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ABSTRACT 
Digital rock analysis uses imaging techniques to obtain information 
concerning the internal structure of the rock. In the context of obtaining 
mechanical properties from digital images, much attention is given to 
determining the elastic parameters of rocks based on their mineralogical 
composition. While many applications for this type of simulation are 
available in the literature, the quantification of mineral property variations 
resulting from external influences has largely been overlooked. This work 
adopts an inverse modeling approach to estimate such elastic property 
variations in rocks. This methodology requires a predictive tool and an 
optimization algorithm to iteratively update the model’s parameters while 
reducing the discrepancies between modeled and measured data. In this 
study, a representative sandstone sample from the Botucatu Formation in 
Brazil was used to evaluate the methodology. Two case studies were 
considered: a synthetic example was designed for validation of the 
methodology while the second case applies real-world laboratory test data 
to estimate the properties that are most supported by the experimental 
evidence. A MATLAB code was built to integrate a finite element program 
and a genetic algorithm in a single framework. Additionally, an artificial 
neural network was used as a surrogate model to reduce the computational 
time of the numerical forward run. Overall, the results support the 
robustness of the approach and present a new alternative to obtain the 
mechanical properties of rock constituents at the pore scale. 
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1. INTRODUCTION 
Digital Rock Analysis (DRA) uses imaging techniques to help understand and simulate relevant physical 
processes of rocks (38). This methodology allows a detailed and direct view of the rock’s internal 
microstructure across one or multiple spatial scales (typically between nm to mm scales) (45). Due to its 
capacity to offer novel perspectives and insights into the study of rocks, this field has experienced a 
significant surge in popularity in recent decades. Digital rock analysis can serve several purposes, such 
as facilitating the examination of the internal composition of rocks prior to, subsequent to, or during 
laboratory studies, hence enabling a deeper understanding of the rock’s behavior (8, 29, 30). The digital 
representation of the rock structure serves well to analyze structural patterns within the rock and can be 
utilized in conjunction with numerical techniques to simulate particular physical phenomena and derive 
the relevant material properties (13, 19, 27). 

This paper deals with the use of DRA to obtain physical properties, a path that has been followed widely 
in recent years. The literature provides examples of various applications, including single fluid phase flow 
(19, 33, 45), multi-phase flow (10, 23), heat transport (11, 17), diffusion (17), reactive transport (14, 16), 
nuclear magnetic resonance (27), and mechanical responses (13). For these specific applications, it is 
common to use a digital pore-scale model at a representative spatial resolution to simulate the 
phenomenon of interest. A model can be assumed representative if the pore-space is sufficiently 
resolved by the imaging technique and thus porosity and permeability values agree with standard 
laboratory techniques. Amongst these different applications, our work is particularly focused on a deeper 
understanding of simulating mechanical responses from digital images.  

Mechanical simulations using DRA have been available for decades (3). Recent efforts have been 
dedicated to simulating static (24) and dynamic (12, 52) conditions for different rock types. These studies, 
along with others, have a shared goal of determining the elastic parameter of rocks (2, 36, 37). The 
simulations necessitate the inclusion of the linear elastic properties of the mineralogical elements of the 
rock as inputs, such as Young’s modulus and Poisson ratio. Such values are traditionally standardized 
representing “intact” minerals, whose interaction with the porous domain of the model provides the 
elastic property of rocks. While new efforts to extend the linear elastic regime by including damage 
effects (11) are already available in the literature, the quantification of potential variations in these linear 
elastic properties, caused by external factors (e.g., weathering due to environmental factors), has received 
little attention. This paper adopts an inverse modeling approach for better understanding the variability 
of these properties considering a representative digital sandstone sample. 

The methodology proposed in this study is evaluated using a Brazilian sandstone sample, a finite element 
model, and an optimization technique. The main objective is to develop and validate the inversion 
strategy within the DRA framework. Additionally, our objective is to determine the degree to which the 
input attributes of the undamaged minerals accurately reflect the characteristics of this particular rock 
sample, based on our initial assumptions on the parameters. This assumption is validated by the 
comparison of observed and simulated datasets. Despite its attractiveness, inverse modelling can be 
computationally demanding, potentially restricting its practical implementation. There are several 
strategies available to alleviate this limitation and promote the adoption of this approach. The use of 

KEY POINTS: 
• Digital Rock Analysis is used to estimate the elastic properties of rocks at the pore scale. 
• Unconfined compression test data, x-ray microtomography images, a numerical method, 

and an optimization algorithm are used to estimate the elastic properties of minerals of a 
sandstone rock. 

• The approach reveals the importance of estimating elastic properties at the pore scale 
without assuming these represent intact conditions. 

• The computational cost of the numerical modeling is improved by including a surrogate 
model. 

https://doi.org/10.69631/v65nzv74
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surrogate models, also known as emulators, has proven to be advantageous in accomplishing this 
objective (25).  

Machine learning has been frequently used for this purpose due to its ability to learn input-output 
relationships (4, 18). This paper uses Artificial Neural Networks (ANN) for this task due to their successful 
application within the context of DRA (50, 51), likewise to its usefulness for predicting responses 
associated with rock mechanics (34, 42, 53). The proposed methodology thus also evaluates the 
applicability of ANN as a predictive tool of pore-scale mechanical interactions, in the pursuit of new 
opportunities for the use of state-of-the-art optimization algorithms and uncertainty quantification. 

2. MATERIAL 
This work uses a digital pore-scale model of a sandstone sample from the Botucatu formation in Brazil. 
This rock type is available in the municipality of Ribeirão Claro in the state of Paraná and vicinity regions 
of the southeast of São Paulo state, as shown in Figure 1a and b. Typically, this rock has porosity values 
between 20 and 30%, and permeability values ranging between 170 and 2410 mD (7, 32). This rock 
generally exhibits grains that are rounded in shape, possessing pore diameters that are of a magnitude 
that can be discerned using X-ray microtomographic methodology. The framework of the Botucatu 
sandstone primarily consists of quartz (SiO2) and previous studies (7) have found that the Botucatu 
sandstone shares similar characteristics with the Berea sandstone, which is widely utilized in the field of 
DRA modelling (3, 10, 19, 23, 26, 27, 45, 50). 

3. METHODOLOGY 
This section provides a detailed description of the different building blocks of the proposed 
methodologies. The various software programs employed in the development of this study are outlined 
in the respective subsections. It is important to emphasize that the concepts articulated in this protocol 
possess potential for adaptation to alternative imaging methodologies and software applications. Figure 
2 depicts the proposed methodology, and the following subsections provide a detailed description of 
each component of the workflow. 

3.1. Image Processing and Region of Interest 
The image processing stage, as indicated in Figure 2 (purple box), comprises three steps: digitalization, 
pre-processing, and selection of a region of interest.  

 

Figure 1: (a) Map identifying the location in two different scales and (b) picture of a 1.5-inch diameter 
Botucatu sandstone plug. 
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The digitalization step consists of using an imaging technique to scan the rock sample and obtain 
information on the internal structure in digital format. This work uses X-ray computed microtomography, 
a technique traditionally used for rock plugs like sandstones and carbonates (9). A high‐resolution X-ray 
microscopea equipped with an instrument Control Systemb was used to digitize the sandstone sample 
at 1.2 μm resolution, utilizing 100/9 kV/W, 1601 projections, and an exposure time of 6.5 s per projection. 

 

a ZEISS Xradia 510 Versa: Carl Zeiss X-ray Microscopy, Inc., 
https://www.zeiss.com/microscopy/en/products/x-ray-microscopy/versaxrm.html, 
https://www.pebrsul.com.br/arquivos/Catalogo_Xradia_510_Versa.pdf  
b Scout-and-Scan™ Instrument Control System (version 14.0): 
https://www.zeiss.com/microscopy/us/l/campaigns/scout-and-scan.html  

 

Figure 2:  Workflow for 
integrating digital rock 
models and laboratory 
measurements to derive 
mechanical properties of 
rocks.  
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The resolution was selected from pore-size distribution data obtained by mercury intrusion porosimetryc. 
This data is herein considered instrumental to ensure the selected resolution is sufficient to resolve the 
pore-space. 

The raw images in a grayscale format are subjected to pre-processing: quality enhancement, 
segmentation, and resampling procedures. A manual brightness and contrast adjustment was performed 
using a free image processing packaged (15), followed by a Non-local means filter (sigma of 15 and 2 
smoothing factors) for denoising. Next, the stacks (2D sections) of images were imported into 
commercial 3D image-processing software e  (47) to enable proper 3D visualization. Furthermore, a 
Recursive Gaussian filter (isotropic sigma of 2.3) was used to remove residual noise defects. Figure 3a 
presents the gray-scale 3D model after quality enhancement. Although several segmentation algorithms 
are available (40), this work employs a manual threshold to distinguish the solid constituents (i.e., 
minerals) and the pore space, as some minerals in this rock do not exhibit well-defined peaks. Figure 3b 
provides an example of the segmentation process applied to the studied rock, illustrating the four 
identified phases. The corresponding histogram is shown at the bottom of Figure 3. The subsequent 
step is the resampling procedure. Resampling is used here as a proxy for downsampling and serves as 
an initial attempt to reduce the computational cost associated with the numerical simulations. The goal 

 

c Micromeritics AutoPore IV Model 9510, https://micromeritics.com/products/autopore-
v/?utm_source=google&utm_medium=cpc&utm_campaign=EN%20-%20Search%20-
%20Micromeritics&utm_term=autopore&utm_content=EN%20-%20Product%20-
%20AutoPore&gad_source=1&gad_campaignid=22332900911&gclid=Cj0KCQiAoZDJBhC0ARIsAERP-
F_Cy6woFbjLVAWR9_6N0eWpsvV10C1gTrPkmYmf5EMWqhVW5o1NPckaAou6EALw_wcB  
d Fiji ImageJ: https://fiji.sc/  
e Simpleware (version S-2021-06): Synopsys, https://eval.synopsys.com/Home/Simpleware  

 

Figure 3: Image 
processing: (a) Gray-scale 
image after 
brightness/contrast 
adjustment and noise 
filtering, (b) original 
segmented 3D model (992 
× 1015 × 995 voxels), (c) 
resampled model (83 × 85 
× 83 voxels) obtained 
through spatial 
downsampling, and (d) 
selection of the region of 
interest. 
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is to achieve a balance between computational cost and the level of detail/information in the model that 
is deemed important. This step is important as inverse modeling places a heavy demand for 
computational resources (49). The resampling is conducted in the image processing software using the 
linear interpolation method. Five downsampling scenarios were considered in this study. The first 
scenario is referred to as 1X and represents the original model. The remaining scenarios, 2X, 4X, 8X, and 
12X, indicate the corresponding downsampling factors. To better illustrate this, consider a 20003 voxels 
image. When downsampling of 2X and 4X is used, the resultant model will have 10003 and 5003 voxels, 
respectively. Figure 3b and c illustrate the 3D segmented models before and after downsampling, 
respectively. Note in Figure 3 that the details in the downsampled model appear coarser as a result of 
the interpolation procedure. 

The final step of the image processing stage is the selection of a Region of Interest (ROI). In this study, 
a cubic ROI was used, following a common approach adopted in fluid flow (e.g., 19, 46) and mechanical 
simulations (e.g., 13, 52). The ROI selection is performed on the 1X model, for which the digital porosity 
and permeability values agree with laboratory measurements obtained using a gas permeameterf. In 
such context, the model is considered a representative elementary volume (5). The same ROI is selected 
for the downsampling and the rescaling effect in model outputs is tracked in terms of porosity and 
permeability values. Figure 3d illustrates the ROI of the downsampled model. 

The entire porous domain and the largest connected network were used to calculate the total and 
connected porosities, respectively. The connected pore network was used for solving the Stokes 
equation for flow simulations and the finite element code embedded in the Simpleware FLOW module 
was used. The voxel finite element (FE)-grid meshing algorithm and solid walls boundary condition were 
used and the isotropic permeability value was computed. To assess the reliability of the software, we 
conducted a benchmark study using publicly available rock samples from the Imperial College London 
database (10). Figure A1 in the Supplementary Material (available online) shows that the adopted 
software and modeling setup produced permeability estimates in good agreement with well-established 
approaches, including Lattice Boltzmann (10), pore network modeling (10, 20), and finite difference (19) 
techniques.  

3.2. Numerical Setup 
This work adopts the numerical setup corresponding to the unconfined compression test procedure, 
which is chosen for its ease of implementation in laboratory settings and its potential for accurate 
numerical replication. Furthermore, it is important to note that while several numerical techniques can 
be employed, this study specifically utilizes the FE method with the Abaqus (1) software. 

Regarding the procedure outlined in Figure 2 (yellow box), the first step comprises building a FE mesh. 
For this purpose, the FE module of Simpleware software is used. The voxel FE-Grid method was chosen 
as it maintains the voxelized nature of the digital images, giving support to and confidence in the mesh 
quality.  

After importing the mesh into a specific numerical program (e.g., Abaqus), it is necessary to assign each 
phase detected from the X-ray microtomography to a unique material with elastic properties. The pre-
processing step of the numerical simulation also requires selecting the output request. The output 
request identifies the elements from which the simulated data will be extracted. Thus, in this case, the 
element output request of the middle region of the model was selected to obtain the numerical stress-
strain response. Figure 4a provides an example of a FE mesh that displays in red the elements selected 
to extract the numerical responses (output elements). It should be stressed that this stage is important, 
as it is one of the main components of integrating the optimization technique with the Abaqus software.  

The last stage of the numerical setup consists of prescribing the boundary conditions according to the 
experimental configuration. Figure 4a indicates the adopted boundary conditions chosen to represent 

 

f Single cell AP-608: Coretest Systems Inc., https://coretest.com/  

https://doi.org/10.69631/v65nzv74
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the unconfined compression test performed in the laboratory. These steps characterize the pre-
processing in the Abaqus software. 

The final product of this step is a file (.inp in Abaqus) that contains all the necessary information to run 
the numerical analysis. Three MATLAB scripts were created to integrate the numerical simulations from 
Abaqus with the optimization technique. The first script was designed to transform the .inp file into a 
MATLAB format. The second script was used to execute Abaqus from the MATLAB while having the 
possibility of modifying the elastic parameters. The third script was designed to obtain the simulated 
responses from the selected output elements. Algorithm 1 in the Supplementary Material (available 
online) provides a step-by-step description of how the scripts were designed to run Abaqus within a 
MATLAB environment.  

The stages that should be performed before the inverse or surrogate modeling are outlined in this 
section. The next two sections describe in detail the two approaches that can be adopted. 

3.3. Inverse Modeling 
Inverse modeling can be understood as the process of iteratively adjusting the model parameters so that 
the model approximates, as closely and consistently as possible, the observed response of the system 
under study (48). As introduced in the previous section, this work uses Abaqus software to solve the 
stress – strain problem. Thus, we are interested in obtaining stress 𝝈𝝈 response at specific finite elements 
under specified boundary conditions (i.e., as indicated in Fig. 4a). Furthermore, the linear elastic regime 
is considered, as is traditionally done within the mechanical digital rock analysis framework (e.g., 2, 3). 
We draw further attention to this constitutive relationship described by Hooke’s law and expressed in 
Equation 1. 

𝝈𝝈 =  𝑪𝑪𝑪𝑪 (1) 

 

Figure 4: (a) Numerical setup including finite element mesh, output 
elements, and prescribed boundary conditions. Note that a perfect uniaxial 
stress state is being applied (i.e., friction effects are neglected). Case 
studies: (b) synthetic single-solid phase and (c) real-world multi-solid 
phases.  
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where 𝑪𝑪 is the elastic matrix carrying the constitutive relationship and 𝜺𝜺 is the strain response. For the 
linear elastic and isotropic conditions (i.e., assuming they are appropriate for the minerals studied here), 

the constitutive parameters are Young’s modulus, 𝐸𝐸, and Poisson ratio, 𝜈𝜈, of each constituent material 
of the sample. In this paper, the constitutive relationship can be described by the contributions of a set 
of parameters pertaining to each solid phase (mineral) that was captured by the X-ray equipment. 
Assuming that 𝚯𝚯 is a matrix carrying the constitutive parameters of each solid phase, as expressed in 
Equation 2, 

𝚯𝚯 =  �
𝐸𝐸1 𝜈𝜈1
⋮ ⋮
𝐸𝐸𝑘𝑘 𝜈𝜈𝑘𝑘

�      
(2) 

where 𝚯𝚯 is referred to as the target parameters matrix, 𝐸𝐸1 and 𝜈𝜈1 are the elastic properties of the first 

solid phase, and 𝐸𝐸𝑘𝑘 and 𝜈𝜈𝑘𝑘 are the elastic properties of 𝑘𝑘th solid phase. The goal is to merge a vector of 
observed, 𝝈𝝈�, and numerically simulated, 𝝈𝝈N, responses ( N denotes numerical) and obtain the vector or 
matrix of parameters 𝚯𝚯 that best honors the available data. This concept is summarized in Equation 3: 

𝝈𝝈�  ≈  𝝈𝝈N(𝚯𝚯) (3) 

The building blocks of this approach also require an objective function to compute the discrepancies 
between the model and the data, and an optimization algorithm that proposes or searches for new 
parameters and minimizes the objective function. In this paper, it is assumed that the residuals satisfy 
the Gauss theorem (48), allowing the use of the Sum of Squared Residuals (SSR) as the objective function. 
Equation 4 provides the function to be minimized. 

SSR =  �(𝜎𝜎�𝑖𝑖  −  𝜎𝜎N,𝑖𝑖(𝚯𝚯))2
𝑛𝑛

𝑖𝑖=1

 
(4) 

Here 𝜎𝜎�𝑖𝑖 and 𝜎𝜎N,i denote the 𝑖𝑖th observed and numerically simulated stresses out of 𝑛𝑛 data points. The 
exploration of the parameter space of feasible solutions can be performed by any local or global 
optimization algorithm. Given that global search algorithms, including evolutionary approaches, are less 
sensitive to initial guesses and are more effective at exploring the parameter space than gradient descent 
methods (28), this study employs the widely used genetic algorithm (GA) (21). Genetic algorithms are 
widely used in computational solid mechanics for inverse analysis of material parameters (e.g., 44). 

Genetic algorithms are based on evolutionary computing principles following Darwin’s theory of 
evolution. This algorithm begins by randomly generating an initial population of solutions (i.e., 𝚯𝚯). The 
process of evolution then proceeds through the artificial processes of crossover, selection, mutation, and 
update of the new candidates. This process of artificial evolution (i.e., optimization) is performed for a 
prescribed number of generations or until an admissible error is satisfied during the evolution process. 

With this brief theoretical description of the inverse modeling approach, the discussion returns to Figure 
2. The decision indicated in the flowchart is to use the numerical setup directly linked with the parameter 
estimation (blue box). The stages of the GA MATLAB code are as follows:  

i. The initial population is randomly created based on specified parameter ranges. 
ii. Each set of parameters is numerically simulated 
iii. The output request is used to obtain the simulated stress-strain response, and the objective 

function is calculated 
iv. If the number of generations or admissible residuals is not satisfied then the evolution process 

takes place, a new population is proposed, and the algorithm returns to step (ii) 
v. If the termination criteria have been satisfied, then the individual, within the current population, 

with lowest SSR is returned to the user as optimal.  

Genetic algorithms require different algorithmic parameters to run the optimization, and Table 1 lists 
the settings used in this study. 

https://doi.org/10.69631/v65nzv74
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To evaluate the performance of the 
optimal parameters four statistical 
performance indicators are used. These 
are the SSR, the coefficient of correlation 
(r), the coefficient of determination (R2), 
and the root mean squared error (RMSE). 
The r is a dimensionless estimator that 
provides the relative correlation between 
measured and simulated output. The r 
value ranges between -1 and 1, where 1 
means perfect and positive correlation. 
The R2 is a dimensionless and unbiased 
estimator compared to r. Its value ranges from 0 to 1 with 1 meaning perfect fit. The RMSE is a popular 
estimator that has the dimension of the dependent variable and the advantage that large residuals 
receive much greater attention than small residuals. The equations of each estimator can be found in 
Shahin (43). The idea of using these different estimators is to evaluate the consistency of the model 
adjustment to the data given the optimal parameters. 

3.4.  Surrogate Model 
This work uses artificial neural networks (ANN) as an optional step to link the numerical predictions with 
the optimization algorithm. This optional step is indicated in Figure 2 by a green box. As outlined in the 
introductory section, ANN has proven to be useful for reducing the computational time associated with 
numerical simulations (35). Artificial neural networks can learn numerical input-output relationships, 
which opens new opportunities for sensitivity analysis, uncertainty quantification and parameter 
estimation using a large number of predictions which are quite difficult to obtain with computer-
intensive models. This paper is particularly interested in the latter application. Artificial neural networks 
are a machine-learning technique originally proposed by McCulloch and Pitts (31). Its mathematical 
operations are inspired by the functioning of neurons found in the human brain. 

It consists of an input layer with the independent variables, 𝑿𝑿. In this work, the input matrix is composed 
of the linear elastic properties along with the corresponding strains. The input information of one 
simulation {𝐸𝐸, 𝜈𝜈, 𝜺𝜺} is compiled for several 𝑚𝑚 simulations. The signal of the input layer is propagated to 
the fully connected neurons in the first hidden layer, which is then propagated to the following layers 
within the hidden part of the network. Equation 5 summarizes the responses of each layer, 

𝒂𝒂𝑗𝑗  =  ℱ(𝑾𝑾𝑗𝑗 ∙ 𝒂𝒂𝑗𝑗−1 + 𝒃𝒃𝑗𝑗)   (5) 

where 𝒂𝒂𝑗𝑗 is the output response of an arbitrary 𝑗𝑗th hidden layer, 𝑾𝑾𝑗𝑗 is the corresponding weights matrix, 
𝒂𝒂𝑗𝑗−1 is the response of the previous layer, which assumes 𝒂𝒂𝑗𝑗−1 = 𝑿𝑿 if it is the input layer, 𝒃𝒃𝑗𝑗 is the bias 
vector of the current layer, and ℱ is a user-defined activation function. When 𝒂𝒂𝑗𝑗 reaches the output layer 
no activation function is used, and the surrogate stress responses are obtained as indicated by Equation 
6, 

𝝈𝝈S  = 𝒂𝒂𝑗𝑗    (6) 

where 𝝈𝝈S is the surrogate model stress response ( S denotes surrogate). Ultimately the surrogate model 
should be capable of predicting the numerical model responses with a sufficient degree of accuracy to 
replace the numerical solution, that is, 𝝈𝝈S  =  𝝈𝝈N. 

In this paper, a total of 𝑚𝑚 =100 simulations were conducted to compose the numerical database. The 
effects of sample size require further investigation, yet this number is considered for computational cost 
convenience. The constitutive properties are drawn from uniform distribution and are selected so that 
the surrogate model does not extrapolate the training and testing data when performing the 
optimization via GA. The simulations used to compose the database were performed with three data 
points each 𝜺𝜺 =  {𝜀𝜀1, 𝜀𝜀2, 𝜀𝜀3}. A total number of 300 data points were generated, of which 210 were data 
points (70%) used for training the network and 90 were data points used for testing the network on 

Table 1: Genetic algorithm settings. This GA uses 
roulette wheel selection and uniform crossover. 
Algorithmic parameters Value 
Population 20 
Generations 100 
Offspring probability 1.00 
Uniform crossover gamma 0.10 
Mutation rate 0.02 
Mutation sigma 0.10 
Selection parameter 1.00 
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unseen data (30%). The Regression Neural Network package, available at MATLAB, was used to train the 
networks and Table 2 indicates the ANN adopted settings. The hyperparameters were selected using a 
random search strategy (6) across 40 different configurations. The number of neurons, layers and transfer 
functions were also drawn from uniform distribution using the values indicated in Table 2. Three 
activation functions were considered, and they were indexed to convey the random creation of network 
configurations.  

The selection of a representative ANN structure is 
based on the performance of both training 
(calibration) and testing (unseen) datasets. The model 
structure that has the highest R2 and lowest RMSE for 
training and testing datasets, and presents the lowest 
discrepancy between both datasets, is chosen. This 
procedure aims to select the best-performing 
structure that favors predictability and avoids 
overfitting (22). The surrogate model is then used as 
the prediction tool in the parameter estimation stage 
as previously discussed in Section 3.3. Note that using 
ANN for the adopted modeling conditions is simple, 
yet the methodology can be easily adapted for more 
complex nonlinear conditions, where capturing 
physical responses becomes challenging. The 
methodology is thus useful to inform scholars about 

an alternative solution for the computational burden associated with the numerical forward run. We 
point out that the successful application of the methodology for simpler conditions as shown herein is 
promising for future nonlinear stress-strain applications. 

3.5. Case Studies 
Two case studies were used to evaluate the methodology: one based on a synthetic single–solid-phase 
model, and another based on a real-world multi–solid-phase model, as shown in Figure 4b and c.  

Synthetic-generated data composes the first case study. This case was used to validate the methodology, 
and the simulations were conducted with a single solid phase as illustrated in Figure 4b. The single-
phase corresponds to Grain 0 (in gray color) which has a prescribed Young’s modulus of 40 GPa and a 
Poisson ratio of 0.08. These prescribed properties are not related to any mineral as they are used only 
to validate the algorithm. Nevertheless, their values were selected to fairly agree with values of minerals 
that are used for mechanical simulations using DRA. To further validate the methodology, the synthetic 
stress-strain response (i.e., numerical created) was used as the “observed evidence”. To obtain the data, 
an unconfined compression simulation was first performed, and the numerical stress–strain response 
was recorded. The numerical stress and strain curve then serve as the observed data for the optimization 
process. The underlying idea of this case study is to recover the ground true value of the Young’s 
modulus, which is known.  

The real-world data ob-
tained by the unconfined 
compression test composes 
the second case study. For 
this condition three solid 
phases, as indicated in 
Figure 4c, were identified. 
Grain 1 (blue color) com-
prises the main grains 
identified by the light gray 
color in the gray-scale 

Table 2: Artificial Neural Network settings. 
Algorithmic parameters Value 
Data division Random 
Number of configurations 40 
Number of neurons (1, 2, … , 5) 
Number of layers (1, 2, ... , 10) 
Activation function 1 ReLu 
Activation function 2 Tanh 
Activation function 3 Sigmoid 
Learning algorithm LBFGS 
Epochs 1000 
ReLu = Rectified linear unit; Tanh = Hyperbolic 
tangent; LBFGS = Broyden-Fletcher-Goldfarb-
Shanno quasi-Newton algorithm. 

 

Table 3: Considered parameters and search range for the two 
scenarios. Young’s modulus, 𝑬𝑬, is in GPa and Poisson ratio, 𝝂𝝂, is 
unitless. f represents the fixed parameters, and values in brackets ( ) 
constrain the search-space. 
Phase Synthetic case Real-world case 

𝑬𝑬 𝝂𝝂 𝑬𝑬 𝝂𝝂 
Grain 0 (10 - 70) 0.08f - - 
Grain 1 - - (20 - 110) 0.08f 
Grain 2 - - (10 - 120) 0.08f 
Cement - - (0.5 - 50) 0.08f 
Pore 0 f 0f 0f 0f 
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images, Grain 2 (yellow color) indicates the smaller grains mapped in white color in the gray-scale 
images, while the Cement (cyan color) represents the material surrounding the main grains and is 
identified by the dark gray color in the gray-scale images obtained by the scanning equipment. X-ray 
powder diffraction (XRD), X-ray fluorescence analysis (XRF), and thin section analysis, were performed to 
help delineate the range of the parameters. While XRD identifies the crystalline phases present, XRF 
quantifies the total elemental composition of the samples. These analyses, which will be further explored 
in the Results section, revealed the presence of quartz, pyrite, and clay minerals while also indicating 
intricate “imperfections” of the main grains. Such information was associated with the content found in 
the X-ray microtomography images and helped to formulate Table 3. Quartz, pyrite, and clay minerals 
were assigned to Grain 1, Grain 2, and Cement, respectively. The adopted linear elastic range of values 
was supported by information provided by Ändra et al. (2) and Schön (41). Note from Table 3 that there 
is a particular interest in estimating Young’s modulus values from the stress-strain relationship and that 
the Poisson ratio is fixed to the values of intact minerals.  

 

Figure 5: Standard petrophysical properties of the Botucatu sandstone samples used in the present 
study: (a) displays porosity and permeability of eight 1.5 inch diameter plugs, (b) pore-size distribution 
highlighting porosity that can be resolved by X-ray microtomographic imaging technique considering a 
1.2 µm resolution as adopted in this study, (c) mineralogical analysis using X-ray powder diffraction 
(XRD) and X-ray fluorescence analysis (XRF), (d) thin section analysis using plane polarized light at (d) 
25 times and (e) 100 times magnification. Results of the mineralogical analysis are only displaying 
proportions >2%. *Indicates minerals within the same composition. 
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4. RESULTS 
This section is organized into four subsections. The first subsection introduces laboratory data for the 
Botucatu sandstone, which serve as reference properties for the DRA. The second subsection examines 
the downsampled models to identify a configuration that balances representative digital properties with 
computational efficiency. The third and fourth subsections present the parameter estimation results for 
the synthetic and real-world cases, using the numerical and surrogate models, respectively. 

4.1. Laboratory Characterization 
Standard properties of the Botucatu sandstone used in this study are presented in Figure  5. Porosity 
and Permeability of eight rock plugs are shown in Figure 5a. As observed in other studies (e.g., 7), the 
graph indicates that the porosity values of this rock do not have an expressive variation. Permeability 
values, on the other hand, indicate a more remarkable variation amongst the samples. With respect to 
the pore-size distribution as indicated in Figure 5b, the Botucatu sandstone has a mono-modal 
distribution. This piece of information is key to show that most pores are around 20 µm. Figure 5b thus 
indicates, given the sample characteristics, that the adopted 1.2 µm resolution is sufficient to resolve the 
pore space using X-ray microtomographic equipment settings. Figure 5c highlights that the main 
mineralogical composition consists of quartz (SiO2), supported by the presence of intense peaks at 

characteristic 2θ angles (Fig. A2 in the Supplementary Material, available online). This information 

agrees with previous studies using this rock type. Figure 5d and e present thin section analysis indicating 
a homogeneous grain and pore size network. Figure 5e provides a closer look at the main grain, and 
the 2D images highlight the intricate imperfections of the main grain (a piece of information that 
suggests the potential variations of the linear elastic properties of the minerals contained in this rock). 
The readers are now informed about the petrophysical characteristics of the samples used in this study. 
Geological characteristics of the formation are not in the scope of this paper and interested readers are 
referred to Schere and Lavina (39) for a comprehensive geological description. 

4.2. Downsampled Models 
Figure 6a–e presents the grayscale and segmented images of the original 1X and downsampled 2X, 4X, 
8X, and 12X models, respectively. These images, in particular the segmented representation, provide 
good evidence that the pore and solid structures may maintain their original structure with small 
downsampling. This information can be seen in Figure 6a, b, and c. Larger downsamplings may produce 
a slight or a relatively large loss of information. For instance, the pore-structure of the original model, 
available in Figure 6a, and the largest downsampled model, presented in Figure 6e, indicates the loss 
of small pores and connection/disconnection of other pore-structures. Although only one stack is 

 

Figure 6: Grayscale and segmented image stacks of the digital rock model at different resolutions: (a) 
original resolution (1X), and downsampled models at (b) 2X, (c) 4X, (d) 8X, and (e) 12X. 
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evaluated, this impact is assumed to influence the entire domain. This impact is further quantified in 
terms of petrophysical properties. 

The digital petrophysical results are based on the five downsampled scenarios. The porosities were 
calculated by dividing the segmented pore domain by the sum of the solid and pore domains, as 
described in Section 3.1. Both the total and the connected portions had negligible differences, therefore 
only the connected porosity is shown in Figure 7. 

Figure 7a shows the porosity results. The mean laboratory porosity corresponds to 24.42% (solid gray 
line) and the minimum and maximum laboratory values are 23.86 and 25.03%, respectively (shaded gray 
region). A discrepancy of up to 10% of the laboratory minimum and maximum values (dashed gray line) 
is herein considered reasonable to compare the porosity values from these two techniques. The graph 
indicates that the digital porosity has negligible differences amongst the downsampled models. These 
values are also within 10% of admissible errors. The results, therefore, indicate good agreement between 
the porosities obtained in both laboratory and DRA. Additionally, downsampling shows no effect on the 
digital porosity. 

The permeability results are displayed in Figure 7b. The mean laboratory permeability is 450 mD (solid 
gray line), while minimum and maximum values are 352 and 657 mD (gray-shaded region), respectively. 
A 10% discrepancy (gray dashed line) is also considered for the permeability analysis. The digital models 
indicate a reduction of the permeability while increasing the downsampling. The original model (1X) 
yields a permeability of 526 mD, which is in good agreement with the laboratory measurements. Model 
2X, with a value of 435 mD, also falls within the laboratory bounds. Models 4X and 8X, with permeabilities 
of 336 and 342 mD, respectively, lie within the acceptable 10% discrepancy range. The 12X model is 
marginally outside the 10% discrepancy threshold. Overall, downsampling has a greater impact on digital 
permeability. The permeability decreases as the downsampling factor increases, suggesting that pore-
structure disconnection becomes significant at higher levels of downsampling. 

 

Figure 7: Results for the sandstone sample including: (a) porosity, (b) permeability, (c) finite element 
mesh configuration, and (d) elastic properties obtained from laboratory measurements and digital 
modeling. 
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Figure 7c presents the number of finite elements for 
each downsampled model, highlighting that fluid-flow 
simulations are less computationally demanding as 
they rely on the pore phase only. As shown in Figure 
7d, only the coarser models (i.e., 4X, 8X, and 12X) were 
simulated in Abaqus, since finer discretizations 
exceeded the available computational memory. These 
simulations, which adopted elastic parameters of 𝐸𝐸 =
94  GPa and 𝜈𝜈 = 0.08 , revealed that coarser 
discretizations led to an apparent increase in stiffness, 
yielding higher estimated rock Young’s modulus than 
that measured in laboratory test. Despite these constraints, the 8X downsampled model is representative 
in terms of porosity and permeability, as its values fall within the permitted 10% discrepancy. It also has 
a similar number of finite elements as the 12X model, and mechanical properties comparable to the 4X 
model. Therefore, the 8X model was selected to conduct the inversion procedure. 

4.3. Elastic Properties: Inverse Modeling 
This subsection presents the results of the two case studies using the inverse modeling approach. The 
synthetic case is discussed first, followed by the real-world case. 

The synthetic case was specifically designed to test 
the proposed methodology as the ground true 
parameter of Grain 0 is known (𝐸𝐸 =  40 GPa). Figure 
8a provides the graphical adjustment of both 
datasets using the stress-strain relationship. This 
graph indicates a nice fit among the datasets. The 
strong agreement can be attributed to the fact that 
the numerical response is a perfect representation of 
the synthetically created data, which plays the role of 
the “observed” evidence. Table 4 provides the estimated 𝐸𝐸 via inverse modeling. As can be seen, in the 
second column of the table, the model represents, with adequate accuracy, the ground true 𝐸𝐸 value. 
Table 5 provides the adjustment statistics for the first case study. As expected from the results presented 
in Table 4, the four adjustment statistics indicate a nice fit between observed and simulated datasets. 
Note that the order of SSR and RMSE are low given the range of values of the dependent variable (0 – 
60 MPa). In addition, the dimensionless metrics (R2 and r) provide adequate values. 

The real-world case is now presented to assess the potential of the methodology when applied to real 
rocks and laboratory test data. Figure 8b provides the graphical adjustment of both datasets using the 

 

Figure 8: Stress-strain results of the inverse modeling approach for the (a) synthetic and (b) real-world 
cases. In item (b) a larger window of view of the numerical stress-strain relationship considering all 
solids as intact quartz is available. 

 

Table 4: Estimated parameters via 
inverse modeling approach. 
Solid 
phase 

Estimated 𝑬𝑬 (GPa) 
Synthetic 

case 
Real-world 

case 
Grain 0 40.0003 - 
Grain 1 - 43.1171 
Grain 2 - 90.6090 
Cement - 15.4032 

 

Table 5: Adjustment statistics for the 
inverse modeling approach. 
Statistical 
Metric 

Synthetic 
case 

Real-world 
case 

SSR (MPa)2 9.68·10-10 0.386 
R2 0.999 0.999 
r 0.999 0.999 
RMSE (MPa) 0.22·10-4 0.439 
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stress-strain relationship. Note from this graph that, within the linear regime, the observed data and the 
simulation using the optimal parameters exhibit an excellent fit. Furthermore, for comparative purposes, 
simulation using values of intact minerals is provided. The three solid phases are represented by quartz, 
using the elastic values provided by Schön (41) (𝐸𝐸 = 94 GPa and 𝜈𝜈 = 0.08). This simulation indicates a 
significant overestimation relative to the observed values and reinforces the need for calibration 
procedures, as proposed in this paper. Additionally, the simulations are limited to the linear regime, 
suggesting that additional effort is needed to represent the nonlinear behavior of the curve, such as 
crystal plasticity effects. Table 4 provides the estimated parameters for the three solid phases (Grain 1, 
Grain 2, and Cement). The main solid phase, Grain 1, represents 86.4% of the solid bulk and its value (43 
GPa) is approximately half of Young’s modulus of the intact quartz mineral. Such a finding highlights the 
alteration/variability of the quartz mineral within this sample. The cement represents 13.5% of the solid 
bulk and its value (15 GPa) indicates a higher degree of alteration compared to the main grain (Grain 1). 
Notably, the material in contact with the pore spaces—herein referred to as Cement—is more susceptible 
to numerous physical and chemical processes that may accelerate its alteration and consequently 
weaken the material. The minor bright grains (Grain 2) represent 0.1% of the solid bulk. The estimated 
value for this solid phase (91 GPa) indicates a stronger material if compared to the previous ones. These 
findings are also in agreement with the insights given by X-ray microtomographic images. As presented 
in Figure 6a, the darker material (Cement) is less dense than the light-gray material (Grain 1) and the 
white material (Grain 2). Therefore, it should be expected that the Cement would represent the soft 
material, whereas Grain 2 would represent the stiff material. Additionally, the imperfections of the main 
grains (intra-particle porosity and fractures) as seen in Figure  5e may be further evidence that modeling 
elastic properties of sandstone rocks using intact quartz values might not be an appropriate assumption. 

The RMSE values indicated in Table 5 highlight larger residual values for the real-world case. This occurs 
because reproducing real laboratory experiments is significantly more challenging than working with 
synthetic observations, where all controlling factors (such as constitutive properties and boundary 
conditions) are fully known. Despite residual differences, the adjustment shown in Figure 8b suggests 
that the assumptions considered in this work are sufficient. 

In this work, we follow the assumption that the Poisson ratio is a fixed property and assumes the value 
of intact quartz (𝜈𝜈 = 0.08) . Therefore, throughout the optimization process, its value remains as a 
permanent scalar. To further 
evaluate the effect of this 
assumption, the observed radial 
strains obtained by the uniaxial 
compression strength (UCS) and 
the numerically simulated radial 
strains are presented in Figure 9. 
The numerically simulated radial 
strains were computed from 
contributions of both the 𝑥𝑥 and 𝑦𝑦 
directions of the model. From the 
curves, it is noticeable that for the 
same radial strains, the reached 
stresses are far lower when using 
the model with adjusted 
parameters (blue curve) if comp-
ared to the intact parameters (red 
curve). Nevertheless, we recognize 
that further improvements may be 
achieved if the Poisson ratio is to 
be included as an unknown 
property. 

 

Figure 9: Stress-strain curve including axial and radial responses. 
UCS: uniaxial compression strength. 
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4.4. Elastic Properties: 
Surrogate Model 

This subsection presents the results 
of two case studies using the 
surrogate model as a prediction tool. 
First, the performance of the selected 
model is presented. Then, the 
parameter estimation results 
obtained using the ANN models as 
predictors are discussed. 

For the first case study, the selected 
model consisted of one hidden layer 
with 10 neurons and employed the 
ReLU activation function. The ANN 
model achieved an R2 of 0.999 and an 
RMSE of 1.61 x 10−5 MPa for the 
training group (calibration), and an 
R2 of 0.999 and an RMSE of 1.68 x 
10−5 MPa for the testing group 
(performance on unseen data), 
indicating adequate performance 
and demonstrating the robustness of 
the model. Figure 10a shows the 
agreement between the numerical 
database and the ANN predictions for both the training and testing groups, highlighting in the 1:1 space 
the strong fit of the surrogate model in reproducing the numerical responses. Overall, for the single-
solid phase,  good calibration was achieved particularly because of a high R2 and a low RMSE. Figure 
11a presents the stress-strain responses using the optimized elastic property. The figure indicates 
overlapping between observed and predicted (via surrogate model) stress-strain. Table 6 confirms that 
the “known” parameter was adequately recovered (i.e., Grain 0 value) using the surrogate modeling and 
GA optimization. Table 7 indicates similar adjustment statistics as in the inverse modeling case (Table 
5). Note that although the surrogate provides a slightly better recovery of the imposed parameter, the 
residuals are larger when using the ANN. This could be explained by the fact that the ANN structure is 
not a perfect representation of the numerical tool. Such imperfection is reflected in slightly higher SSR 
and RMSE (although negligible from a practical point of view). 

For the second case study, the selected model comprised 
one hidden layer with 7 neurons and used the ReLu 
activation function. The ANN model achieved an R2 of 
0.999 and an RMSE of 1.237 MPa for the training group, 
and an R2 of 0.997 and an RMSE of 1.642 MPa for the 
testing group. These performance indicators, 
characterized by high R² and low RMSE values, 
demonstrate the robustness of the surrogate model for 
this case. Figure 11b shows the agreement between the 
numerical database and the ANN predictions, illustrating 
in graphical format the adequate and unbiased 

representation of the surrogate model. Compared to the single-solid phase case, the multi-solid phase 
ANN predicts the numerical responses with greater difficulty due to the inclusion of additional 
parameters associated with the different phases. Nevertheless, the graphs indicate that the surrogate 
model provides a good representation of the numerical model, as the points fall close to the 1:1 line. 
The adjustment statistics, characterized by consistently high R2 and low RMSE values, provide further 
evidence that the surrogate model can effectively replace the numerical analysis. Figure 11b presents 

 

Figure 10: Artificial Neural Network (ANN) model prediction 
versus numerical prediction for the (a) synthetic and (b) real-
world cases. 

 

Table 6: Estimated parameters using 
the surrogate model as predictive 
tool. 
Solid 
phase 

Estimated 𝑬𝑬 (GPa) 
Synthetic 

case 
Real-world 

case 
Grain 0 40.0001 - 
Grain 1 - 46.8661 
Grain 2 - 112.2142 
Cement - 12.0667 

 

https://doi.org/10.69631/v65nzv74


 
Gomes, et al.  Page 17 of 21 
 

 
InterPore Journal, Vol. 2, Issue 4, 2025                                https://doi.org/10.69631/v65nzv74              

the surrogate responses with optimized properties. The graph indicates the good fit between the 
observed and predicted (via surrogate model) stress-strain. Table 6 presents the estimated parameters 
for Grain 1, Grain 2, and Cement. Their values are similar to those found by the inverse modeling with 
differences of 3.7 GPa for Grain 1, 21.6 GPa for Grain 2, and 3.0 GPa for the Cement. Grain 2 showed the 
largest difference in the estimated values, and its contribution to the bulk property warrants further 
investigation. Grain 2 represents a minor contribution to the rock, and it may also assume different values 

without compromising the predicted response. 
Further investigation is required to understand the 
sensitivity of Grain 2, as well as that of the other 
materials. Table 7 indicates similar adjustment 
statistics as in the inverse modeling case (Table 5). 

Table 8 presents the computational time for both 
inverse and surrogate modeling. It was found that, 
given the hardware used, the inverse modelling 
approach—when combined with a downsampling 

procedure—requires approximately 10 days of interruptive calculations. The surrogate modeling, on the 
other hand, requires far fewer computation resources. In fact, the most computationally intensive task is 
constructing the database used to train the ANN structures, which requires approximately 9.6 hours 
under the settings adopted in this paper. In this study, 2000 simulations were used in inverse modeling 
and 100 numerical simulations in the surrogate model, which justifies a lower computational cost. The 
surrogate modeling requires far lower computational resources to train the ANNs and to estimate the 
parameters using GA, compared to the inverse modeling. For example, the first case study required 41.61 
seconds for training the various network configurations, and 101.22 seconds for the subsequent 
parameter estim-ation. These findings are promising, as they open new opportunities to use state-of-
the-art optimization algorithms that require a large number of predictions to adequately explore the 
parameter search space.  

5. CONCLUSIONS 
This work presents a protocol for 
estimating the elastic properties 
of minerals using X-ray 
computed microtomography, 
inverse modeling, and a surro-
gate model. Two case studies 
were designed to validate and 
evaluate this approach using 

Table 7: Adjustment statistics when using 
the surrogate model as predictive tool. 
Statistical 
Metric 

Synthetic 
case 

Real-world 
case 

SSR (MPa)2 9.38·10-9 0.416 
R2 0.999 0.999 
r 0.999 0.999 
RMSE (MPa) 0.68·10-4 0.456 

 

 

Figure 11: Stress-strain results using the parameter estimation via surrogate model for the (a) synthetic 
and (b) real-world cases. 

 

Table 8: Computational time for the two approaches using an 
Intel(R) Core (TM) i9-7920X CPU @ 2.90GHz and 128 GB of RAM 
machine. 
Approach Procedure Computational time 

(days) 
Inverse modeling Parameter 

estimation 
10.0 

Surrogate model Database creation 0.4 
 ANN calibration 0.0005 
 Parameter 

estimation 
0.0012 
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synthetic data (created numerically) and real-world data (laboratory measurements). Overall, the results 
of these case studies are promising, as the parameters estimated through inverse modelling are 
consistent with those obtained from laboratory experiments in the real case, as well as with the X-ray 
microtomographic observations, in which stiffer materials appear as brighter (denser) phases in the 
digital images. Additionally, the adjusted response for the real case shows a significant improvement 
relative to simulations assuming intact mineral properties. Four statistical indicators support the good 
agreement between observed and simulated datasets, confirming the overall effectiveness of the 
implementation. 

Using a surrogate in this context to overcome the high computational cost associated with the forward 
numerical simulation is promising. Artificial Neural Networks have been shown to be useful for this task 
as they capture with a good degree of accuracy the responses of the numerical simulations and can thus 
replace numerical schemes. The surrogate methodology presented in this paper can be easily applied to 
more complicated responses, including non-linear regime with the possible addition of recurrent 
networks. Overall, the computational cost associated with surrogate modeling lies primarily in building 
the database, which—as demonstrated in this study—is far smaller than the number of simulations 
required for the inverse modeling approach using a global optimization algorithm.  

Despite the efforts made to address and present this research, there are several implications and 
opportunities that extend beyond the case studies examined here. The proposed framework, while 
focusing on a sandstone sample, could also be applied to a wide variety of rocks with complex pore 
networks. While considered a fixed property, the Poisson ratio can be included as an unknown 
parameter. An improved understanding of the correlation between more than one solid phase is still 
required for the optimization portion. Extending this methodology to the non-linear regime is a step 
forward toward the incorporation of micromechanisms observed in rock deformation. Finally, to support 
a fair and open scientific discussion, additional sources of discrepancies between simulated and 
observed data—beyond those hypothesized in this paper—should be investigated. 
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