the final section.
2.1 Shale mesoscale structure and a simplified mesos: ale mou ¢l

Shale is a most commonly found sedimentary roc’. that ~ccounts for about 50%
of all sedimentary rocks on earth [41, 42]. From the ma. " _scalr point of view, a shale
sample normally appears to be in dark gray color. Fig. . ‘a) shows a cylindrical shale
sample for laboratory research. The length of the s. wle is about 5 cm, and the radius
is about 1.2 cm. Fig. 2 (b) shows the typical lam.. ~ted structure of shale formation.
The laminated pattern is formed due to the se. -ucuwauon process.

Fig. 2 The macroscopic presentation ~f shale. (1) A laboratory shale sample. (b)

The structure of a typical shale formation lai ir ate.

From a mesoscale point of view, a shaie sample is usually considered as a
complex heterogeneous material that « ~nsists of multiple mineral constituents. It is
normally comprised of quartz, calcite, smectite, pyrite, clay, organic matter and other
minerals [7]. Energy dispersiv . X-ray pectroscopy (EDX), focused ion beam milling
(FIB) and scanning electrc1 mu.-os.ope (SEM) are often utilized to identify the
mineral constituents and c’.ara’ erize the heterogeneity of shale samples [43-47].

Studies reveal the. the 'ef,rmation and damage characteristics of shale are
related to the mechar ca. ~roperties and the distributions of its forming constituents.
Therefore, it is ir_. <tant to study the distributions and small-scale mechanical
properties of th. fo'.ning constituents to understand the upscaling mechanical
properties of m .crosco, ‘< shale samples [48-50].

In this r. ~ear ch, s .anning electron microscope (SEM) is employed to investigate
the distribr'..n ot « ch mineral constituent of a shale sample. The sample is scanned
for 13.5 iours t¢ generate an SEM image. The scanning voltage is 15 kV. The
scanni=_ resu...onis 1 m.

"he SE. 1 image is shown in Fig. 3(a). It can be observed that the forming
constitu. ~* of the sample include quartz, feldspar, pyrite, calcite, dolomite, kaolinite,
ill."e, ' erugen, etc. The distribution manner of the constituents appears to be random,
whici. brings in strong heterogeneity and anisotropy to the shale samples.

In engineering and geomechanics applications, mineral constituents with similar
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material properties are usually grouped for simplicity. A widely accepted st 1le model
classifies various mineral constituents into four categories [51-53]. The f.su . ~tegory
is abbreviated as QFP. It contains quartz, feldspar, and pyrite, and the . - the most
commonly found silicate minerals in shale [54]. The modulus and ! ~rdr :ss of QFP
are generally highest among all constituents. The second catego., is c¢..y, which
contains kaolinite, illite, chlorite, and montmorillonite. The t'.r. category is the
organic matter, which is also known as kerogen. The moc. s and hardness of
kerogen are the lowest. Shale gas is normally absorbed on ke uzen, au. the proportion
of kerogen is relatively low. The final category contains all »ther m aeral constituents
that are not mentioned above, and it is sometimes referre~’ [0 as w.c matrix phase.

In this research, we take the characteristics of th. sbk .e 1 rmation in southwest
China into account. An additional phase, caru mate, 1s introduced to the
aforementioned mesoscale shale model. The ca~honate | 1ase contains calcite and
dolomite. Hence, a 5-phase mesoscale shale moJ>1 is «_..ployed in this paper. The 5
phases are silicate, carbonate, clay, kerogen, »»- —~~*= _ respectively. An SEM image
of a shale sample and the corresponding simplific ' S-phase model is shown in Fig. 3
(b). The forming constituents of each phase re .>..d in Tab. 1.

Fig. 3 (a) The SEM image of a m ~osca.> shale sample. (b) The corresponding
simplified 5-phase model.

Tab. 1 The forming constituents of each phase of the mesoscale shale model.
2.2 Nanoindentation and nodulu: measurement

As previously mentic ied. the ueformation and damage characteristics of shale
are related to the mechai. '~ pr perties of its forming constituents. Therefore, to
study the mechanical - ~operties of each primary constituent of shale is important to
understand the macrosco,'c mechanical properties of shale. Instrumented
nanoindentations e 1sually employed to investigate shale’s basic mechanical
properties, such as 1. dulus and hardness [55-57].

In this r sear:h, a series of nanoindentation tests are conducted on different
locations of shai. <ar ples. The probe indents shale samples at locations where quartz,
calcite, cl .y and tganic matter are concentrated, respectively. The indentation depths
range fron. 2.5t 5 m.

" 1g. 4 The moduli of shale constituents measured based on nanoindentation tests.

The measured modulus of each constituent is given in Fig. 4. It can be observed
thar ¥.e measured moduli of all these constituents converge towards an intermediate
level «s the indentation depth increases. It is mainly because the surrounding

constituents and the supporting matrix tend to disturb the measurement as the
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indentation depth increases [8]. For this reason, we select the measured mod .us when
the indentation is initially applied as the effective modulus of each con .. nt. For
simplicity, we use the modulus of quartz and calcite to represent th. “odulus of
silicate and carbonate phases, respectively. The moduli of silicate, ‘arb mate, clay,
organic matter and matrix are summarized in Tab. 2. It can be conc.. 1ed w.-t silicate
is the stiffest constituent, and the organic matter is the softest. It .s . agrecment with

the results from other researchers’ work [8, 56].

Tab. 2 The measured moduli of the primary constituents in s iale.

3. Stochastic reconstruction method and finite elemsnc Analysis

The objective of this research is to establish an artifi_ial neural network to
predict the effective moduli of shale samples. A large nu nber of shale samples are
required to train the network. A stochastic recrnsti. tie . algorithm is employed to
generate these shale samples. The stochastic sampic ‘mages are then transferred to
finite element models. The effective moduli o1 .hale samples are evaluated based on

finite element analysis.
3.1 Stochastic reconstruction methoc

Due to time-consuming issues .. ‘= n>t practical to obtain a large number of
shale samples by SEM scanning. Hence, the stochastic reconstruction technique is
employed to generate stochast’. s..~le samples in this study. The basic idea of the
stochastic reconstruction tech. ‘nue is 1) rapidly reproduce the reference sample based
on the statistical informat'on of 1. rphology. In this way, the effective statistical
characteristics of the stoci. st . sar .ples and the reference sample are matched.

Various statistica’ reconsuuction methods have been proposed with different
performances and applicab. *ies. The stochastic reconstruction technique adopted in

this study is the stc cha: ‘ic optimization reconstruction algorithm [52].
/ / 2
E=Zm(2[00<x)—ﬂsm]J (1)

In th- .quat i, D)(X) is the /, statistical descriptor measured from the
reference ample. D;(x) is the same descriptor measured from the stochastic sample.
W

deve Hped to apture different microscale morphological characteristics. Some of the

is "2 wolgat parameter of the /, descriptor. Various descriptors have been

descripw. = dre two-point correlation function [53], two-point cluster correlation
fu. ~tir a | 8], lineal-path function [59, 60], etc. In this study, the two-point correlation
funct, 'n and lineal-path function are considered as the target descriptors to capture the

basic statistical information from the reference samples.
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By optimization, the stochastic sample evolves in a way that its statistical
characteristics gradually approach those of the reference sample. Th. ».~ulated
annealing algorithm is adopted in this study to optimize the stochastic .. miples. The
simulated annealing algorithm was introduced into the stochasti. ter onstruction
technique by Yeong and Torquato [52]. Firstly, a random guess -~ cou. 'ucted to
generate an initial stochastic sample. The initial sample is the'. 1. rativeiy evolved
based on a spin-exchange strategy. In other words, two imag. =i ¢ls that represent
two different material phases are swapped in each interative .cp. Ai..r that, the new
sample is accepted with a probability of min{exp(—AE / F),l}. I the formulation,
AE is the difference of the value of objective function £ . ztwee. the old and the new
sample. T represents the temperature of the simulated a ‘ue .ang process. By gradually
decreasing the temperature 7 in the prescribed anne.'ng .. orithm, the evolvement
iterations are repeated until the termination crite~ion is m :t. Based on the proposed
stochastic reconstruction method, a large num.~r 0. _.ochastic shale samples are

generated.
3.2 Creating finite element models baser ~n mesuscale shale images

The method to generate stochasti -~ shal. samples is illustrated in the previous
section. Numerous stochastic shale sam,les are generated based on the proposed
method. These stochastic samples .= i....er transformed to corresponding finite
element models to calculate the effective .noduli. In this section, we briefly discuss
the procedure to generate a fini ¢ elei. =nt model based on a stochastic shale sample.

In the research, an applic. “ion i developed to generate finite element models
based on stochastic shale s .mp’2s. Tne workflow to generate the finite element model
is shown in Fig. 5. As is .. owr a stochastic shale sample is composed of pixels.
Different color on a .~mple image represents different mineral constituent. The
application firstly generates 1 finite element model that has the same amount of
elements as that ¢ pix :Is on the shale image. Quadrilateral plane strain elements are
employed in this stu._* Then, the application scans the shale sample image pixel by
pixel, and it k zeps rac: of the constituent type represented by each pixel. Each pixel
is transformed in.  a . element in the finite element model. The location of each pixel
of the sh¢ e imag - is utilized to generate the coordinates of each node. Besides, five
different n. 1= ar 4 element sets are generated and updated based on the color of the
pixel . Thes. sets are referred to as nodes and elements of silicate, carbonate, clay,
kerog. ~ ar . matrix phase, respectively. Each element set is assigned with a
d. uue T~ material property that corresponds to the constituent type that it represents.
Fina. v, initial and boundary conditions are prescribed, and the finite element model

of a shale sample is generated.
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Fig. 5 The workflow to generate the finite element model based on a aesoscale

shale sample image.

Finite element method is then employed to calculate the effective mor alus of the
sample. The scheme of the compression test is depicted in Fig 6 (a, The left
boundary is fixed in the horizontal direction. A compressional dis....~eme.." loading is
applied along the horizontal direction to the right boundary. As < kr own, constituents
are distributed in a complex manner in a mesoscale shale - '2l. L. ing the loading
process, the stress at each constituent is different beca se of 11e heterogeneous
material property distribution. The contour of the stress ~~mp. -~ ut &, is shown in
Fig. 6 (b).

Fig. 6 (a) The computational model of the finit. ~lem~=" method. (b) The stress

component S, contour on the model.

After finite element calculation, the total reactic. force on the right boundary is
summarized. The reaction force is then divideu “v the area of the right boundary to
obtain the effective modulus. The moduli v ” ~her utilized as the labels of training
samples of an artificial neural network It is ‘orth mentioning that it takes about 20
seconds to conduct the finite element ana. 's.. for each sample. As will be discussed in
Section 4, 12500 shale samples are -~ = his study. The finite element analysis of
all these samples is distributed to 3 deskw p computers in parallel. It takes about 23

hours to calculate the modulus -« au “he training and testing samples.

4. Training and testing r« an ar..’.cial neural network

In this section, wr bri. v “alk about the basic theory of the artificial neural
network. Then, the ¢! a. teristics of a convolutional neural network are discussed.
The training and p=~diction processes in this research are explained in the final

section.
4.1 The basic “neo-y o1 artificial neural network

The findan. n*d concept of the artificial neural network is inspired by
neuroscie ice. Th typical architecture of a multi-layer artificial neural network is
shown in +.> 7 che first layer of the network is the input layer, and the last layer is
the o itput la_-er. The layers between the input and output layers are hidden layers [61,
62].

+ " circle in the figure represents a neuron. The value of each neuron is known
as . activation, which is normally represented by a real number ¢ that ranges

between 0 and 1. The superscript / of neuron G; represents the layer number; the
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subscript / represents the neuron number. In a standard fully-connected ne’ work, the
lines that interconnect between neurons are weights W. W;.k represents tn. weight
that connects the &” neuron in the (/ —1)”7 layer and the /'”7 nev .. in the /"
layer.

Fig. 7 The architecture of an artificial neural network.

Fig. 8 shows the process to calculate the activation of ne ‘ron le. 10 obtain the
value of neuron le, a function Zis first defined as a linear co~ "inati. ~ of the weights
and biases, as given in Eq. (2) [63].

=
-,
2= (W,-o"+b)) (2)

g}
=1

Fig. 8 The scheme to calculate the activation value ¢ 2 neuron.

As previously mentioned, a disadvantage o. the early network model is the
difficulty to extract complex mappings due -+ weir simple linear architectures. In
contrast, nonlinearity is introduced to cvercome this disadvantage. A nonlinear
function fis applied over function Zto calcu 2t . the activation of that specific neuron.
fis also known as the activation functi .. Son > broadly chosen activation functions
include the sigmoid function and th~ rectii"ed linear unit (ReLU) function [64]. The

equation of sigmoid function is given by

|
1+67

)= (3)
The equation of rectif ed ] aear unit function is given by the maximum of 0 and z
as
f(2) = max(0, 2) 4)
Hence, the activation o1 .he /'”7 neuron in layer /is calculated in Eq. (5).
Ty
/ /-
o= 1(2)= f{z(m/,,.a, 1+u/)} )
il
Based on. ‘2 m pping scheme given in Eq. (5), a neural network is able to
provide th . estimated output from the input. Since the initial values of all the weights
and biase: are chc sen randomly, the output value is initially different from the desired
outpu*. «he durerence is usually referred to as the error or cost of a neural network.
The 'esired iutput is also known as the label of training data. As an example, a

broadly auupted cost function is the mean squared error function [61, 63].

1 ’
C=— 1/
Sl (©)
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In the equation, 77 is the number of training samples. 0,

), is the outpr. value of

the /, training sample, while /, is the label of the /, training sample. .n . ‘s case,
the notation || || is the L2 norm that measures the distance between - ..*or 0, and
/;. As the labels of samples are fixed, the cost € in Eq. (6) is a funct. > ¢ outputs 0.
The objective of training an artificial neural network is to determin. 21l u.. network
parameters, in other words, the values of all the weights ¥ a1 biases b. The
parameters are determined in a way so that the cost € should be ~ir mized.

After the cost function is given, the gradient descent alg ...chm 15 ‘'mplemented to
approximate the minimum of the cost function C. For simpi city, C s assumed to be a
function of tensor V, which represents all the param-..rs o. we artificial neural
network. The variation of C can be approximated by 1 e ~.ighi variation of V as [65,
66]

AC=VC(-Av (7

In the equation above, VC is the gradient ecto. ~* che cost function C. AV is
the slight variation of V. It is chosen as the format in g, (8) so that the cost function

C is descended and approximated to O step by ste,
AV = _l'v‘ (8)

1 in Eq. (8) is known as the learnii.” .. *e. The value of 77 should be cautiously

selected so that the approximation iz —; ‘7. holds. The values of all the parameters of

1

the network can be iteratively updated by
Ve M=y —pv e )

Therefore, each compr aent o t'.e weights and biases of the network is updated
by Eq. (10).

Mlpdafed — W/_n%
ow,

10

bl{pdaled — b-—?]a—c ( )
/ / ab/

4.2 Convolut an r.eur .l network

The rincip~l tneory of artificial neural networks is discussed in the previous
section. T. e spec /c artificial neural network used in this research is a convolutional
neura’ network. The architecture of the convolutional neural network was first
introc 'iced b Fukushima and Miyake [67]. The convolutional neural network shares
a '~t of similarities with the artificial neural network mentioned in the previous
sec.’~ . However, convolutional neural networks employ some unique features to
specia, ze in image classification applications [68-72]. In this section, we will talk

about some of the features and further introduce the network architecture used in this
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research.

One feature of the convolutional neural network is called the local re .ep. e field.
As is discussed in the previous sections, in an artificial neural networ’ , "he neurons
from two adjacent layers are normally fully connected. It means t. ~t 7 1y neurons
from two adjacent layers are connected to each other, as shown .~ Fig. 9 (a). In
contrast, it will be helpful to visualize that neurons are placed in . s. uare pattern in a
convolutional neural network, as shown in Fig. 9 (b). In the . ~ur_, only small and
localized regions of neurons are connected to a neuron in the .cxt layc. [65].

Fig. 9 (a) The fully-connected architecture of an art. ficial n¢ aral network. (b)
Local receptive field of a convolutional neural network.

Another feature is known as the pooling layer. In or- olut onal neural networks,
pooling layers are normally applied after convolution. layc... Maximum pooling and
average pooling are widely used to simplify the informa on of the output neurons
from a convolutional layer [65].

With the features mentioned above, th= ~=-* _ture of convolutional neural
networks takes into account the spatial structure ¢ images [65]. In recent years, large
convolutional networks demonstrate outsta. 1in, pcformance in image classifications
[71]. To understand the underlying me “anisi . an approach named deconvolutional
network is implemented [69, 73, 74]. Tsu.g this technique, image patterns that
stimulate high activations in a give. teawce map are reconstructed. In this way,
researchers are able to study what information is visualized and learned by various
convolutional layers. A conve’ationa. neural network for facial recognition is given
here for illustration. The convi''tior al neural network in Fig. 10 contains several
hidden layers. Researchers fou .d that neurons in the lower-level convolutional layers
are able to “witness” very ac. ‘iler facial features, such as an edge or a dot on the face.
The intermedium laye > “an “visualize” relatively larger features like an eye, a nose or
a mouth. The high-le =l layers are able to “see” the overall facial features.

Fig. 10 A cor volr .ional neural network for a facial recognition application.

Inspired sy t' e m=chanism mentioned above, we hope to establish a multilayer
convolutional neu ~1 etwork to predict the modulus of a shale sample, as given in Fig.
11. The 1 swer-le <l layers are supposed to extract the features of tiny pieces of the
shale samp.~ TP _ intermedium layers are able to extract the features of medium-size
shale pieces. The high-level layers are able to grasp the features of the overall shale
sampi. ~ Sev cral fully-connected layers are added after the last convolutional layer to
0. tan. "~ effective modulus. In this way, the network establishes the implicit
map, ng between the mesoscale structure of a shale sample and its effective modulus.

In the following section, we will discuss the training process of this convolutional




0 Jo Ul WN

AT N OO AU O EEDDAEDELAEDWWWWWWWWWWNNRNNONNNONNNNNEF PR e
AR WNROWVWOJNNBEWNRFRPOWOVWOJAUUAWNRLOWOWOJIANNDWNROWOJOANUBWNROWOJOU D WNR O O

neural network.
Fig. 11 A convolutional neural network to establish the impliit . apping

between the mesoscale structure of a shale sample and its effective mod- ... ~.

4.3 Training the convolution neural network

In this research, 10,000 stochastic mesoscale shale samples ire ¢ - ~erated to train
a convolutional neural network. The training process is conu. «wd on a desktop
computer with i7-8700 CPU, 32G RAM, and an Nvidia G7 X108/ Ti. The training is
iterated for 100 cycles, and it takes about 43 minutes to finis. the tr7 .ning process.

As previously mentioned, the training process is tc determine all the weights and
biases of the convolutional neural network. The cost fu. .on ' sed for training is the

mean squared error function.
"

1 n
0:5%“"0,—,,.,, (11)

Stochastic gradient descent algorithm is en,, 'ayed to update all the weights and
biases iteratively. The relation between the ~os: ... ! the training iteration is plotted in
Fig. 12 (a). It can be observed from t' = fig. -e that the cost at the first iteration is
significant because the initial values of 7ei.:ts and biases are randomly assigned.
The weights and biases are updated . “scu «.. the algorithm illustrated in Section 4.1.

After several iterations, the cost rapidly descends.
Fig. 12 (a) The training er or ac <ends as the training iteration increases. (b) The
cross validation error descend. ~s the t aining iteration increases.

After the training is “ni'aed 2,000 stochastic shale samples are used for cross
validation. The modul’ distribu.’on of these stochastic samples is shown in Fig. 13.
The minimum and m.ximu. ~ modulus of these samples are 51.98 GPa and 69.26 GPa,

respectively.
Fig. 13 T} ¢ mn~dun distribution of the 2000 stochastic shale samples.

The 2,500 sau.ples are used as input data of the trained convolutional neural
network. The net vork processes the input data and outputs the predicted effective
modul® _{ the 2,000 samples. The predicted effective moduli are then compared with
the n oduli c: 'culated based on finite element method. The relation between the cross
validatie.. _.ror and the training iteration is shown in Fig. 12 (b). From the figure, it
ca. be ooserved that the cross validation error converges after about 50 iterations. Fig.
14 de, icts the distribution of the cross validation errors after 100 training iterations.

The majority of the cross validation errors for the 2,000 samples is under 2%. The
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average cross validation accuracy is 0.55 %. Hence, no obvious over fitting is
observed in the cross validation, and the network can be further employr d « »redict

the effective moduli of real shale samples.

Fig. 14 The distribution of the cross validation errors.
4.4 Predicting the moduli of real shale samples

The objective of establishing this network is to predict *he e.ative moduli of
real shale samples. In the final step, we employ the tra ned co. volutional neural
network to predict the effective moduli of 500 real shale <an,, '== some of these real
shale samples are shown in Fig. 15 . It can be obse ved ui.* the percentages and
distributions of the forming constituents appear to “e exten-,vely random on these
images.

Fig. 15 Several real mesoscale shale sample< eny '~v- d for modulus prediction.

The moduli distribution of these real samy. ~s is shown in Fig. 16 . The moduli of
the real samples vary from 56.26 GPa to 8™ . 1™ *Pa.
Fig. 16 The moduli distribution of the 5u” real mesoscale shale samples.

The 500 real shale samples ar +<ed . < input data of the trained convolutional
neural network. It should be mentionea “hat none of the 500 real samples has been
used in the training process. T . _ ~twork outputs the effective moduli of these 500
samples. The predicted mod !i are ¢ ympared with the labels of these samples to
evaluate the prediction errc cs. The :.ediction results are given in Fig. 17. From the
figure, it can be observ. 1 that r ost of the prediction errors are below 3%. The
average prediction errr is 0.0" %. We reckon that, based on the limited 10,000
training samples, the tro’~ed convolutional neural network exhibits promising
performance in pre uac. 1g the effective moduli of real shale samples.

Fig. 17 The p. 4" ction errors distribution of the 500 real shale samples.

5. Conclusicn

A n'w me.od to predict effective mechanical properties of heterogeneous
materials 1. nres ated in this paper. In this method, numerous stochastic mesoscale
mate'.al sar. nles are generated based on scanning image of material samples. The
stochw "tic s2 aples are transformed into corresponding finite element models. The
e ..~ mechanical properties of the finite element models are calculated based on
finiv. element analysis. The effective mechanical properties are regarded as labels of
the saniples. The mesoscale structures of the stochastic samples and their labels are

combined as training data to train a convolution neural work. The proposed method
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takes advantages of the advanced fitting capability of the deep learning alge thm, and
a multiple-layer convolution neural network is trained to excavate ae ‘mplicit
mapping between the mesoscale structure of material samples and “...'r effective
mechanical properties. The network is validated by cross valic ‘tior and then
employed to predict the effective mechanical properties of re.' san, les. The
prediction accuracy and efficiency of the method are promising.

In this paper, the proposed method combines image j. crssing techniques,
stochastic reconstruction approaches, finite element anal ..s, an. deep learning
method to predict the effective moduli of mesoscale shale s mples. t should be noted
that the prediction of the effective moduli of shale sam~._s is u.cd as an example to
illustrate the method. The method can be further aj nli-« tc predict the effective
mechanical properties of other heterogeneous mater..'s ar. ¢ven be integrated into

the design of new composites with anticipated effe~tive pro jerties.
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Appendix

Linear elastic finite element method

In this section, we briefly discussed the linear-elastic finitr ele -t model used
in this paper [75, 76]. In the context of small strain, the strain ten. - < is defined by the

displacement gradient as
1
sE:E(Vu+(Vu)T) (12)

With respect to the linear elastic constitutive me el, t© stress and strain tensor

complies the following linear relation,
6=C:g, (13)

In a quasi-static system, the energy balance ~f an elastic solid is illustrated as

Woe = i (14)
W,, is the internal energy defined .v *he ¢ astic deformation of the solid body.
1
M//nl(ge)_ _:h?ae:C:sedQ (15)
C is the stiffness matrix of th. solid body, and €, is the strain W, is the
external energy contributed hy u.~ bor'y force and the boundary traction.
W(,='|‘Ab'udQ+J‘&h-udaQ (16)

The energy balan’ > should also hold for the variation of the internal and external

energy

5,/’/9)(1 = 5VV,”, (17)

The varia’.on ~f the internal and external energy are respectively given as

(se)=aa—M2’”88=J‘Q£e:C :8g,dQ (18)

o,

int
W, = [b-5udQ+ [ h-sudoe (19)
Q Q

L~ (18 and Eq. (19) are substituted into Eq. (17) to give the strong form of the

€. ... 7'm equation to describe solid deformation.
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=T onQy,, 20)

The Galerkin weak forms are derived based on strong form b. dary value

equations in Eq. (20).
Jolo:8¢,]da- ] [-su]don=0 @1

In the above equations, OU is variational test functio .s of dispiacement. Thus,

displacement is expressed using interpolation of nodal varia. les.

4
u=> Nu, (22)
/=1

N, 0
In Eq. (22), N, =[ 0/ M } is shape function. matri for displacement field by
/

introducing Voigt notation. The gradient mati. - of shape function matrix N can be

defined correspondingly as

‘7 'II V L
B,=| 0 W), (23)
'L NN

1,x

The gradient of displaceme- . . ~n be discretized using B matrices as
4
g = ZB u, (24)
/=1

By inserting discre’izea vor zssions of primary variables and their gradients into

Eq. (21), the discretiz- o “~rmat of the residual of the weak form equation is obtained.
R/=IQ[GB,]dQ—LQn[N,ﬁ]dGQ (25)

The corresmona..  tangent stiffness matrices of the above equations are
oR T
Ky=5"t=[[(8,)" CB, |0
v= L, (B,) CB, (26)

Thes * discre ized residual equations are implicitly solved using a linear solver,

and tbh . uisplacements of all nodes are calculated.
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Table 1

Tab. 1 The forming constituents of each phase of the mesoscale shale mode’

Phase Forming constituents
Silicate Quartz, feldspar, pyrite
Carbonate Calcite, dolomite
Clay Kaolinite, illite, chlorite, montmor.iv. ite
Kerogen Organic matter

Others

Other mineral constitv .3




Table 2

Tab. 2 The measured moduli of the primary constituents in shale.

Silicate

Carbonate

Clay

Kerogen T Matr.,. |

Modulus (GPa)

89.6

65.8

223

92 | 239




