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ABSTRACT 

Estimation of Mercury Injection Capillary Pressure (MICP) from the 

Nuclear Magnetic Resonance (NMR) exponential decay with the Machine 

Learning (ML) Neural Network (NN) approach 

Ugolkov Evgeny Alekseevich 

 

Information about the capillary pressure has a wide range of applications in the 

petroleum industry. For this reason, capillary pressure curves are of great importance for 

petroleum engineers working on any stage of the field development. Nowadays, capillary 

pressure experiments are provided either in the lab on the plugs of the rocks, either in the 

well on the certain stop points with the formation tester tools on the wire or tubes. Core 

extraction and formation testing are both laborious, expensive, and complicated processes 

usually provided in the exploration wells only. Afterward, the properties obtained from 

the exploration wells are assumed to be the same for the extraction or any other kinds of 

wells. Therefore, these days petroleum engineers have limited access to the capillary 

pressure curves: the modern tests are provided on the limited points of formation in the 

limited number of wells. An extension of capillary pressure measurements in the 

continuous mode for every well will dramatically expand the abilities of modern formation 

evaluation and significantly improve the field operation management by reducing the 

degree of uncertainty in the decision-making processes. This work is the first step toward 

continuous capillary pressure evaluation. Here we describe the procedure of finding the 



3 

 

 

 

correlation between the results of the lab Nuclear Magnetic Resonance (NMR) experiment 

and lab Mercury Injection Capillary Pressure (MICP) measurements. Both experiments 

were provided on the 9 core plugs of the sandstone. Afterward, a Machine Learning (ML) 

algorithm was applied to generate additional samples of the porous media with different 

petrophysical properties representing the variations of the real cores of available 

sandstones. Overall, 405 additional digital rock models were generated. Thereafter, the 

digital simulations of MICP and NMR experiments were provided on the generated 

database of digital rocks. All the simulations were corrected for limited resolution of the 

CT scan. Based on the created database of experiments, we implemented a ML algorithm 

that found a correlation between the NMR echo data and MICP capillary pressure curves. 

Obtained correlation allows to calculate capillary pressure curve from the NMR echo data.  

  



4 

 

 

 

 

ACKNOWLEDGEMENTS 

 

First of all, I want to express sincere gratitude to my advisor, professor Hussein 

Hoteit, for the opportunity to be a part of this project as well as for his constant guidance 

and support throughout this work particularly and all my graduate journey at KAUST 

overall. 

Second, I want to thank all of the students at the Ali I. Al-Naimi Petroleum 

Engineering Research Center (ANPERC) for making the office a cheerful and enjoyable 

place to be and work. 

Moreover, I am extremely grateful to the KAUST Supercomputing Lab (KSL) 

Staff Scientist, Ph.D., Rooh UI Amin Khurram, and KSL Computational Scientist, Ph.D, 

Mohsin Ahmed  Shaikh for their help with the IBEX supercomputer. 

Many thanks to Ph.D. student Jamal AIAamri for providing a CT scan image of 

the glass beads. 

Last but not least, I am grateful to my family for their encouragement and patience 

with my constant absence. 

  



5 

 

 

 

TABLE OF CONTENTS 
 

 
ABSTRACT ............................................................................................................. 2 

ACKNOWLEDGEMENTS ...................................................................................... 4 

TABLE OF CONTENTS ......................................................................................... 5 

LIST OF ABBREVIATIONS .................................................................................. 7 

LIST OF SYMBOLS ................................................................................................ 8 

LIST OF FIGURES .................................................................................................. 9 

LIST OF TABLES .................................................................................................. 11 

Chapter 1: Introduction ........................................................................................ 12 

1.1 Objectives and Motivation ................................................................. 12 

1.2 Thesis Organization ........................................................................... 14 

Chapter 2: Literature review ................................................................................ 16 

Chapter 3: Description of the provided experiments ........................................... 22 

3.1 Computer-Tomography (CT-scan)..................................................... 22 

3.2 Nuclear Magnetic Resonance (NMR) ................................................ 27 

3.2.1 Theoretical background ...................................................................... 27 

3.2.2 Experimental procedure ...................................................................... 36 

3.3 Mercury Injection Capillary Pressure (MICP) ................................... 40 

Chapter 4: Artificial rock modeling ..................................................................... 42 

4.1 Procedure description ......................................................................... 42 

4.2 Procedure implementation ................................................................. 46 

Chapter 5: Simulation of the MICP and NMR experiments ................................ 55 

5.1 Simulation of NMR experiment ......................................................... 55 



6 

 

 

 

5.1.1 Corrections of NMR simulation for limited resolution of CT-scan 

images 58 

5.2 Simulation of the MICP experiment .................................................. 64 

5.2.1 Correction for limited resolution of CT-scan images ......................... 65 

Chapter 6: Implemented Machine Learning (ML) algorithm .............................. 73 

Chapter 7: Limitations and obtained results ........................................................ 91 

7.1 Limitations of the implemented approach.......................................... 91 

7.2 Obtained results .................................................................................. 94 

Chapter 8: Conclusion and future work ............................................................. 104 

REFERENCES ..................................................................................................... 106 

 

  



7 

 

 

 

LIST OF ABBREVIATIONS 

 

Abbreviation Meaning 

AI Artificial Intelligence 

COR Center of Rotation 

CPMG Carr-Purcell-Meinboom-Gill sequence 

CPPF Classified Piecewise Power Function 

CT-scan Computer Tomography 

GAN Generative Adversarial Neural Network 

HC Hydrocarbons 

MAE Mean Average Error 

MHZ Mega-Hertz 

MICP Mercury Injection Capillary Pressure 

ML Machine Learning 

MPa Mega-Pascals 

µm Micro-meter 

ms milli-seconds 

NMR Nuclear Magnetic Resonance 

NN Neural Network 

ReLU Rectified Linear Unit 

SDD Source-Detector Distance 

SOD Source-Object Distance 

SRS Surface Relaxation Strength 

 

  



8 

 

 

 

LIST OF SYMBOLS 
Symbol Meaning 

k Absolute permeability 

φ Porosity 

𝑇2 Transverse Relaxation Time 

𝑃𝑐 Capillary pressure 

𝐸𝑝 NMR echo data 

𝑡𝑑 The decay time of echo data 

𝐸𝑎 The area enclosed by the echo data 

𝐸𝑏 Optimal window of the echo data 

𝑆𝐻𝑔 Saturation of mercury 

𝐵0 The magnetic field of a strong magnet 

𝑇1 Longitudinal Relaxation Time 

𝐵1 Short-acting oscillating magnetic field 

𝑓0 Larmour frequency 

γ Gyromagnetic ratio of the hydrogen nucleus 

𝑇2𝐵 Bulk relaxation component 

𝜌2 Surface Relaxation Strength 

V Volume 

G The gradient of the magnetic field 

TE Echo spacing time 

D Diffusion coefficient 

Gen Generator 

Z Hidden latent space 

𝑁𝐺,𝐹 Number of trainable convolutional filters for generator 

𝑁𝐷,𝐹 Number of trainable convolutional filters for a differentiator 

w Weight factor 

α Learning rate 

𝑆𝑉 Specific surface area 

𝜒𝑉 Specific Euler Characteristics 

v Velocity field 

µ Viscosity 

p Pressure field 

λ Pore size distribution index 

𝑆𝑤 𝑖𝑟𝑟 Irreducible water saturation 

A The amplitude of the NMR signal 

r Pore radius 

X Real sample - digital model pore volume ratio 

σ Interfacial tension 

θ Contact angle 

𝑃𝑑 Displacement pressure 

b Bias term of the neuron 

Y The true target of the Neural Network model 

Y’ Predictions of the Neural Network model 

J Loss function 

  



9 

 

 

 

LIST OF FIGURES 

Figure 3.1: Minerals of different types in Berea sandstone ............................................. 25 
Figure 3.2: Two digital rock models of Berea sandstone. Left: Quartz (green), Clay (red), 

and Dense impurities (yellow). Right: solid phase (green) and pore phase 

(black) ........................................................................................................... 26 
Figure 3.3: Simulation of NMR experiment on different digital rock models of Berea 

sandstone ...................................................................................................... 27 
Figure 3.4: Exponentially decaying curve [15] ................................................................ 29 
Figure 3.5: Measured magnetization decay for Berea sandstone ..................................... 38 
Figure 3.6: Calculated T2 – distribution for Berea sandstone ......................................... 39 
Figure 3.7: Capillary pressure curve for Berea sandstone ............................................... 40 

Figure 4.1: Cross-sections of training image for Berea Buff sandstone. Grains are 

presented with white and pores are presented with black. The size of the 

images is 64x64 pixels .................................................................................. 47 
Figure 4.2: 3D representation of one of the training images for Berea Buff sandstone. The 

size of the images is 64x64x64 voxels ......................................................... 47 
Figure 4.3: Artificially generated images of Bandera Gray sandstone on different epochs. 

Top, from left to right: Epochs 1, 5, 11. Bottom, from left to right: Epochs 36, 

51, 101 .......................................................................................................... 48 
Figure 4.4: Cross-sections of five training images (bottom) and 45 artificial generated 

images (the rest) for Berea sandstone ........................................................... 50 
Figure 4.5: Comparison of petrophysical properties of original and synthetic samples for 

Berea sandstone ............................................................................................ 54 
Figure 5.1: The choice of appropriate Surface Relaxation Strength parameter ............... 57 
Figure 5.2: Pore size distribution of Berea sandstone and fraction of pores below the 

resolution of digital rock model, what is 3.5 μm in this particular case ....... 60 

Figure 5.3: Experimental, simulated, and corrected simulated magnetization decay for 

Berea sandstone ............................................................................................ 62 
Figure 5.4: Experimental, simulated, and corrected simulated magnetization decay for 

Berea sandstone in logarithmic scale............................................................ 63 

Figure 5.5: Measured and simulated capillary pressure curve for Berea sandstone ........ 65 
Figure 5.6: Representation of the pore space inaccessible for mercury intrusion for Berea 

sandstone ...................................................................................................... 67 
Figure 5.7: Comparison of experimental and corrected simulated capillary pressure curves

 ...................................................................................................................... 68 

Figure 5.8: A schematic diagram showing a typical mercury-injection capillary pressure 

curve and a way to determine displacement pressure (Jennings, 1987) ....... 69 

Figure 5.9: Comparison between capillary pressure curves obtained from MICP 

experiment and calculated based on Thomeer model for Berea sandstone .. 71 
Figure 5.10: Comparison between capillary pressure curves obtained from MICP 

experiment and calculated based on Corey and Brooks model for Bandera 

Gray sandstone ............................................................................................. 71 

Figure 6.1: Simplified view of a dense feedforward artificial neural network ................ 76 
Figure 6.2: Schematic functionality of one hidden neuron .............................................. 77 
Figure 6.3: The plot of RELU activation function ........................................................... 77 



10 

 

 

 

Figure 6.4: Schematic representation of learning process [22] ........................................ 79 

Figure 6.5: Gradient descent down a 2D loss surface (two learnable parameters) [22] .. 86 

Figure 6.6: The neural network model assignment with the Keras library extension...... 87 
Figure 7.1: NMR exponential decay (left) and T2-distribution (right) for Kentucky 

sandstone ...................................................................................................... 92 
Figure 7.2: Capillary pressure for the Kentucky sandstone ............................................. 93 
Figure 7.3: Pore size distribution for the Kentucky sandstone ........................................ 93 

Figure 7.4: Comparison of test and predicted capillary pressures ................................... 95 
Figure 7.5 Measured NMR exponential decay for Berea and Salt Wash North 

sandstones ..................................................................................................... 99 
Figure 7.6 Images of the Salt Wash North (left) and Berea (right) sandstones ............. 100 
Figure 7.7 Measured capillary pressures for Berea and Salt Wash North sandstones ... 100 

Figure 7.8 Capillary pressure (top) and NMR exponential decay (bot) trend for studied 

sandstones ................................................................................................... 101 
Figure 7.9 Comparison of test and predicted capillary pressures (reduced dataset) ...... 103 

  



11 

 

 

 

 

LIST OF TABLES 

 

Table 3.1: Properties of the NMR calibration sample...................................................... 37 
Table 3.2: Equipment parameters of NMR experiment ................................................... 37 
Table 3.3: Parameters of the T2-inversion ....................................................................... 39 
Table 4.1: Hyperparameters for GAN image generation ................................................. 46 

Table 4.2: Parameters of the single-phase permeability calculation by solving Stokes 

equation ........................................................................................................ 53 

Table 5.1: Constant parameters for NMR simulation ...................................................... 58 
 

  



12 

 

 

 

Chapter 1: Introduction 

1.1 Objectives and Motivation 

It is hard to overestimate the importance of capillary pressure in the petroleum 

industry. One application can be an estimation of irreducible water saturation, which then 

can be used for predictions of permeability with NMR logs with Bound Water or Kozeny 

Carman’s models or from Purcell’s capillary pressure-permeability relation. Another 

application may be the determination of oil-water or gas-water contact by converting the 

capillary pressure information to heights above the free water level which then can be 

compared with the free water level from formation test tools. In turn, the relative positions 

of the free water level and oil-water contact can assist in inferring wettability and the 

degree of wettability magnitude for the subject reservoir. The thickness of the transition 

zone and the expected reservoir fluid saturation can also be determined. Moreover, an 

estimation of relative permeability is possible from the capillary pressure curves, which 

provide an excellent opportunity to make the first approximation profiles of effective 

permeability values for fluids contained in the pore space, which in the combination with 

other petrophysical and fluid properties and the pressure information lead to the estimation 

of anticipated production rates and therefore overall evaluation of the economic viability 

of the wells and the field overall. Another application of capillary pressure may be the 

evaluation of the seal capacity, i.e. the height of the hydrocarbon column a seal can hold 

before it leaks.  Finally, evaluation of capillary pressure is important because it is the main 

force that controls the static distribution of fluids in the reservoir before production and 

the remaining hydrocarbons after primary production.  
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In the modern era, the accessible oil and gas formations start to lose their potential 

due to the long development period, and for this reason, the interest of geologists and 

petrophysicists is gradually switching to the unconventional low-permeability and tight 

reservoirs, where the common methods of effective hydrocarbon-bearing formations 

identification are out of action. Such complication may be alleviated if the pore structure 

of the formation can be quantitatively characterized leading to the evaluation of the 

reservoir rock quality. These days, the mercury injection capillary pressure (MICP) lab 

experiment enables us to get capillary pressure data, which is considered to be the most 

effective way of quantitatively evaluating rock pore structure. However, the experimental 

measurement cannot obtain the MICP curves of the reservoir continuously. Moreover, 

access to the MICP data is always limited due to environmental and economic factors (L. 

Xiao, Z. Mao, et al. 2012). For this reason, identification of capillary pressure from other 

more accessible, safe, and cheap sources of data, such as NMR measurements, would be 

a great help in modern formation evaluation expanding the limits of conventional logging 

techniques. 

Nowadays, scientists mainly use NMR 𝑇2 distribution data to predict MICP 

curves. However, the NMR T2 distribution obtained by the inversion of the NMR echo 

data has uncertainty, which affects the prediction accuracy of the MICP curves. First of 

all, the inversion process is an ill-posted problem by itself, which means that several 

possible solutions may fit the initial statement of the problem. Second, such parameters 

as 𝑇2 𝑚𝑖𝑛, 𝑇2𝑚𝑎𝑥, and the number of points N between these two values control the 

amplitude and the range of the 𝑇2 distribution, therefore normalization procedure and 

consistency in the range is required, what is sometimes not easy to achieve since different 
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petrophysicists prefer to process data different way and no standard procedure exist. Third, 

many researchers in their methodologies represent the 𝑇2 distribution as a solid continuous 

curve and take the values from this curve from any region they would like to, which from 

our point of view is not mathematically correct, since the  𝑇2 distribution should be 

represented as a number of separated points and the values of 𝑇2 between these points are 

not exist according to inversion procedure. Therefore, the methodology of predicting 

MICP curves from the 𝑇2 distribution seems to be questionable while utilizing NMR echo 

data seems to be a much more reasonable approach since the echo data is a solid physical 

measurement not distorted by any additional transformations. In this work, we present the 

methodology which enables the prediction of MICP capillary pressure curves from the 

NMR to echo data for 100 % water-saturated sandstones.  

1.2 Thesis Organization 

The thesis is composed of 8 chapters. 

Chapter 1 contains an introduction and explains why the examined problem is 

important.  

Chapter 2 is devoted to the literature review. It covers the existing approaches 

implemented by different scientists who worked and tried to solve the same problem 

before. Here we briefly explain the proposed techniques and pose their limitations or 

disadvantages, also we explain how the proposed solution may help to avoid the listed 

limitations. 

Chapter 3 explains and describes the experiments which we implemented in the 

lab: Computer-Tomography (CT-scan), Nuclear Magnetic Resonance (NMR), and 
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Mercury Injection Capillary Pressure (MICP). In this chapter, we briefly describe the 

theory behind these methods, the used equipment, and software, its capabilities, 

parameters of the experiments, and methodology. 

Chapter 4 presents the description of the Machine Learning (ML) approach which 

we used to expand the existing database of core samples via the generation of synthetic 

porous media. The theoretical principles behind the algorithm, the chosen parameters, the 

procedure of verification of the generated models, and the principles of segmentation are 

described. 

Chapter 5 describes the simulation algorithms of MICP and NMR experiments 

both from the theoretical and practical sides. Additionally, the algorithm of correction of 

simulated results to account for measurement conditions is described and justified on the 

experimental data. 

Chapter 6 covers the developed ML approach which we used to find the correlation 

between the NMR echo data and MICP capillary pressure curves. Here we presented the 

theoretical justification of the applied approach, the Neural Network (NN) architecture, 

the principles behind the NN calculations, and the format of the input and output data. 

Chapter 7 presents and discusses the obtained results and faced limitations. 

Chapter 8 contains conclusions and poses the plans for future work. 
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Chapter 2: Literature review 

Conventionally, NMR the spectrum helps to get information about total porosity, 

effective porosity, permeability, irreducible water saturation, and pore size distribution. 

However, besides the listed parameters, plenty of scientists declared that NMR has the 

potential to determine the information regarding the rock pore structure and capillary 

pressure.  

Capillary pressure has a significant impact on multiphase fluid flow in porous 

media (Hanafy et al., 2021; Hoteit and Firoozabadi, 2008a, 2008b). (Volokitin, 

Looyestijn, et al., A practical approach to obtain 1-st drainage capillary pressure curves 

from NMR Core and Log Data 1999)  proposed a technique to transform NMR 𝑇2 

distribution into the pseudo 𝑃𝑐 curve with a linear function and derived a pore throat radius 

distribution from it. The linear correlation function between 𝑃𝑐 and 
1

𝑇2
 implies that only a 

single value of C can be used for transferring one parameter into another. Thus, after 

calibration on 189 sandstone samples and calculation of average saturation errors, the 

optimal value of C was proposed as 4. This method got widespread oilfields around the 

world. However, for plenty of the fields, for example in China, the capillary pressure 

obtained with this technique didn’t show a reasonable match with experimental data. To 

improve such mismatch, in 2001 (Volokitin, Looyestijn, et al., A practical approach to 

obtain primary drainage capillary pressure curves from NMR core and log data 2001) 

proposed the modified method replacing the linear function with a variable conversion 

function and proposed the chart of conversion factor on each capillary pressure value. This 

technique has been widely used all over the world and played an important role in 

formation pore structure evaluation, but still, plenty of field applications had illustrated 
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that synthetic 𝑃𝑐 curve, calculated with this technique, is not always reasonable. For this 

reason, to improve the prediction of synthetic 𝑃𝑐 from NMR measurements, either another 

modification or novel method is required. 

(L. Xiao, Z.-q. Mao, et al. 2016) proposed a new methodology for constructing 

pseudo capillary pressure curves from nuclear magnetic resonance (NMR) logs. In their 

work, they used 20 core samples of tight sandstone from the central Sichan basin, 

northwest China. The idea behind the procedure was the same as in the (Volokitin, 

Looyestijn, et al., A practical approach to obtain 1-st drainage capillary pressure curves 

from NMR Core and Log Data 1999), but instead of a variable conversion function, they 

used the classified piecewise power function (CPPF) method. The choice of the function 

was justified by the observation in the existing database of experiments that the 

relationship between 
1

𝑇2
 versus 𝑃𝑐 is a non-linear power function, which in log-log 

coordinates gives a linear relationship. First, based on the shape difference of MICP 

curves, the core samples were classified into three types by using the so-called pore 

structure index (√
𝑘

𝜑
) where k is permeability and 𝜑 is porosity. For each type being 

classified the corresponding turning point for the piecewise power function was 

determined graphically from the plot of 𝑅𝑐 versus 𝑇2. After it, the empirical relationship 

between 𝑅𝑐 and 𝑇2 was determined, and based on the equation of capillary pressure and 

the connection between the capillary pressure and radius of the capillary the relationship 

between 𝑃𝑐 and 𝑇2 was calculated. To verify the validity of the proposed technique, the 

authors compared the constructed 𝑃𝑐 curves with core analyzed experiments and achieved 

satisfactory results. Moreover, they implemented the case study in the Sichuan basin and 
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calculated the capillary pressure for the whole profile based on the NMR logging curve. 

The obtained results matched the core data well. However, as the authors of the technique 

explained themselves, the proposed technique should be adapted for every new field 

application because the established model was built on limited experimented 

measurements on tight sandstones and therefore cannot be directly extended to the 

uncored formations or wells. Extension to the conventional formations will require the 

establishment of new classification criteria and a recalibration of involved model 

parameters.  

In 2020, (Zhang, et al. 2020) in their study compared the methods developed by 

Volokin et al. and Xiao et al. and concluded that the second option worked better for the 

tight Chang 8 Formation of Pengyang Region sandstone. In this study, 20 core samples of 

tight sandstone were drilled and exposed to the laboratory NMR and MICP experiments, 

and the methods described in (Volokitin, Looyestijn, et al., A practical approach to obtain 

primary drainage capillary pressure curves from NMR core and log data 2001, L. Xiao, 

Z.-q. Mao, et al. 2016) were implemented. However, since this study was implemented on 

the tight sandstones, it doesn’t represent the behavior of this methodology for 

conventional reservoirs.  

In 2021, (Bohan, et al. 2020) proposed a new methodology for predicting capillary 

pressure curves based on NMR echo data and proved the validity of the proposed 

methodology on the sandstone example. The essence of the proposed technique was to 

extract multiple characteristic parameters of the NMR echo data (𝐸𝑝), such as porosity 𝜑, 

the area enclosed by the NMR echo data 𝐸𝑎, the decay time of echo data 𝑡𝑑, and the 

average value of the amplitude of NMR echo data of the optimal window 𝐸𝑏 and then to 
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establish a multivariate statistical relationship between the saturation of mercury 𝑆𝐻𝑔 and 

echo data 𝐸𝑝 at each capillary pressure point which was expressed as a system of m 

equations where m is the number of capillary pressure points. As a basis for a correlation 

between the NMR echo data and capillary pressure was taken a relation between the NMR 

echo data and permeability was as well as a relation between the J-function with both 

capillary pressure and permeability. First, the listed characteristic parameters of NMR 

echo data were calculated. Second, the multivariate statistical relationship between the 

𝑆𝐻𝑔 and 𝐸𝑝 at each capillary pressure point was established. Third, multivariate linear 

regression was performed to calculate the model coefficients, and finally, this model was 

used to predict MICP curves. The authors predicted the capillary pressure curve for 19 

tight sandstones and achieved a reasonable match with the core data. However, as with 

the previous study, it is questionable if the proposed method can be used to predict the 

MICP curves of other reservoirs even with the recalibration of the involved parameters 

since the calibration was implemented on a highly restricted number of tight sandstones. 

 In 2001, (Altunbay, et al. 2001) described the methodology to convert NMR data 

into 𝑃𝑐 versus the saturation profile for each level of wireline log data with or without the 

availability of core capillary pressure information followed by the next step to derive 

relative permeability, then an effective permeability and fractional flow data and, 

consequently, formed a preliminary look at the good economics. In their study, they used 

the coefficient C to scale the 𝑆𝑤 versus 𝑇2 curve to match as close as possible to the 𝑆𝑤 

versus 1/𝑇2 curve. However, this parameter C was exposed to relatively high uncertainty 

from the side of laboratory test data and the shape factor which could lead to the pitfalls 

of imperfect comparisons of predicted and real capillary pressure curves.  



20 

 

 

 

Moreover, several other scientists have proposed methods to construct 𝑃𝑐 from 

NMR logs: (Glorioso, Gabriel and Mengual 2003, Ouzzane, Okuyiga and Gomaa 2006, 

Green, et al. 2008, Shao, et al. 2009, Kuang, et al. 2010, Olubunmi and Chike 2011, 

Eslami, et al. 2013). However, as (L. Xiao, Z.-q. Mao, et al. 2016) suggested, all of the 

listed works represent the statistical methods without revealing internal relation between 

the NMR 𝑇2 spectrum and pore throat size distribution.  

Analyzing the existing approaches, several limitations can be highlighted. First, 

the majority of the proposed solutions are based on the restricted experimental core data. 

For example, (L. Xiao, Z.-q. Mao, et al. 2016), (Zhang, et al. 2020) and (Bohan, et al. 

2020) used up to 20 samples of tight sandstones to build their correlations, which 

questions the applicability of their models to other types of sandstone formations even 

with the recalibration of involved parameters. The most famous technique developed by 

(Volokitin, Looyestijn, et al., A practical approach to obtain 1-st drainage capillary 

pressure curves from NMR Core and Log Data 1999) used 189 samples to build its 

correlation, however, it has been shown that even such a relatively wide experimental 

database cannot capture capillary pressure close enough for a list of formations. Second, 

all of the models use explicit 𝑇2 − 𝑃𝑐 models such as the linear or power function. 

However, nature is peculiar and may obey much more complicated laws, especially in 

such unorganized materials like rocks. Third, the majority of the proposed methodologies 

highly depend on the shape factor, which is a complicated parameter in terms of its 

calculation. Finally, proposed methods depend on the rock type, which requires additional 

rock type classification, which causes limitations of applicability of proposed techniques 

for other classes. 
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To overcome the listed limitations, in this work we propose a new solution for the 

problem. Our approach uses Machine-Learning (ML) Neural Networks (NN) to capture 

NMR Magnetization Decay − 𝑃𝑐 relationship. Such an approach doesn’t require 

discovery or fit of any explicit NMR Magnetization Decay − 𝑃𝑐 function, meanwhile no 

information regarding the shape factor is considered, which reduces the uncertainty and 

expands the applicability of the proposed algorithm to the wider range of formations. 

Moreover, we extend the existing database of 9 sandstones with hundreds of artificially 

generated samples with different petrophysical properties and pore space structures and 

provide the close to reality NMR and MICP simulations on these samples, which gives us 

a database of 405 data points, which is by order of magnitude more than in some of the 

previous studies. The initial idea was to create a reliable correlation between laboratory 

NMR and MICP experiments which will work for any kind of 100% water-saturated 

sandstone with any petrophysical properties. However, during the work, we faced the fact 

that the resolution limit of the available CT-scan machine doesn’t allow us to implement 

the proposed workflow for tight sandstones since their pore space cannot be captured 

precisely enough, which in turn leads to the not-accurate simulations of NMR and MICP 

experiments. More details regarding this limitation will be provided in the corresponding 

chapter. Thus, the final work was implemented for the sandstones with a predominant pore 

size more than the spatial resolution limit of the available CT-scan machine, which is 

declared to be 3 um by the manufacturer.  
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Chapter 3: Description of the provided experiments 

3.1 Computer-Tomography (CT-scan) 

For the creation of a machine-learning algorithm to find a correlation between the 

NMR exponential magnetization decay and capillary pressure curve a wide database of 

both listed types of data is needed. Since it is highly complicated to acquire hundreds of 

real rock samples with different petrophysical properties, without saying providing NMR 

and MICP experiments on them, the reliable simulation of these experiments is a much 

more attractive option. Simulation of NMR and MICP experiments may be implemented 

on the digital rock models, which are the binary 3-dimensional digital models of rocks 

separated into the void and solid phases. Such models are obtained based on the CT-scan 

images of the rock samples.  

Lab measurements of the rock images were provided on the TESCAN CoreTom 

CT-scan equipment. The three main parts of this equipment are a stationary X-ray source, 

a stage that rotates the sample in the stream of bombarding X-rays, and a detector screen. 

Such configuration enables the computer to obtain a lot of one-dimensional projections of 

X-ray attenuations at different angles. From these projections, the computer algorithm first 

reconstructs the cross-sectional slices through the sample, and then from these sequential 

cross-sectional slices, the computer reconstructs the three-dimensional image, which 

becomes the base for the digital rock model. 

Obtaining the three-dimensional image consists of two parts: the first is the 

measurement part implemented in the Aquila software and the second is the reconstruction 

part implemented in the Pantera software. As discussed above, during the measurement 
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the computer receives the one-dimensional projections of X-ray attenuations at different 

angles, and during the reconstruction, it constructs the 3-dimensional image from these 

attenuations.  

For this work, it was important for us to achieve the highest possible spatial 

resolution of the image to lose as small fraction of pores as possible. For this reason, all 

the parameters of the measurement part were selected to achieve this goal of high spatial 

resolution, which is declared to be 3 𝜇𝑚 by the manufacturer of the equipment. To achieve 

such resolution, the diameter of the sample must be small, and with the available bits, we 

did samples with a diameter of 6 mm, which were dried in the oven before the experiment.  

Empirically, we determined that the 70 kV and 15W as parameters of the tube producing 

electrons are good values for our purposes. From the “best practice” information provided 

by the laboratory experts, the source-detector distance (SDD) was chosen to be 850 mm. 

The source-object distance (SOD) was tuned until the required resolution was achieved. 

Finally, we used 20 averages to acquire statistics.  

The reconstruction part can be implemented automatically or manually, we chose 

the second option to be able to decide if to apply available filters or not. The applied 

procedures included normalization and application of ring and spot filters, also we 

intended to improve the sharpness of the image via adjusting the center of rotation (COR), 

and after it, the image was reconstructed by the in-built script. 

Each voxel of the reconstructed image is coded in 65535 shades of gray. To create 

a binary digital rock model, after the reconstruction part we have to find a single threshold 

shade of gray value that will segregate the voxels of the image by pores and grains only. 

The treatment of the reconstructed images was implemented in the Avizo software 
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(Alaamri et al., 2022), and the value of the threshold was chosen based on two orienteers: 

the first is the porosity measured by the NMR experiment and the second is the visual 

inspection of the images. First, we found such a value of threshold which will give us the 

same porosity of the binary image as the porosity of the sample obtained with the NMR 

experiment. But since the NMR experiments were provided on the samples with a larger 

size than the size of the samples cut for the CT-scan experiment, plus considering the fact 

that the CT-scan images have a certain resolution and cannot “see” some pores which the 

NMR can “see”, additional visual control required. For this reason, after the first iteration 

for the threshold value was found, we provided the visual inspection of the grains and 

pores and if necessary corrected the threshold value until the vividly visible grains with 

sharp edges obtained a good boundary. In some cases, after the first step, the visual 

inspection gave satisfactory results, and no further change in threshold value was required. 

Thus, after such a procedure we achieved binary images of the sandstones consisting of 

pores and grains only. 

At this point, we verified if the segregation of grain phase on different types of 

minerals will affect the simulation of the NMR experiment. It should be noticed that the 

composition of the grain phase will not affect the MICP simulation since this simulation 

is sensitive to the radius of the pores only. 

Consider an example for Berea sandstone. According to the literature review, in 

general, the Berea sandstone composes of 81% of Quartz, 7% of Kaolinite, 7% of Albite, 

2% of Dolomite, 1% of Muscovite, and 2% of Biotite and Fluoparite. Generically, these 

minerals may be separated into three groups, which are Quarts, Clays, and Dense 

impurities. Each of these groups may be vividly separated because of the different 
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densities of these minerals and therefore different brightness on the gray-scale image 

(Figure 3.1).  

 

Figure 3.1: Minerals of different types in Berea sandstone 

Thus, to compare the influence of different minerals on the NMR simulation, we 

created two models: with separation of different minerals and without it. Cross-sections 

of these two models for Berea sandstone are presented on Figure 3.2.  
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Figure 3.2: Two digital rock models of Berea sandstone. Left: Quartz (green), Clay (red), and 

Dense impurities (yellow). Right: solid phase (green) and pore phase (black) 

After this, we provided two NMR simulations on these models with the PerGeos 

software. The comparison of magnetization decays from these simulations is presented in 

Figure 3.3. As can be seen, 15% fraction of clay and 2% fraction of dense impurities in 

Berea sandstone didn’t affect the simulation results significantly. In addition, we match 

our simulated magnetization decay curves with experimental measurements adjusting the 

parameter of surface relaxation strength, which can recoup for the lack of minerals 

segregation. Moreover, to create a database of NMR and MICP results, we created 

hundreds of artificial porous geometries with the generative algorithm which doesn’t 

imply the generation of different types of minerals. Considering all the facts listed above, 

we decided to separate our digital models only to the solid and porous phases.  

While some of the CT-scan images were taken from the open-source, others were 

implemented using the procedure described above, and the binary digital rock models 

were created from them.  



27 

 

 

 

 

Figure 3.3: Simulation of NMR experiment on different digital rock models of Berea sandstone 

3.2 Nuclear Magnetic Resonance (NMR) 

3.2.1 Theoretical background 

The effect of Nuclear Magnetic Resonance (NMR) in molecular beams was first 

discovered in 1938 by Isidor Rabi with further development of the technique for use in 

liquids and solids by Felix Bloch and Edward Mills Purcell. NMR in an application to 

formation evaluation is a physical phenomenon in which nuclei of hydrogen (contained in 

formation water and hydrocarbons) initially located in the permanent strong magnetic 

field produce an electromagnetic signal with a certain frequency after being exposed to 

the weak oscillating magnetic field. The produced electromagnetic signal has the highest 

amplitude at the moment when the oscillation frequency matches the intrinsic frequency 

of the hydrogen nuclei – the effect called resonance. While the oscillation frequency is a 

function of the strength of the static magnetic field and chemical environment, the 

hydrogen nuclei frequency is a unique property of the hydrogen isotope.  
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NMR phenomenon is possible because hydrogen nuclei have magnetic and 

angular moments, which makes it possible to imagine them as a combination of a rod 

magnet with a gyroscope: due to the magnetic moment, hydrogen nuclei tend to align 

along the external magnetic field, but the alignment process is counteracted by the angular 

momentum of the nuclei, as a result of which hydrogen nuclei make a rotational motion 

around the lines of the external magnetic field, similar to the rotation of the bundle in the 

gravity field of the Earth. 

Since hydrogen nuclei have a magnetic moment also, when rotating in the field of 

a magnet, they can cause a magnetic induction signal of some amplitude in the antenna of 

the measuring device, which can be seen as an oscillatory circuit of a capacitor and a coil. 

It is these magnetic induction signals with a certain amplitude, referred to as "spin-echo" 

in the terminology that is the measured parameter. 

Simplifying, signal registration is as follows: the antenna of the device, which is 

alternately both a source and a receiver, generates a magnetic field of a certain frequency, 

after which the antenna switches to the registration mode and measures the response of 

magnetic induction from hydrogen nuclei. In one generation-reception cycle, one echo 

signal amplitude is recorded. The recorded signal is schematically illustrated in Figure 

3.4. In the terminology of NMR, this sequence of decaying signals is called the CPMG 

series, named after the scientists who worked on this phenomenon: Carr-Purcell-

Meiboom-Gill.  
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Figure 3.4: Exponentially decaying curve (George, Lizhi and Manfred 1999) 

Two main parameters are extracted from this input sequence: the amplitude of the 

first echo signal and the rate at which the signal decreases. 

The initial amplitude is proportional to the number of hydrogen nuclei in the pore 

space in the measured volume. This fact makes it possible to calibrate the first signal for 

the porosity of the medium, regardless of the properties of the matrix. 

The decrease in the signal amplitude, in turn, occurs exponentially, with a constant 

value to a degree called the transverse relaxation time T2. In water-saturated rocks, it was 

proved that the time of T2 is proportional to the size of the pores: in small pores, the value 

of T2 has small values, and in large ones it is large. Each rock is characterized by a certain 

pore size distribution, which means that the spin-echo signal fades not with a single T2 

value, but with an entire T2 distribution, which is characterized by a pore size distribution 

(3.1)  

A = ∑ 𝐴𝑖exp (
−𝑡

𝑇2𝑖
)𝑁

𝑖=1  (3.1) 
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Based on this, from the input sequence of echo signals, it is possible to obtain a 

distribution of time T2 by the inversion algorithm, and this distribution will reflect the 

pore size distribution. The area under this distribution will be proportional to the total 

porosity.  

Many elements, as well as hydrogen, have magnetic and angular moments. 

However, the signal received from them is so small that it cannot be registered. Hydrogen, 

unlike these elements, has a relatively large magnetic moment and is also widely 

represented in reservoir fluids, which makes it a convenient object for study. This effect 

is further enhanced by the fact that the generated oscillating magnetic field is reproduced 

with a resonant frequency to the precession of hydrogen nuclei, which enhances the 

response from the phenomenon of magnetic induction since all hydrogen nuclei move in 

resonance. 

During the measurement the hydrogen nuclei are affected by three main types of 

magnetic fields: 

1. Static magnetic field from a permanent magnet 

2. Oscillating magnetic field of a certain frequency 

3. Local magnetic fluctuations of elements with unpaired electrons (iron, chromium) 

Measurement of the signal includes 5 stages: 

1. Alignment of hydrogen nuclei along with the magnetic field lines B0 of a strong 

permanent magnet 

2. Rotation of all hydrogen nuclei by a pulse of the oscillating magnetic field B1 by 

90 degrees 

3. Precession and dephasing of hydrogen nuclei 
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4. Repeated application of an alternating oscillating magnetic field at an angle of 180 

degrees to measure the decreasing amplitude of echo signals 

5. Irreversible dephasing of hydrogen nuclei and as a result decay of the signal 

amplitude 

In the first step, a stationary magnet with a power of 520 Gauss is used to align the 

hydrogen nuclei along with the magnetic field lines B0 of a strong magnet, which is 

approximately one hundred times stronger than the Earth's magnetic field. The alignment 

of the magnetic moments of hydrogen nuclei does not occur instantaneously, but 

according to an exponential law with a time constant of longitudinal relaxation T1 as 

follows from Eq. (3.2) 

𝑃𝑜𝑙𝑎𝑟𝑖𝑧𝑎𝑡𝑖𝑜𝑛 = 1 – е-t/T1 (3.2) 

After the hydrogen nuclei align in a strong magnetic field, they are considered 

polarized. At this stage, hydrogen nuclei rotate around the magnetic field lines of a strong 

magnet and around their axis, like a pinwheel. 

In the second step, the magnetic moment of the hydrogen nuclei is deflected from 

the direction of the field B0 of the permanent magnet by an angle of 90 degrees by 

applying a short-acting oscillating magnetic field B1 perpendicular to the field of the 

permanent magnet. This step causes the hydrogen nuclei to rotate at the initial moment in 

a horizontal plane perpendicular to the direction of the magnetic field lines B0 of the 

permanent magnet. The angle of 90 degrees is chosen because of the amplification of the 

magnetic induction signal since rotating in this plane hydrogen nuclei produce the 

maximum magnetic induction signal. In the terminology of the device, this step is called 

"90-degree pulse". To effectively deflect the hydrogen nuclei to the horizontal plane the 
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frequency f0 of the applied magnetic field B1 must be equal to the precession frequency 

of hydrogen nuclei and can be calculated as follow 

f0 = 
𝛾

2𝜋
 B0 (3.3) 

 

where γ is the gyromagnetic ratio of the hydrogen nucleus, B0 is the static magnetic field, 

and f0 is the resonant or Larmor frequency. 

For hydrogen nuclei, γ/2π = 4258 Hz/Gauss. For this device, B0 = 520 Gauss, then 

for the effective deviation of the magnetic moment of the nuclei from the direction of the 

field lines of a strong magnet, it is necessary to create a field B1 with a frequency of 2.2 

MHz. 

After the magnetic moments of the hydrogen, nuclei have been deflected by an 

angle of 90 degrees, they begin to precess in a plane perpendicular to the plane of a strong 

magnet with a Larmor frequency. At the first moment, they precess synchronously, 

thereby creating a relatively strong magnetic induction signal that can be registered by the 

antenna. But then, gradually, the protons lose synchronization and begin to precess at 

different speeds. This is because as can be seen from Eq. (3.5), the frequency of precession 

of hydrogen nuclei is directly proportional to the induction of the magnetic field of the 

permanent magnet B0, which is not constant at each point of the sample inside the device, 

which means that protons in the study volume at two points A and B will rotate at different 

speeds, which entails the disappearance of the magnetic induction signal from the 

hydrogen nuclei. 

For this reason, to avoid the influence of the inhomogeneity of the magnetic field 

B0 of the permanent magnet and to obtain more magnetic induction signals from the 
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hydrogen nuclei that lose synchronization (to obtain the transverse relaxation time 

distribution by inverting the decay of the signal), at the fourth stage of measurement, the 

magnetic moments of hydrogen nuclei are repeatedly rephased by applying short-term 

pulses of the magnetic field B1 with a frequency f0, but this time acting twice as long as 

the "90-degree pulse", and bearing the name "180-degree pulse". Due to the application 

of this pulse, the magnetic moments of hydrogen nuclei do not change the direction of 

their precession but change their phase in such a way that the protons that precess the 

fastest and were the first before applying the pulse 180 are the last and are forced to travel 

a longer distance to the synchronization site than the protons that initially precessed slower 

and were the last, but became the first and were forced to travel a shorter distance to the 

synchronization site. Thus, after a while they converge again at one point, producing a 

strong magnetic induction signal. Further, the magnetic moments lose synchronization 

again. However, the technique of applying a short-term alternating magnetic field of 180 

degrees is applied again and again, which causes the magnetic moments of the hydrogen 

nuclei to synchronize, again and again, forming a magnetic induction signal. 

However, if this technique can overcome the problem of inhomogeneity of the 

magnetic field B0 and the associated defocusing of the magnetic moments of hydrogen 

nuclei, at the same time this technique cannot cope with the dephasing caused by 

molecular processes. Molecular processes cause irreversible attenuation of the signal, 

which is observed in an inevitable drop in the amplitude of spin-echo signals, as can be 

seen in Figure 1. 

After a time several times longer than T2, the magnetic moments completely lose 

synchronization in a chaotic order and do not form a signal anymore. This ends the signal 
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registration. To start the next CPMG series, it is necessary to align again the magnetic 

moments of the hydrogen nuclei along the magnetic field lines of a strong magnet. For 

this purpose, the measurement cycles of the CPMG series are separated by a time interval 

for nuclei polarization. 

There are three main independent of each other mechanisms of relaxation of pore 

fluids: 

1) Volumetric relaxation mechanism 

2) Surface relaxation mechanism 

3) The mechanism of molecular diffusion 

The contribution of each of the three mechanisms significantly depends on the type 

of pore fluid (water, oil, or gas), pore size, and wettability of the pore surface. In most 

cases, the mechanism of surface relaxation dominates. 

For water and HC, volumetric (or bulk) relaxation occurs mainly due to 

fluctuations in local magnetic fields arising from chaotic oscillations of neighboring 

molecules. This chaotic oscillation and rotation depend on the viscosity and temperature 

of the fluid, for this reason, both T1 and T2 strongly depend on these parameters. Thus, 

volumetric relaxation is a function of temperature and viscosity as follows 

𝑇2𝐵 =  (
3𝑇

298𝜂
) 10−3 

(3.4) 

where 

T – temperature [K] 

𝜂 – viscosity [Pa*s] 

Surface relaxation occurs due to the continuous chaotic Brownian motion of 

molecules in the liquid. This bromic motion causes the molecules to travel considerable 
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distances even in a short time of measurement by the NMR device. Due to this, the 

molecule acquires the ability to interact with the pore surface during measurement. When 

the molecule reaches the pore surface, two mechanisms are likely to occur: the proton 

either transfers part of the energy of the pore surface, aligns along the B0 field, and 

contributes to the longitudinal relaxation of T1; or irreversibly dephases, which means it 

contributes to the transverse relaxation of T2, breaking out of the general precession. But 

not all surfaces are the same in their ability to relax the spin of the hydrogen nucleus: the 

rocks with paramagnets (iron, manganese, nickel, chromium) have the strongest ability. If 

paramagnets are present, then they control the relaxation process to a greater extent. 

Usually, sandstones have up to 1% iron in their composition, which makes surface 

relaxation very effective in them. Thus, each surface has its own relaxation ability 𝜌1 for 

T1-relaxation and 𝜌2 for T2 relaxation. In addition, the surface relaxation mechanism also 

depends on the shape of the pores and will have a small value for a small pore surface, 

and a larger value for a large surface. Thus, the mechanism of surface relaxation S 

(surface) is a function of the pore size V, the pore surface S, and the relaxation ability of 

the surface 𝜌: 

(
1

𝑇2
)S = ρ2 (

𝑆

𝑉
)pore (3.5) 

Molecular diffusion contributes to the total relaxation due to the inhomogeneity of 

the permanent magnet field B0. Under the action of the Brome motion, the molecule moves 

chaotically from point A to point B. However, during the motion of the molecule, the field 

of the permanent magnet B0 will not have the same value, but will naturally decrease from 

the device to the center of the sample. For this reason, according to formula (3), hydrogen 

molecules at each point in space will precess at different speeds as they move away from 
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the surface to the center of the sample which means they will lose synchronization to some 

extent, which will affect the total signal: under the influence of molecular diffusion and 

the inhomogeneity of the B0 field, it will fade. Thus, molecular diffusion affects only the 

transverse relaxation time T2. The magnitude of the relaxation mechanism due to 

molecular diffusion is influenced by the molecular diffusion coefficient D [m2/sec], the 

gyromagnetic ratio of the hydrogen nucleus γ, the gradient of the magnetic field G, and 

the time extension between the pulses 180 degrees TE  

(
1

𝑇2
)D = ( 

𝐷(𝛾∗𝐺∗𝑇𝐸)2

12
) (3.6) 

Thus, the equation for transverse relaxation can be written as 

(
1

Т2
) 𝑡𝑜𝑡𝑎𝑙 = (

1

𝑇2
) 𝑆 + (

1

𝑇2
) 𝐵 + (

1

𝑇2
) 𝐷 

(3.7) 

It should be noticed that molecular diffusion can be neglected for lab NMR tools 

for two reasons: the first is the fact that the sample is located inside the magnet and doesn’t 

experience the strong gradient of the magnetic field and the second is that the value of TE 

for lab tools is very small (0.052 µs in our case), which leads to negligible values 

calculated with Eq. 6.  

3.2.2 Experimental procedure 

The laboratory measurements of magnetization decay were provided with the 

Oxford NMR 2MGHZ GEOSPEC2+ tool. First, the calibration procedure with the 

calibration sample with known properties was provided to tune the tool signals with exact 

petrophysical properties (porosity and maximum T2 in the presented case). The properties 

of the calibration sample are presented in Table 3.1.  
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Table 3.1: Properties of the NMR calibration sample 

Diameter (cm) 3.5 

Length (cm) 5.03 

NMR Fluid Vol. (ml) 21.17 

Calibration sample mass (g) 74.12 

T2 max 100 

T1 max 100 

Porosity 43.7 % 

The calibration procedure was considered successful if the tool showed the same 

properties of the calibration sample as listed in its calibration list. All the parameters 

automatically fitted during the calibration were used unchanged for measurements in real 

rock samples since the size of the investigated samples was the same as the size of the 

calibration samples to avoid discrepancies between the magnetic field and the size of the 

sample which is hard to predict and evaluate.  The automatically fitted parameters are 

presented in Table 3.2. 

Table 3.2: Equipment parameters of NMR experiment 

Gain (dB) 41 

TE (µs) 0.052 

Resonant Frequency (MHz) 2.172 

Calibration sample mass (g) 74.12 

N of repeated measurements 16 

The fitted frequency of the oscillation magnetic field of 2.172 MHz is in good 

agreement with Eq. (Ошибка! Источник ссылки не найден., which also validates the 

quality of the calibration procedure. 
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To provide an NMR experiment, the rock samples should be saturated with water 

by 100%. To achieve this state, we placed the samples into the distilled water and put 

them into the desiccator with a pressure of -0.1 MPa. The samples were considered to be 

fully saturated when their mass didn’t change after 24 hours.   

Using the parameters from Table 2, the measurements of magnetization decay 

were provided for each sample. Also, an in-built inversion algorithm provided T2-

distribution from measured magnetization decays. Therefore, two types of data were 

obtained during the measurement procedure: magnetization decay curve and T2-

distribution curve. An example of such data for Berea sandstone is presented in Figure 

3.6. The parameters of the T2-inversion are presented in Table 3.3.  

 

Figure 3.5: Measured magnetization decay for Berea sandstone 
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Figure 3.6: Calculated T2 – distribution for Berea sandstone 

 

Table 3.3: Parameters of the T2-inversion 

T2 min (ms) 0.01 

T2 max (ms) 10000 

Number of components 121 
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3.3 Mercury Injection Capillary Pressure (MICP) 

The importance of capillary pressure was described in the motivation part. In this 

work, capillary pressure was measured with the Mercury Intrusion Capillary Pressure 

(MICP) experiment on the Mercury Intrusion Porosimeter-AutoPore V 9620 installment 

with the range of intrusion pressures up to 60000 psi which enables us to determine a 

broad pore size distribution ranging from 3 nm to 1.1 mm. The measurement consists of 

two stages: low-pressure analysis (up to 40 psi) where the mercury is pushed by nitrogen 

and high-pressure analysis (up to 60000 psi) where the mercury is pushed by oil. MICP 

device gradually increases injection pressure and measures the amount of mercury 

injected into the pore space of the sample of rock with this pressure. Based on this data, 

we can plot a capillary pressure curve that represents the capillary pressure on each state 

of wetting phase saturation. An example of a capillary pressure curve for Berea sandstone 

is presented in Figure 3.7. 

 

Figure 3.7: Capillary pressure curve for Berea sandstone 
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Due to the constructional restrictions of the MICP equipment, the size of the 

investigated samples is restricted in length with a maximum of 2 cm and in diameter with 

a maximum of 1 cm. These dimensions are not constant and depend on the overall porosity 

of the sample since every penetrometer has a finite amount of available mercury. In this 

study for measurements, we used the cylinders with a length of 2 cm and a diameter of 

0.6 cm – the very same samples which were scanned on the CT-scan initially. Before the 

experiment, the samples were put into the oven with a temperature of 95∘C for 12 hours 

to make sure that no moisture remained in the pore space. The described MICP procedure 

was provided for every available sample of the sandstone. 
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Chapter 4: Artificial rock modeling 

4.1 Procedure description 

As was discussed before, the proposed ML algorithm used to search for the 

correlation between NMR exponential magnetization decay and MICP capillary pressure 

curve requires the collection of a large dataset of both experiments. Since providing 

hundreds of such experiments in the lab seems like an unrealistic task, simulation of these 

experiments appears to be a more attractive option. Rocks and sandstones particularly are 

highly irregular systems by themselves: it is almost impossible to find two samples of the 

same rock being exactly identical in terms of the arrangement of grains and petrophysical 

properties: inevitably some range in these parameters is present. For this reason, to be able 

to predict capillary pressure with decent accuracy, the creation of a representative database 

requires the simulations to be provided on a large number of samples of rocks with 

different petrophysical characteristics. Therefore, a large number of digital rock models 

with different petrophysical properties are required.  

To get a great number of such models, we implemented the algorithm of an 

unsupervised machine learning method called Deep Convolution Generative Adversarial 

Network (DCGAN) created and described by (Lukas, Olivier and Martin 2017). This 

algorithm enables to reconstruct of a big number of representative high-resolution three-

dimensional samples of the void-solid structure from the only one binary representation 

of porous media acquired from the CT-scan image at the micrometer scale by applying a 

generative neural network that allows an implicit description of the probability 

distribution represented by three-dimensional image data sets. The learning approach used 

for neural networks is adversarial, as can be seen from its name. It will be shown that this 
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method of unsupervised learning can generate representative samples of porous media that 

honor the statistical, morphological, and transport properties of real training examples, 

namely porosity, specific surface area, specific Euler characteristics, and absolute 

permeability.  

While the training by itself takes around 4 hours on the KAUST IBEX 

supercomputer, the generation of volumetric domains occurs on the order of seconds. 

Moreover, the set of parameters obtained after the training can be saved and used 

afterward for the rapid generation of new samples.   

By itself, the generative neural networks were developed as a methodology to learn 

a representation of a high-dimensional probability distribution from a given data set, and 

this data set in the context of image recognition may be referred to as a set of training 

images that are representative samples of the probability distribution underlying the image 

space. GAN learn an implicit representation of the probability density, which makes them 

highly computationally effective in comparison with explicit density models, making 

GAN an ideal candidate to generate large volumetric images (Corrales et al., 2022; Yiteng 

Li et al., 2022). 

GAN includes two differentiable functions: the discriminator D and the generator 

G. The task of generator G is to create “fake” samples G(z) with label 0 from the hidden 

latent space Z. The latent space Z is composed of independent real random variables that 

represent the random input to the generator G. The generator G maps random variables 

from the latent space into the space of images. The discriminator D takes the “real” dataset 

with label 1 x ~ 𝑝𝑑𝑎𝑡𝑎  and “fake” samples G(z) with label 0 and assigns the probability 

that a random sample is from the real data distribution  𝑝𝑑𝑎𝑡𝑎. Thus, here we have some 
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sort of competition, or adversarial: the discriminator tries to label each sample correctly, 

while the generator tries to “fool” the discriminator via creation the of fake images as 

close to the real dataset as possible. Therefore, the goal of the network is to achieve 

D[G(z)] close to one. To achieve this state, the cost function for GANs is represented as a 

minimization-maximization problem 

min
𝐺

 max
𝐷

 [𝔼x ~ 𝑝𝑑𝑎𝑡𝑎(𝑥){log[𝐷(𝑥)]} + 𝔼z ~ 𝑝𝑧(𝑧)(log{1 −  D[G(z)]})] (4.1) 

As (Goodfellow 2016) declares, the solution to this optimization problem is a Nash 

equilibrium, where each player achieves a local minimum of their loss function with 

respect to their parameters. The discriminator D and the generator G are represented as 

two fully convolutional neural networks and both of them are trained by a gradient-

descent-based optimization method. Overall, the neural network architecture used for the 

three-dimensional image reconstruction corresponds to a volumetric version of the 

DCGAN network (Radford, Metz and Chintala 2016).  

Training is performed in two steps. First, the discriminator is trained to maximize  

min
𝐺

 max
𝐷

 [𝔼x ~ 𝑝𝑑𝑎𝑡𝑎(𝑥){log[𝐷(𝑥)]} + 𝔼z ~ 𝑝𝑧(𝑧)(log{1 −  D[G(z)]})] (4.2) 

while the parameters of the generator are fixed. This step will improve the discriminator’s 

ability to distinguish between real and fake images.  Second, the synthetic samples G(z) 

are generated by drawing samples z from N-dimensional normal distributed latent space 

and the generator is trained to minimize  

J(D) = 𝔼z ~ 𝑝𝑧(𝑧)(log{1 −  D[G(z)]}) (4.3) 

while keeping the discriminator fixed. By doing such minimization, the generator tries to 

generate images that will fool the discriminator that the samples G(z) are real.  



45 

 

 

 

Upsampling from the input latent vector z was performed by volumetric 

transposed convolution, followed by batch normalization and a rectified linear unit 

(ReLU) activation function in all layers except the last (Ioffe and Szegedy n.d., Nair and 

Hinton 2010). 

Since the discriminator D operates with images sampled from the latent space by 

the generator G(z) and images from the initial set of training images representing 

𝑝𝑑𝑎𝑡𝑎(𝑥), the size of the input layer of the discriminator is equal to the dimensions of the 

input training images. The discriminator consists of volumetric convolutional layers 

combined with LeakyReLU activation functions with the final convolutional layer 

followed by a hyperbolic tangent activation function. The hyperparameters for the 

generator are the number of trainable convolutional filters in each layer of neural network 

𝑁𝐺,𝐹 and 𝑁𝐷,𝐹 and the size of the latent vector z. 

By its nature, GAN expresses highly unstable behavior during the training. For 

this reason, a large number of trial and error runs to find and set proper hyperparameters 

which will lead to the stable training required. The hyperparameters published in 

[reference for rock simulation] showed to be good in terms of training stability, therefore 

we just borrowed them. The chosen hyperparameters are shown in Table 1. 
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Table 4.1: Hyperparameters for GAN image generation 

Training image size 64𝟑 voxels 

Latent space z dimension 512 

Discriminator filters 𝑁𝐷 32 

Generator filters 𝑁𝐺  64 

Optimizer ADAM 

Learning rate 2 x 10−4 

 

As mentioned above, both generator and discriminator are fully convolutional 

neural networks that are optimized using a gradient-descent method where the parameters 

w are optimized by taking k steps in the gradient as 

w𝑘+1 = 𝑤𝑘 − 𝛼∇𝑓(𝑤𝑘) (4.4) 

where 𝛼 is the learning rate.  

In the final stage, all the generated images were postprocessed with 33 median 

filters to remove single-pixel noise. The resulting gray-scale images with all voxel values 

close to zero or one were converted to the binary format via segmentation with Otsu’s 

method.  

4.2 Procedure implementation 

The procedure starts with the creation of a training dataset consisting of 3-

dimensional binary voxel representations of the rock. The training database for each 

representation of the sandstone type was created by extracting subvolumes from the initial 

voxelized binary image. Ideally, these subvolumes should be independent and should not 

intersect each other, but to increase the learning database we extracted overlapping 
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domains, which also worked well. The size of each training image was chosen based on 

the average grain size for each sample and for the majority of the sandstones the rule of 

thumb was to start with a 64x64x64  image size. The training image should represent 

several grains and pores at once. Eight cross-sections of training images for Berea Buff 

sandstone are presented in Figure 4.1.  

    

    

Figure 4.1: Cross-sections of training image for Berea Buff sandstone. Grains are presented with 

white and pores are presented with black. The size of the images is 64x64 pixels 

 

Figure 4.2: 3D representation of one of the training images for Berea Buff sandstone. The size of 

the images is 64x64x64 voxels 

For example, for Berea sandstone, similar to the majority of the used samples, the 

size of the available initial binary image was 1000x1000x1000 voxels. The extraction of 
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subvolumes with size 64x64x64 voxels with the stride of 32 voxels between the edges of 

subvolumes gives 27000 training images. 

After the training dataset is created, it is used for the learning process. During the 

learning, the algorithm gradually generates images with the final goal to create as realistic 

images as possible. In the beginning, the generated images look messy, but gradually the 

traits of the real rocks start to appear more vividly, and as the training goes by, the 

generated images become closer and closer to the original image. Examples of the 

generated images for some particular epoch are presented in Figure 4.3.  

   

   

Figure 4.3: Artificially generated images of Bandera Gray sandstone on different epochs. Top, 

from left to right: Epochs 1, 5, 11. Bottom, from left to right: Epochs 36, 51, 101 

After some epoch, the generated samples stop being messy amorphous substances 

and start to represent porous media with particular petrophysical properties different from 

the properties of the initial training image. As the training goes by, the generated samples 

change their petrophysical properties closer to the training image. We took advantage of 
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these intermediate samples and used them to create a database of digital rock models. We 

were able to start generating our samples from Epoch 35 and we finished with Epoch 100 

with the step 5 between them, which means we used 35, 40, 45, 50, 55, 60, 65, 70, 75, 80, 

85, 90, 95 and 100 Epochs to generate artificial samples. We generated 3 samples with a 

different random number on each epoch, which gave us 3 x 14 = 42 artificial samples of 

each type of sandstone. Moreover, we used 3 samples taken from the initial training image 

which were obtained via extracting subvolumes of the initial image from different regions. 

Overall, each sandstone was represented by 45 samples with different petrophysical 

properties. All the generated samples were 200x200x200 voxels, with a resolution of each 

voxel inherited from the initial CT-scan image. Examples of cross-sections of training and 

generated samples for Berea sandstone are presented in Figure 4.4. 



50 

 

 

 

 

Figure 4.4: Cross-sections of five training images (bottom) and 45 artificial generated images 

(the rest) for Berea sandstone 

Figure 4.4 shows that visually generated samples are in good agreement with our 

common perception of rock: all generated samples have some peculiar random 

distribution of smooth pores similar to initial training images. However, just visual 

comparison is not enough. To make sure that our generated samples resemble the real 

training samples not only visually but also from the physical perspective, for each 

generated artificial sample we provided calculations of volumetric, morphological, and 
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transport properties such as porosity 𝜑, specific surface area 𝑆𝑉, Specific Euler 

Characteristic 𝜒𝑉, and absolute permeability k.   

Porosity, Specific Surface area, and Specific Euler characteristics were calculated 

in the Fiji Image J software with the help of the MorphoLibJ library. MorphoLibJ library 

was developed for biochemistry purposes to study images of molecules, microorganisms, 

or insects, but it also showed its usefulness in the field of petrophysics.  

Porosity 𝜑 was calculated as the ratio of the volume of the void space to the bulk 

volume of the sample 

𝜑 =  
𝑉 𝑝𝑜𝑟𝑒

𝑉
 

(4.5) 

and the importance of porosity lies in its ability to represent the capacity of the porous 

medium to store fluids.  

The specific surface area 𝑆𝑉 can be represented as 

𝑆𝑉 =  
1

𝑉
∫ 𝑑𝑆 

(4.6) 

where integration occurs over the void-solid interface S. The importance of a specific 

surface area lies in its ability to control the surface-associated processes, such as 

adsorption and dissolution, and in terms of this work NMR surface relaxation is also one 

of these surface-controlled mechanisms which control our NMR simulation and therefore 

control the representation power of our database.  

The specific Euler characteristic is defined as 
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𝜒𝑉 =  
1

4𝜋𝑉
∫

1

𝑟1𝑟2
𝑑𝑆 

(4.7) 

where 𝑟1 and 𝑟2 are the principal radii of curvature of the void-solid interface. However, 

the MorphoLib J library doesn’t directly evaluate the integral in Eq. (4.7) instead it uses a 

relationship for the Euler characteristic of arbitrary polyhedral 

𝜒𝑉 = 𝑉 − 𝐸 + 𝐹 − 𝑂 (4.8) 

where V is the number of vertices, E is the number of edges, F is the number of faces, and 

O is the number of objects (Blunt 2017). The importance of a specific Euler characteristic 

lies in its ability to characterize the connectivity of porous medium, which is a critical 

component in the ability of fluids to flow.  

The calculation of single-phase absolute permeability for the binary 

representations of the porous media was provided with the Finite-difference method 

Stokes solver (FDMSS) software by solving the Stokes equations for slow incompressible 

flow assuming small inertial forces (He et al., 2021a, 2021b):  

∇  ∙ 𝑣 = 0 (4.9) 

𝜇∇2𝑣 = ∇ 𝑝 (4.10) 

The listed equations were solved on the domain that is connected to the fluid inlet 

and outlet with the finite-difference method as a parallel solver. The parameters of 

calculation are presented in Table 4.2: Parameters of the single-phase permeability 

calculation by solving Stokes equation. The resolution of the images was taken according 

to the resolution of the corresponding initial CT-scan image. 
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Table 4.2: Parameters of the single-phase permeability calculation by solving Stokes equation 

Timestep, s 0.0004 

Iterations per step 20 

Maximum steps count 5000 

Initial velocity value, 𝜇𝑚 /𝑠 0.001 

Accuracy 0.0001 

Boundary conditions No flow 

Spatial accuracy order 4-th order 

Thus, we calculated the four parameters listed above for every generated sample 

and compared the results with the same parameters of actual training samples to make 

sure that our generated samples don’t show any anomalies or extra properties. The goal 

was to generate samples that will have petrophysical properties different from the 

properties of initial training samples but still in the decent range in terms of the common 

sandstone. The data for the original samples were taken from the 5 samples, while the 

information from the synthetic samples was taken from the 42 samples. An example of 

such a comparison for Berea sandstone is presented in Figure 4.5.  As can be seen, the 

porosity of original samples varies from 18 to 20%, while the porosity of artificial samples 

varies from 19 to 34%, which doesn’t represent any anomaly since theoretically, the 

porosity of granular materials can be around 47.6%. The permeability of original samples 

varies from 0.1 to 0.6 Darcy, while the range for synthetic samples is from 0.3 to 3.5 

Darcy, which still is a reasonable result. The ranges of Specific Surface Area and Specific 

Euler Characteristic are also within the reasonable scope. Therefore, this way we achieved 

42 variations of Berea sandstone which for simulation inherit the parameters from the 

initial sandstone. These parameters are Surface Relaxation Strength for NMR simulation, 
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pore geometry factor G, pore-size distribution index 𝜆 and irreducible wetting phase 

saturation 𝑆𝑤 𝑖𝑟𝑟 for MICP simulation. Using these parameters, we run the simulations of 

NMR and MICP for each synthetic sample and this way we created our representative 

database for the ML algorithm.  

 

Figure 4.5: Comparison of petrophysical properties of original and synthetic samples for Berea 

sandstone 
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Chapter 5: Simulation of the MICP and NMR experiments 

5.1 Simulation of NMR experiment 

Simulation of the NMR experiment was provided in the software PerGeos using 

the random-walk method on the segmented digital rock models obtained from CT-scan 

images of various sandstones taken from the open-source and measured in the lab. 

The random-walk method simulates the Brownian motion of 𝑁0 particles called 

walkers which are first randomly distributed in the pore space and then randomly diffuse 

within the available pore space (Y. Li et al., 2022). In this simulation, walkers represent 

the hydrogen nuclei in water. When the walker comes in contact with the solid surface, 

with a certain “killing” probability it is either removed from the system forever leaving N 

walkers, or either returned to the previous position before the collision with the solid 

surface, from which it continues its random movement. The “killing” probability is 

determined by the tunable parameter called the Surface Relaxation Strength (SRS). At 

each moment the number of “alive” walkers 𝑁𝑡 is known, and the ratio between this 

number and the initial number of walkers 𝑁0 corresponds to the current amplitude of the 

signal P(t) due to the surface relaxation mechanism 

P(t) = 
𝑁𝑡

𝑁0
 (5.1) 

 Another two mechanisms of magnetic moment relaxation, as explained above, are 

bulk and diffusive relaxation. The contribution of the bulk relaxation to the total signal is 

modeled by multiplying the magnetization decay due to surface and diffusion relaxation 

mechanisms by exponential decay b(t) 
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b(t) = exp(
−𝑡

𝑇2𝐵
) (5.2) 

while the contribution from the diffusion relaxation to the total signal is modeled by 

multiplying the magnetization decay due to the surface and bulk relaxation mechanisms 

by factor g(t) 

g(t) = exp(-𝛾2𝐺𝑠
2𝐷(Δ𝜏)2𝑡) (5.3) 

where 

D – molecular self-diffusion of the fluid 

𝛾 – is the gyromagnetic ratio 

𝐺𝑠 – is the spatial gradient of the magnetic field intensity 

Therefore, the total magnetization amplitude is simulated as a combination of Eq. 

(5.1 – (5.3 as 

A = P(t)*b(t)*g(t) (5.4) 

To match the results of NMR magnetization decay simulation with real NMR 

measurements, the set of parameters, such as Echo Spacing TE [𝜇𝑠], Background 

magnetic field gradient 𝐺𝑠 [𝐺/𝑚], Bulk Water T2 [s], Diffusion constant water [𝑚2/𝑠] 

and Surface Relaxation Strength [m/s] should be the same both for experiment and 

simulation. The Echo Spacing TE [𝜇𝑠] was taken from the calibration procedure and takes 

the value of 0.052 𝜇𝑠. The Bulk Water T2 [s] was calculated with Eq. (3.6) for lab 

conditions with a temperature of 300 K and viscosity of 0.001 Pa*s and takes the value of 

3.02 s. The Diffusion constant water [𝑚2/𝑠] was calculated as 

D = 
2𝑇

298𝜂
10−12 (5.5) 

and for the lab conditions takes the value of 2.013*10−9𝑚2/𝑠. The value of Surface 

Relaxation Strength [m/s] was selected for each sandstone individually until the simulated 
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magnetization decay matched the measured magnetization decay the best way. For 

example, Figure 5.1 illustrates that for Berea sandstone the value of SRS equals 4e-

05[m/s] is the best choice for simulation. The Number of Random Walkers was chosen to 

be 1000000 since larger values didn’t contribute to the changes in results while required 

additional computational cost for simulation. The Step Length as a factor of grid cell size 

is a fixed distance of one step of the walker was chosen as 0.1.  

 

Figure 5.1: The choice of appropriate Surface Relaxation Strength parameter 

The constant parameters for NMR simulation are presented in Table 5.1. 
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Table 5.1: Constant parameters for NMR simulation 

Echo Spacing TE [𝜇𝑠] 0.052 

Background magnetic field gradient 𝐺𝑠 [𝐺/𝑚] 0.1 

Bulk Water T2 [s] 3.02 

Diffusion constant water [𝑚2/𝑠] 2.013*10−9 

Number of Random Walkers 106 

Step Length 0.1 

As a result of the simulation process, we obtained two sets of data: the first is 

magnetization decay (the simulated parameter) and the T2-distribution which was 

calculated from the magnetization decay with the help of an in-built inversion procedure. 

The simulated data has the same view as the data represented in Figure 3.5 and Figure 3.6. 

5.1.1 Corrections of NMR simulation for limited resolution of CT-scan 

images 

Every CT-scan image has its spatial resolution, which means that the 3D image 

consists of 3D voxels of a particular size, which, in turn, means that any details of the rock 

are smaller than the size of its voxel cannot be recognized. Modern CT scans can achieve 

the resolution of 0.5 𝜇𝑚 / voxel, which is still more than the size of some pores in the 

rock, especially in shales. For this reason, the digital model of the rock inevitably 

underrepresents some fraction of the pore space, presented in the real sample of rock. 

Consequently, such underrepresentation of the pore space leads to distortions in the 

simulation of NMR and MICP experiments. For this reason, in this work, we propose the 

technique for correction of NMR simulation for limited resolution of digital rock models.  
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First, we provide the real NMR experiment on a sample of the rock and, as 

discussed above, obtain two sets of data: the first is exponential decay and the second is 

the T2 inversion curve. Second, we assume that all of the pores in the rock are spheres 

with radius r [m]. Third, for the reasons explained above we neglect the term molecular 

diffusion. Taking into account all of the above considerations, we can rewrite the Eq. 

((3.7) as follow 

(
1

Т2
) 𝑡𝑜𝑡𝑎𝑙 =  

1

𝑇2𝐵
+

3𝜌

𝑟
 

(5.6) 

Expressing r, Eq.(5.6) can be expressed as follow 

𝑟[𝑚] =  
10−3

1

3ρ [m/s]
(

1

𝑇2 [𝑚𝑠]
−

1

𝑇2
𝐵𝑢𝑙𝑘[𝑚𝑠]

)

 
(5.7) 

Using Eq. (5.7), we can represent the T2 distribution as a pore-size distribution: 

we have a fraction of pores with each radius. In the next step, we find the fraction of pores 

whose radius is less than the resolution of the digital rock model. For example, the 

resolution of the Berea sandstone CT scan image was 3.5 𝜇𝑚. Applying the steps above, 

we can estimate that 14% of the pore space is represented by pores with a radius less than 

3.5 𝜇𝑚 (Figure 5.2).  
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Figure 5.2: Pore size distribution of Berea sandstone and fraction of pores below the resolution 

of digital rock model, what is 3.5 μm in this particular case 

In the fifth step, we calculate the volume of pores of the real sample measured with 

NMR in the lab and the volume of pores of the digital rock model and take the ratio X 

between them 

In the sixth step, we work with measured and simulated T2 distributions. We 

determine the threshold T2 which corresponds to the radius of the pore r equal to the 

resolution of the digital rock image and transfer all the volumes below this threshold from 

experimental measurement to simulation in proportion X. This way, we mathematically 

correct for the absence of small pores in the digital rock model via artificially adding them. 

Since added volumes changed the overall porosity, we renormalize the frequency of the 

corrected T2 distribution on new porosity. Schematically, this process is shown in 

Attachment 1. The block diagram of the described algorithm is presented in Attachment 

2. 

In step 7 with Eq. (3.1), we calculate new magnetization decay corrected for 

limited resolution of the CT-can. The comparison of the experiment, simulation, and 

simulation corrected for limited resolution based on experimental data is presented in 
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Figure 5.3 and Figure 5.4 for Berea sandstone. As we can see, correction for limited 

resolution leads to a close match with the experiment even on the logarithmic scale. A 

similar picture was observed for all of the measured sandstones.  

Finally, corrected in such a way magnetization decays are used for the machine 

learning algorithm to find a correlation between NMR and MICP experiments.



62 

 

 

 

 

Figure 5.3: Experimental, simulated, and corrected simulated magnetization decay for Berea 

sandstone 
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Figure 5.4: Experimental, simulated, and corrected simulated magnetization decay for Berea 

sandstone on a logarithmic scale 
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5.2 Simulation of the MICP experiment 

Simulation of the MICP experiment was implemented in the PerGeos software 

with the distance map method on the segmented digital rock models obtained from CT-

scan images of various sandstones taken from the open-source and measured in the lab.  

First, the module calculates the Euclidean distance map of the pore-space, which 

means that after this step the module knows the shortest distance between each pore voxel 

and the nearest to its solid voxel; then it does a Maximum-Overlapping-Spheres transform 

of the distance map, which means that after this step the whole pore space is approximated 

with a bunch of spheres with radiuses R equal to Euclidian distance map calculated on the 

previous step. Then, considering the equation of capillary pressure 

𝑃𝑐 =  
2𝜎cos (𝜃)

𝑅
 

(5.8) 

where the term 𝜎 is an interfacial tension between air and mercury taken as 485.5 [mN.m-

1] and the contact angle 𝜃 taken as 0 in the assumption that mercury is completely non-

wetting during the intrusion, the module calculates the capillary pressure 𝑃𝑐  required for 

intrusion into each sphere. Then it looks at the largest radius that it can penetrate the 

sample with (lowest pressure) and maps what part of the pore-space it can penetrate from 

the sample outside. After that, it increases the pressure (lowers the radius) and calculates 

how much of the pore space it can penetrate at that pressure until the smallest radius 

(highest pressure) is reached. In this way, it creates a relationship of pressure-vs-saturation 

of the macro-porosity.  

An example of capillary pressure simulated for Berea sandstone with an actual 

MICP experiment is presented in Figure 5.5. 
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Figure 5.5: Measured and simulated capillary pressure curve for Berea sandstone 

5.2.1  Correction for limited resolution of CT-scan images 

As can be seen from Figure 5.5, experimental and simulated results don’t match 

satisfactorily. Pondering the reasons for it, we created the correction procedure for MICP 

simulation for limited resolution of the digital rock model. 

As was discussed in the NMR section, all CT-scan images have a certain resolution 

limit and therefore the digital rock models don’t fully represent the whole pore space of 

the scanned sample, which leads to distorted simulation results. In the case of simulation 

of mercury intrusion, this fact can contribute significantly to the final result and cause a 

serious mismatch with experimental data. First, the implemented algorithm of simulation 

by default will not have irreducible water saturation because the algorithm will 

automatically intrude all the available pore space, approximated with spheres. Second, as 

we saw in the NMR part of Figure 5.2, particularly for Berea sandstone 14 % of the pore 
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space is underrepresented on the digital models of the rocks. If we imagine the rock as an 

assembly of wide “pores” connected with thinner “throats”, then we can understand that 

absence of some minor parts of the pore space playing the role of “connectors” may 

separate the big pores on the digital model, while naturally these pores are connected, or 

even isolate the big pores from intrusion at all. The lack of such connection will cause 

confusion between simulated and experimental results. Third, the industry standard is to 

represent the capillary pressure curve on a scale from 0 to 1. But since 14% of the pore 

space for Berea sandstone is underrepresented on the digital rock model, then simulated 

and experimental capillary pressure curves will show capillary pressure for a different 

share of the pore space, therefore, it is not physically correct to compare them on the one 

scale. 

To estimate the difference in scale the following procedure was implemented. 

First, from the real MICP experiment using Eq. 1, we calculated the pore size distribution. 

Second, we found the radius of the pore corresponding to the resolution of the CT-scan 

image. Third, we estimated the share of mercury intruded into the pore space of the sample 

with pressure higher than the pressure necessary to intrude the pore with threshold radius 

R. For Berea sandstone the calculated value turned out to be 30% of the pore space (Figure 

5.6). It means that 14% of the pores which were not represented due to the limited 

resolution on the digital rock model additionally isolate 16% of the pore space, making it 

inaccessible for intrusion during the simulation. For this reason, the simulated capillary 

pressure curve, superimposed with the experimental capillary pressure curve, should start 

from saturation equal to 30% and finish at saturation of 100%. In this case, the simulated 

capillary pressure curve will be in the same scale of the pore space as the experimental 
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curve. The comparison of corrected simulated and experimental capillary pressure curves 

is presented in Figure 5.7. As can be seen, with the shift correction the simulated results 

are in good agreement with experimental data. To implement such a shift, we graphically 

shrink the simulated capillary pressure curve to the scale of 0.3 – 1 on the horizontal axis 

of the experimental curve with a constant vertical scale and took the new values from the 

horizontal axis. A similar procedure was applied to every simulated capillary pressure 

curve with the corresponding shift factor taken from the experimental data as described 

above. 

Figure 5.6: Representation of the pore space inaccessible for mercury intrusion for Berea 

sandstone 
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Figure 5.7: Comparison of experimental and corrected simulated capillary pressure curves 

Unfortunately, the described correction procedure establishes a limit on the 

accessible pore space on the simulated capillary pressure curve: as we can see from the 

Berea sandstone example, the simulated capillary pressure curve covers the saturation 

range from 30 to 100% and doesn’t allow us to predict capillary pressure for the regions 

with lower saturation. To overcome this limitation we artificially expanded our capillary 

pressure curves using Thomeer or Corey and Brooks capillary pressure models: we chose 

one of them based on the best match with experimental data. The Thomeer capillary 

pressure model has the following expression 

Pc =  𝑃𝑑𝑒
−𝐺

ln(1− 𝑆𝑤) 
(5.9) 
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where  

𝑆𝑤 – wetting phase saturation 

G – dimensionless “pore geometry factor” 

𝑃𝑑 - displacement pressure – the pressure required to form a continuous filament 

of non-wetting fluid through the largest connected pore throats of the rock. This parameter 

is taken from the extrapolation of the “plateau” to the vertical axis of pressure. 

Schematically, the graphical way to find displacement pressure is shown in Figure 5.8.  

  

Figure 5.8: A schematic diagram showing a typical mercury-injection capillary pressure curve 

and a way to determine displacement pressure (Jennings, 1987) 

The Corey and Brooks capillary pressure model has the following expression: 
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𝑃𝑐 = 𝑃𝑑 (
𝑆𝑤 − 𝑆𝑤 𝑖𝑟𝑟

1 − 𝑆𝑤 𝑖𝑟𝑟

)

−
1
𝜆

 

(5.10) 

where 

𝑆𝑤 𝑖𝑟𝑟 – irreducible water saturation 

𝜆 – dimensionless “pore-size distribution index” 

We selected such parameters G and 𝜆 that gave the best match of calculated 

capillary pressure with experimental capillary pressure data. Figure 5.9 illustrates the 

match between the real experiment and the capillary pressure curve calculated based on 

the Thomeer model for saturation in the range from 10 to 100% for Berea sandstone. 

Below the 10 % wetting phase saturation, two curves started to diverge intensively Figure 

5.10 illustrates the match between the real experiment and the capillary pressure curve 

calculated based on Corey and Brooks model for saturation in the range from 10 to 100% 

for Bandera Gray sandstone.  
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Figure 5.9: Comparison between capillary pressure curves obtained from MICP experiment and 

calculated based on Thomeer model for Berea sandstone 

 

Figure 5.10: Comparison between capillary pressure curves obtained from MICP experiment and 

calculated based on Corey and Brooks model for Bandera Gray sandstone 
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Considering the fact that for the majority of the sandstones both Thomeer and 

Corey and Brooks capillary pressure models gave highly diverging from experimental 

data results in the area below 10% of saturation, we restricted the extension of our 

simulated capillary pressure curves with a 10% threshold in saturation starting from the 

value of the shift factor (calculated based on the experimental data). Such a procedure of 

“shifting” and “extension” was implemented for every simulated capillary pressure curve.  
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Chapter 6: Implemented Machine Learning (ML) algorithm 

Machine Learning (ML) is a rapidly developing part of Artificial Intelligence (AI) 

science whose potential has not been yet fully revealed.  Nowadays, researchers apply ML 

for new and new tasks in various areas of human activities: ML algorithms are used for 

computer vision, language, text and voice recognition, for generation of automatic replies 

for basic inquiries, for weather forecasting, for different kinds of economic predictions, 

for classification problems and hundreds of other tasks.   

Why do ML algorithms experience such a boom today? There are at least two 

strong reasons.  

First, the architecture of the ML is built in such a way that it doesn’t require any 

supervision or guidance from the operator to solve any particular task. The learning 

process goes on automatically and the computer tries to find a way to solve the problem 

by itself based on the observation data. This property of the ML algorithms may not look 

very expressive until we face a task that is difficult to solve with the familiar programmer 

“if … then” circle. For example, if we try to develop an algorithm to recognize hand-

written digits from the picture, then we will find out that it is extremely easy to be lost in 

dozens of peculiarities and special cases while describing the set of rules for this task. 

Another example may be face recognition which everybody of us has on our smartphone 

when we do a picture. Until 2006 this technology was unavailable because people didn’t 

know how to describe an algorithm for millions of possible positions and sizes of the face 

on the image. As we can make sure, ML algorithms successfully solved this problem and 

this technology was implemented on a wide scale. Generalizing, all machine-learning 

algorithms consist of automatically finding such transformations that turn data into a 
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more-useful representation for a given task using the guidance from a feedback signal. For 

example, in the problem of feedback classification, the text of the comment is represented 

as a mark “negative” or “positive” via the successive layers of increasingly meaningful 

representations. We can think about this process as a multistage information-distillation 

process where information goes through successive filters and comes out increasingly 

purified.  

Second, the ML algorithms are highly universal. For example, the same algorithm 

with just minor corrections of input and output parts may solve different problems from 

the human’s point of view. For example, the structure of the algorithm for the image 

classification problem may be adjusted for text recognition purposes. This property makes 

ML a highly convenient tool in the modern era of connectivity among researchers. For 

example, some groups of scientists provided learning the ML algorithm on the big 

database using strong and expensive computer equipment. Afterward, the parameters of 

this algorithm may be used by other scientists for different purposes without the need to 

buy expensive equipment. The technology has been successufly used in various 

application in geoscience including fluid flow, upscaling, fracture detection and 

segemetnation, among others (Albattat et al., 2022; He et al., 2021b, 2020; Santoso et al., 

2020, 2019; Yan et al., 2022). 

In this study, we used ML Neural Networks (NN) to find a correlation between the 

NMR echo data and the capillary pressure curve obtained with the MICP lab experiments. 

As was described before, the modern approach to solving this problem lies in the search 

for the explicit correlation function between these two parameters, which can be 

complicated or even impossible for every particular case of sandstone. An advantage of 
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the ML approach lies in its ability to move away from the search for explicit function 

between these two parameters because it searches for a much more universal and at the 

same time complicated solution to this problem. In terms of this task, the problem for the 

NN may be posed as “to find the best way to transform NMR echo data into capillary 

pressure curve”. 

Before going into the details of transformation, we should introduce the definition 

of a Neural Network (NN). It would be convenient to start with Figure 6.1 where we can 

observe an input layer, a hidden layer, and an output layer. In our case, an input layer is 

NMR magnetization decay (in this work the term echo data and magnetization decay are 

used interchangeably) and the output layer is the capillary pressure data. The form of the 

input and output data will be discussed later. As already stated, the task of the hidden layer 

is to provide a transformation of the input layer into the output layer. In the picture, we 

can observe only one hidden layer with four neurons, but in real problems, we manipulate 

any number of hidden layers with any number of neurons in them to achieve the pursued 

goal. As can be seen, the NN is a network of connected neurons, and in this particular 

case, we have a deal with the simplest type of artificial NN: feedforward NN, which means 

that the information always moves in one direction and never goes backward and never 

form loops. In the presented picture we can see that every neuron from the previous layer 

is connected with every neuron in the next layer: such configuration is called dense or 

fully connected NN and in this work, we used this type of NN.  
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Figure 6.1: Simplified view of a dense feedforward artificial neural network 

What do the connections between the neurons represent? To understand it, let me 

focus on the functionality of only one of the neurons from the hidden layer, such a case is 

represented in Figure 6.2. In this figure, we can see that the neuron in the hidden layer has 

4 different inputs 𝑥𝑖 and produce 1 output. Additionally, each input has its contribution 

expressed via the weight 𝑤𝑖. Moreover, each neuron has its unique parameter called bias 

b. The output of the neuron is calculated as 

Output = f(∑ (𝑤𝑖𝑥𝑖)𝑁
𝑖=0 + 𝑏) (6.1) 



77 

 

 

 

 

Figure 6.2: Schematic functionality of one hidden neuron 

For the sake of brevity of notations, the term ∑ (𝑤𝑖𝑥𝑖)
𝑁
𝑖=0 + 𝑏 is often defined just 

as 𝑥. Function f is called the activation function of the neuron and may have different 

expressions.  In this work, we used REctified Linear Unit (RELU) activation function 

which has the following expression 

f(x) = {
0 for x < 0

𝑥 𝑓𝑜𝑟 𝑥 ≥ 0
 

(6.2) 

The graph of the used activation function is presented in Figure 6.3. 

 

Figure 6.3: The plot of the RELU activation function 
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Thus, the role of each neuron is to take all the possible inputs and provide output 

according to Eq. (6.1). As can be seen from Figure 6.1, subsequently this output is used 

as one of the inputs to the neurons in the next layers. As a result, the role of the hidden 

layer may be seen as a transformation of the input layer to the output layer via 

manipulation with parameters w and b.  

To achieve this task, the ML approach needs a preliminary learning procedure. 

During this learning procedure, the computer observes existing examples of input and 

output datasets and tries to transform the former into the latter. How does this 

transformation occur? Learning means finding a set of values for the weights and biases 

of all layers in a network, such that the network will correctly map example inputs to the 

associated targets.  

To control the output of the NN, we need to be able to measure how far this output 

is from what we expect. This task of “monitoring” is assigned to the cost (or loss) function 

which calculates the “loss score” indicating how far we are from the true values. This loss 

score is then used as a feedback signal to adjust values of weights a little, in a direction 

that will lower the loss score for the considered example. This job is made by the optimizer 

– backpropagation algorithm. Schematically, the scheme of learning is represented in 

Figure 6.4. 
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Figure 6.4: Schematic representation of the learning process (Chollet 2017) 

Before going into the description of the loss function, loss score, and an optimizer, 

it would be more correct to start with the format of input and output data. As mentioned 

above, our input is NMR echo data which is a relation between magnetization decay 

amplitude and time. The common example of echo data is represented in Figure 3.5. Our 

output data is a capillary pressure curve what is the relation between the saturation of the 

wetting phase and pressure. The common example of capillary pressure data is represented 

in Figure 3.7.  

To represent the data in the understandable for the ML algorithm way, we provided 

a so-called feature engineering process. The concept of feature engineering can be 

explained in the following example. Imagine, you want the computer to learn how to say 

time from the images of watches. The first approach would be to create a database of 

watches images as an input and the correct time as an output and then to use complicated 
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deep convolution NN architecture to solve this problem. Such an approach will require 

high computational cost as well as a complicated solution. However, we as human beings 

understand the concept of the problem and can help the computer to handle it with less 

effort. For example, for each image of the watches, we can find coordinates of small and 

big arrows on the XY-plane and use these 4 points of data as an input to the ML algorithm. 

Such an approach leads to the tremendous simplification of the problem and as a result, 

the solution may be composed of less complicated algorithms. Moreover, we can go even 

further and for each image, we can find an angle of the arrow in the cylindrical coordinates 

and thus reduce the size of our input data to just two values: the angle of the big arrow 

and the angle of the small arrow. The problem posed this way may be solved even without 

the involvement of ML algorithms.  

Inspired by this example provided in (Chollet 2017), we implemented feature 

engineering for our problem as well.  

Let me start with the input data. We observed that for the whole database the 

maximum time for the magnetization decay was 4000 ms: after this point, even the 

sandstones with the highest porosity showed close to zero amplitude in the signal. 

Therefore, we accepted the range of our input data from 0 to 4000 ms. Next, we decided 

to reduce the dimension of the data by omitting the variable of time. As a result, the input 

represents 169 points of data which form a 1-dimensional vector of amplitudes of the 

magnetization decay signal at a particular time. Up to 10 ms, we took values each 1 ms 

(10 points), then up to 1500 ms we took values every 10 ms (plus 149 = 159 points), then 

up to 4000 ms, we took values every 250 ms (plus 10 = 169 points). Such irregular time 

gaps are explained by the rate of the amplitude attenuation: before 10 ms the attenuation 
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is very intense, gradually decreasing its rate to 1500 ms and decreasing again up to 4000 

ms. We wanted to achieve a compromise between the size of the input vector and the 

details in the description of the plot. We didn’t want to take many points for the input 

vector to avoid the problem of overfitting, which is a scourge of machine learning.  

The feature engineering was also implemented for the output data. As we know, 

the capillary pressure curve is always plotted in the range of wetting phase saturation 

between 0 and 1. Therefore, by analogy with the input data, we reduced the dimension of 

the output vector to 1 via extracting the capillary pressure values from the saturation range 

from 0.1 to 1 with step 0.05 with 1 additional point at saturation 0.125. This additional 

point was added to describe the shape of the capillary pressure curve more correctly since 

in the interval 0.1 – 0.15 for the majority of samples it experience exponential bending 

which was captured as a straight line without an intermediate point at 0.125. Therefore, 

an output one-dimensional vector contains 20 points of capillary pressure corresponding 

to a particular state of saturation. Knowing the principles behind the feature engineering 

of input and output data, we always can process them into the conventionally accepted 

format. 

With an understanding of output data, the behavior of loss function, loss score, and 

an optimizer may be explained. In simple words, the loss function represents how the NN 

measures its performance on the training data and serves as an indicator if we steer in the 

right direction or not. An optimizer is a mechanism through which the network updates 

itself based on the data it sees and its loss function. The loss score, or the accuracy, serves 

as a metric to monitor during the training and resting.  
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We used the Mean Absolute Error (MAE) loss function for our task. In ML MAE 

loss function is usually an appropriate choice for the regression problems when the 

distribution of the target variable is mostly Gaussian but may have outliers, e. g. large or 

small values far from the mean value. Since the capillary pressure increases dramatically 

toward the small values of wetting phase saturation, we considered it a good indicator for 

MAE as it is more robust to outliers than other cost functions. MAE is calculated as an 

average of the absolute difference between the actual and predicted values. Considering 

our example, if the real training capillary pressure is a vector Y and the prediction of the 

ML model is a vector Y’ both consisting of 20 values then the MAE loss score can be 

calculated as follow 

MAE loss score = 
1

20
∑ (𝑌𝑖 − 𝑌𝑖

′)20
𝑖=1  (6.3) 

The task of the optimizer is to find such values of weights w and biases b that will 

give the minimal difference between the actual and predicted capillary pressure curves. In 

other words, the task of the optimizer is to reduce the loss score as much as possible for 

all of the examples in the training dataset. In this work, we used an RMSprop optimizer 

from the Keras library. The main functionality of this optimizer is to provide gradient-

based optimization. Let me explain the functionality of such optimization. If we combine 

Eq. (6.1) and Eq. (6.2), we can pose that each neural layer from our network example 

transforms its input data as follows: 

output = RELU(dot(W, input) + b) (6.4) 

where W and b are tensors that are attributes of the layer. They are called the trainable 

parameters of the layer. These weights contain the information learned by the network 

from exposure to training data. Initially, these weights and biases are assigned as small 
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random values – the random initialization step. What comes next is to gradually adjust 

these weights, based on a feedback signal. This gradual adjustment is called training. 

Training happens within a so-called training loop (Chollet 2017): 

1) Draw a batch of training samples x and corresponding targets y 

2) The step called the forward pass: run the network on x to obtain predictions y_pred 

3) Compute the loss of the network on the batch, a measure of the mismatch between 

y_pred and y 

4) Update all weights of the network in a way that slightly reduces the loss on this 

batch 

Ideally, eventually, we should end up with a network that has a very low loss on 

its training data, which means that the network has “learned” to map its inputs to correct 

targets. Therefore, step 1 is manipulation with input/output code. Steps 2 and 3 contain an 

application of a handful of tensor operations. In step 4, the algorithm decides whether the 

coefficients should be increased or decreased, and by how much based on the gradient of 

the loss function of the network’s coefficients. A definition of the gradient may be given 

as the generalization of the concept of derivative to functions of multidimensional inputs: 

that is, to functions that take tensors as an input. The idea is to move the coefficients in 

the opposite direction from the gradient to decrease the loss. 

In general, the ML models don’t process an entire dataset at once. Rather, they 

break the data into small batches and process them separately assuming that the taken 

batch contains the representative sample with the properties of the whole dataset. In this 

work, we used the size of the batch size equal to 10.   
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If we consider an input vector x, a matrix of the network parameters W, a target y, 

and the loss function loss, then we can use W to compute a target candidate y_pred and 

compute the loss, or mismatch, between the target candidate y_pred and the target y as 

follow: 

y_pred = dot(W,x) (6.5) 

loss_value = loss(y_pred, y) (6.6) 

Considering that the data inputs x and y are frozen, then we can interpret it as a 

function mapping values of W to loss values: 

loss_value = f(W) (6.7) 

If we take the current value of W as W0, then we can say that the derivative of f 

in the point W0 is a tensor gradient(f)(W0) with the same shape as W, where each 

coefficient gradient(f)(W0)[i, j] indicates the direction and magnitude of the change in 

loss_value when modifying W0[i, j]. That tensor gradient(f)(W0) is the gradient of the 

function f(W) = loss_value in W0. The gradient(f)(W0) can be interpreted as the tensor 

describing the curvature of the loss value f(W) around W0. For this reason, we can reduce 

the loss value f(W) by moving W in the opposite direction from the gradient as 

W1 = W0 – step*gradient(f)(W0) (6.8) 

where the step is a small scaling factor. Such manipulation will guide us against the 

curvature lower on the curve, to the minimum of the loss value, meaning-making our 

predictions are closer to the actual data. 

From the calculus, we know that the minimum of the differentiable function is a 

point where its derivative is 0. Applied to neural networks, we need to find all the 
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combinations of weight values that yield gradient(f)(W) = 0 for W and check for which 

of these points the function has the lowest value. Since neural networks have hundreds of 

millions of parameters, we should avoid solving this problem with a polynomial equation. 

Instead, we modify the parameters little by little based on the current loss value on a 

random batch of data. The 4-step algorithm described above now can be extended as 

follow: 

1) Draw a batch of training samples x and corresponding targets y 

2) The step called the forward pass: run the network on x to obtain predictions y_pred 

3) Compute the loss of the network on the batch: a measure of the mismatch between 

y_pred and y 

4) Compute the gradient of the loss with regard to the network’s parameters (a 

backward pass) 

5) Move the parameters a little in the opposite direction from the gradient – for 

example, W -= step * gradient, thus reducing the loss on the batch a bit. The term 

step is also called the “learning rate” 

These five steps together form a mini-batch stochastic gradient descent (minibatch 

SGD), and implementation of this algorithm is the main task of the RMSprop optimizer 

which we used in this work. An example of the gradient descent for the 2D loss surface 

for just two learnable parameters is represented in Figure 6.5. Although we can plot it for 

two parameters, for real tasks we cannot visualize this process since we cannot represent 

1000000-dimensional space in a way that makes sense to human’s understanding of 

dimensionality.  
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The used in this work optimizer RMSProp is a variant of the described minibatch 

SGD with a small extension: it uses momentum, which means it takes into account 

previous weight updates when computing the next weight update, rather than looking for 

the current value of the gradients.  Implementation of momentum helps to address two 

main problems of SGD: momentum is used to increase convergence speed and to avoid 

local minima.  

 

Figure 6.5: Gradient descent down a 2D loss surface (two learnable parameters) [22] 

In practice, a NN function consists of many tensor operations chained together, 

each of each has a simple, known derivative. For this reason, computation of the gradient 

values of a neural network requires applying the chain rule, which gives rise to an 

algorithm called Backpropagation. Backpropagation starts with the final loss value and 

works backward from the top layers to the bottom layers, applying the chain rule to 

compute the contribution that each parameter had to the loss value. Nowadays, people use 

modern frameworks that are capable of symbolic differentiation, such as TensorFlow. 

Thanks to such frameworks, you will never have to implement the Backpropagation 

algorithm by hand. For this reason, we left the description of this algorithm behind the 

scope of this work and just used the opportunity provided to us by modern technologies. 
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To construct the NN model, we used the Keras library for Python. As described 

above, we used a sequential model with 5 dense layers. The first layer was a 1D vector 

with 169 values of NMR echo data. The second and the third hidden layers were the same: 

both of them took 169 values as an input and produced 169 values as an output with the 

RELU activation function. The fourth layer took 169 values as an input and produced 64 

outputs with the RELU activation function. The last layer took 64 input values and 

produced 20 output values. An important point was that the final layer didn’t use any 

activation function since all the activation functions scale the output between 0 and 1, 

while the values of capillary pressure are much larger (Figure 6.6). We used RMSprop 

optimizer with the learning rate 1e-2 with the rest of the parameters left as default. The 

loss function used was Mean Absolute Error (MAE). We trained our model on 80 epochs 

with a batch size of 10. We had 405 examples of training data: 320 of them we used for 

training and the rest 85 were used for the test. The best loss value obtained on the test data 

was 85236 Pascals. It may seem much, but considering that this value is an average of all 

of the 20 points calculated with the Eq. (6.3), we can say that such amplitude is justified 

by the minor mismatch in the areas of the big pressures. More details and the final results 

of model prediction are presented in the corresponding chapter.  

 

Figure 6.6: The neural network model assignment with the Keras library extension 
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It should be noticed, that in spite of ML being a highly universal and flexible tool, 

it is not a magic wand that can solve any problem in the world. In statistics problems it is 

a common mistake when people confuse correlation with causation. For example, the 

amount of rains in Mexico city can correlate with the stock market prices in New York, 

but correlate only, not cause. If we apply ML to find causation between two parameters, 

as we do it in the following work, the causation between these two parameters should 

physically exist in principle. In case if such causation in any form doesn’t exist, we have 

a risk to find a correlation which will work well with the existing dataset but will fail or 

underperform on real-world data. However, if the training dataset is rich enough and cover 

all of the possible cases, and the causation between two parameters doesn’t exist, then 

even in this case the found correlation can be successfully used in practical applications.  

Considering the following problem, the question is if the physical information 

from the NMR measurements somehow contains physical information regarding the 

MICP. Most probably the answer on this question is “yes”, because the previous literature 

review showed that scientists were able to find explicit correlation functions between the 

NMR T2-distribution and capillary pressure curve.  Another question is if these scientists 

captured the whole nature of this process in their explicit equations. The answer on this 

question is probably “no”, since such equations worked only on the limited lithotypes and 

failed on others. 

This work persuades the goal to find a universal correlation function between the 

NMR and MICP, which would work for any lithotype without any restrictions. The large 

number of variable parameters and inbuilt flexibility of ML algorithm potentially gives us 

such opportunity. In contrast with the previous approach, such correlation will be 
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represented implicitly, in terms of the configuration of the network, the values of weights 

and their transformations with activation functions, meaning that people will not be able 

to understand explicitly how the network found the causality between these two 

parameters.  

Such fact can be considered as a price we pay for a powerful weapon, working by 

itself without any considerable human intervention. Somebody may consider this problem 

to be a tricky point, which it actually is, however, consider the following example. Each 

of us has a smartphone. When we do a picture of the human beings, on the screen we can 

see the rectangular following the human face. This technology is possible due to the ML 

image recognition technique, using the same principles as the ML network in the presented 

work. Before 2002 people tried to implement this algorithm explicitly, but were not able 

to do it due to the millions and millions of special cases and unexpected conditions. ML 

came and solved this problem in a pretty robust way. You will not understand the rules it 

uses to find the face, these rules are written implicitly in the weights of the implemented 

ML model. The same analogy can be applied for the presented problem. If the causality 

between the NMR and MICP exists in principle, ML algorithm can detect and capture it 

in an implicit, hidden from us way. However, if such causality doesn’t exist, the algorithm 

will find the best correlation possible. It will not be able to tell us if the causality exists or 

not. For this reason, ML is a double-edge sword of the modern scientist. 

Another concern which makes some scientists suspicious about the ML is the large 

number (thousands and sometimes millions) of variable parameters in the model, namely 

weights. For example, we need just 3 variable parameters to describe the NMR 

exponential decay with a reasonable precision and not more than 6 variable parameters to 
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describe MICP curve. As (Santamarina and Fratta 2005) states, it is a common temptation 

among the engineers or scientists to select models with a large number of unknown 

parameters to extract the most information possible out of the data, what may not be a 

good practice. Indeed, the application of such a large number of unknown parameters 

deserves explanation. As was mentioned before, the ML tool searches for an answer 

automatically, without significant human intervention into the process. The main goal of 

the learning process is to find such combination of weights which will fulfill all of the 

examples in the training dataset in the best way. Indeed, we can describe one example of 

NMR exponential decay with 3 parameters, but will we be able to use the same parameters 

to describe NMR signal for another sample reliably? The answer is no, because we will 

need still 3 parameters, but with the different values. Conceptually, the justification for 

the large number of variable parameters in the ML model is the follow: it allows us to use 

only one model to fit all the possible examples of inputs and outputs. Large number of 

weights brings the flexibility and ability to avoid special cases and lithotype 

differentiation, making it a useful tool in real applications.  
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Chapter 7: Limitations and obtained results 

7.1 Limitations of the implemented approach 

Before the description of the results, it is reasonable to start with the limits of the 

model’s application. For this moment the model works only with 100% water-saturated 

sandstones with the permeability of more than 30 mD and porosity of more than 8%, while 

the upper range is not restricted. Such limitations may seem enough for every sandstone, 

however, it is not true. For example, the capillary pressure of the sandstones named 

Kentucky, Scioto, Crab Orchard, Colton, Torrey Buff, Zebra, and Nugget cannot be 

predicted with the proposed model due to the listed limitations. 

Let me explain the reason for it. Initially, the plan was to create a model which 

will cover the whole range of the sandstones’ petrophysical properties starting with the 

porosity of 1% and above and the permeability of 0.001 mD and above. Such limits would 

allow us to predict capillary pressure for almost every existing sandstone, including 

extremely tight. However, in implementing this goal we faced an issue with the CT-scan 

spatial resolution. As was mentioned above, the spatial resolution of the available now 

CT-scan machine is 3 um, which means that all of the pores with a radius less than 3 um 

cannot be reliably differentiated on the CT-scan image, leading to the limitations in MICP 

and NMR simulations.  

Let me take the Kentucky sandstone as an example. According to the literature 

review, Kentucky sandstone has a porosity range from 14 to 19 % and permeability range 

from 0.1 to 4 mD. Provided NMR experiment showed porosity of 14% while MICP 

experiment showed porosity of 16%, which seems to be a reasonable result. NMR and 

MICP experimental results are presented in Figure 7.1 andFigure 7.2.  
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Figure 7.1: NMR exponential decay (left) and T2-distribution (right) for Kentucky sandstone 
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Figure 7.2: Capillary pressure for the Kentucky sandstone 

Two aspects deserve our attention. First, we should notice very fast NMR 

exponential decay and low value of the 𝑇2 𝑚𝑎𝑥 from the Figure 7.1. Second, we should 

pay attention to the high value of the displacement pressure around 1 MPa in Figure 7.2. 

Both of these facts indicate the tight structure of the Kentucky sandstone pore space. 

Supposedly, such a pore structure will have a lot of pores with a radius less than 3 um, 

which a CT-scan machine cannot see. To verify that it is true, we calculated the pore size 

distribution from the MICP experiment which is presented in Figure 7.3.  

 

Figure 7.3: Pore size distribution for the Kentucky sandstone 
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We calculated that 92% of the Kentucky sandstone’s pores either have a radius 

less than 3 um either connected with throats of this radius, therefore, such configuration 

of the pore structure cannot be reliably represented by the available CT-scan machine 

leading to the erroneous simulations of both NMR and MICP, and therefore such 

sandstones cannot be used for the presented workflow.  

For this reason, we had to restrict the database for our NN model with the 

sandstones which had the predominant amount of pores more than the spatial resolution 

of the available CT-scan machine equals 3 um. Thus, we successfully implemented the 

workflow described above for 9 types of sandstones. The minimum value of porosity 

among the created dataset was 8% while the minimum value of permeability was 30 mD. 

These values were posed as the minimal petrophysical properties required for the 

application of our NN model. It should be mentioned that we wanted to add another 7 

types of the sandstones (and therefore 7*45=315 additional cases) with appropriate 

petrophysical properties into our training dataset, but we were not able to do it due to the 

unexpected prohibition of the mercury export from the main suppliers and lack of mercury 

in the Core Lab. For this reason, we lost the ability to run MICP experiments, therefore 

we lost the ability to correct the MICP simulations for the limited resolution of the CT 

scan.  

7.2 Obtained results 

As was mentioned above, our NN model took 320 examples of data for training 

and 85 examples of data for testing. In other words, our model learned the features of the 

presented dataset on the 320 examples of data and then used another 85 examples that it 

didn’t see before to evaluate the resulting prediction power. The comparison of the true 
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test (blue) and predicted by the NN model (orange) capillary pressures are presented in 

Figure 7.4. We decided to show each 5-th predicted example which gave us 17 

comparisons (17 * 5 = 85). Showing all of them would be bulky, but all of them have 

similar proximity to the actual data. According to the Eq. (6.3), the Mean Average Error 

(MAE) was 0.121 MPa.  

 

 

Figure 7.4: Comparison of test and predicted capillary pressures 
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Figure 7.4 (continuation). Comparison of test and predicted capillary pressures 

0,01

0,1

1

10

0 0,1 0,2 0,3 0,4 0,5 0,6 0,7 0,8 0,9 1

P
c,

 [
M

P
a]

S w

Test example N25

NN prediction for
test example N25

0,01

0,1

1

10

0 0,1 0,2 0,3 0,4 0,5 0,6 0,7 0,8 0,9 1

P
c,

 [
M

P
a]

S w

Test example N30

NN prediction for
test example N30

0,01

0,1

1

10

0 0,1 0,2 0,3 0,4 0,5 0,6 0,7 0,8 0,9 1

P
c,

 [
M

P
a]

S w

Test example N35

NN prediction for
test example N35

0,01

0,1

1

10

0 0,1 0,2 0,3 0,4 0,5 0,6 0,7 0,8 0,9 1
P

c,
 [

M
P

a]

S w

Test example N40

NN prediction for
test example N40

0,01

0,1

1

10

0 0,1 0,2 0,3 0,4 0,5 0,6 0,7 0,8 0,9 1

P
c,

 [
M

P
a]

S w

Test example N45

NN prediction for
test example N45

0,01

0,1

1

10

100

0 0,1 0,2 0,3 0,4 0,5 0,6 0,7 0,8 0,9 1P
c,

 [
M

P
a]

S w

Test example N50

NN prediction for
test example N50



97 

 

 

 

 

 

 

Figure 7.4 (continuation). Comparison of test and predicted capillary pressures 
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Figure 7.4 (continuation). Comparison of test and predicted capillary pressures 
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Unsurprisingly, it was the same kind of sandstone named Salt Wash North, which means 

that this particular sandstone has features that other sandstones don’t. Afterward, from the 

literature review, we investigated that the Salt Wash North sandstone is the bedrock for 

the Uranium field in the US (Kovschak, Anthony and Robert 1981), which supposedly 

leads to a higher uranium concentration in comparison with other sandstones in the 

dataset. Uranium has paramagnetic properties, while paramagnetic materials influence the 

NMR measurements in an adverse way suppressing the signal from the oscillating protons 

of hydrogen, leading to a faster drop of the NMR exponential decay than without the 

presence of uranium. Therefore, it was reasonable that the Salt Wash North Sandstone 

showed a surface relaxation strength equal to 8*10−5 [m/s] which is twice higher as Berea 

sandstone has.  

In Figure 7.5 you can see the measured NMR exponential decay for the Slat Wash 

North and Berea sandstones with the porosities of 20.6 and 19.8 percent correspondingly. 

It can be seen that the signal from the Salt Wash North pore structure drops faster than for 

the Berea sandstone. 

 

Figure 7.5 Measured NMR exponential decay for Berea and Salt Wash North sandstones 
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At the same time, in Figure 7.6 you can see the comparison of the CT-scan images 

for the two sandstones mentioned above. It can be observed that the Salt Wash North 

sandstone in general has significantly larger pores (shown in black) than the Berea 

sandstone, leading to the lower position of the capillary pressure curve, which is shown in 

Figure 7.7. This fact leads to the contradiction inside the model’s logic: lower NMR 

exponential decay of the Salt Wash North sandstone is associated with the lower capillary 

pressure curve, while for the rest of the dataset examples the trend is the opposite: fast 

exponential decay leads to high capillary pressure, as can be seen from the Figure 7.8:put 

particular attention on the red, green and dark-blue lines 

         

Figure 7.6 Images of the Salt Wash North (left) and Berea (right) sandstones 

 

Figure 7.7 Measured capillary pressures for Berea and Salt Wash North sandstones 
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Figure 7.8 Capillary pressure (top) and NMR exponential decay (bot) trend for studied 

sandstones 
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In other words, presumably because of the uranium or other paramagnetic 

materials content the Salt Wash North sandstone with good porosity showed exponential 

decay as the sandstone with medium or even low porosity. Generally, the lower the 

porosity, the higher the capillary pressure of the sample. For this reason, since the far 

overwhelming number of the sandstones in the training dataset didn’t contain uranium or 

other paramagnetic materials, the model treated the NMR exponential decay response 

from the Salt Wash North sandstone as the response from the rock with lower porosity 

and therefore higher capillary pressure than it actually is. The inclusion of additional 

examples of paramagnetic-containing sandstones into the training dataset may solve this 

problem.  

To verify if the theory above is reasonable, we excluded the Salt Wash North 

sandstone examples from the dataset and trained the model one more time with the same 

parameters. This time the accuracy improved up to the MAE = 0.091 MPa. Moreover, as 

can be seen in Figure 7.9, the predictable power of the model improved and we don’t have 

any problematic cases anymore. 
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Figure 7.9 Comparison of test and predicted capillary pressures (reduced dataset) 
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Chapter 8: Conclusion and future work 

In this work, we created the NN model which can predict the MICP curve from 

the NMR exponential decay curve. In comparison with previous approaches to solving 

this problem, no additional information such as the kind of the explicit correlation 

function, pore shape factor, or the sandstone type is required. Moreover, the problem with 

insufficient examples is solved by the generation of artificial rock samples and subsequent 

NMR and MICP experiment simulations.  Overall, 405 examples were created and 

corrected for the limited spatial resolution of the CT scan. 

For the current stage of work, the prediction is possible only for the 100% water-

saturated sandstones with porosity of more than 8% and permeability of more than 30 mD. 

The predictions are built up to 10% of the wetting phase saturation.  

Future work implies: 

1. Extension of the existing dataset with 7 additional sandstones (and therefore 

7*45=315 additional examples) which we were not able to add due to the lack of 

mercury in the lab 

2. Extension of the existing dataset with 8 tight sandstones (and therefore 8*45=360 

additional examples) which we were not able to include due to the limited spatial 

resolution of the CT-scan machine. Ideally, to implement this step we need more 

advanced CT-scan equipment with a spatial resolution of 0.5 um. Supposedly, this 

part of the work can be implemented in the Saudi Aramco research center 

3. Implementing steps 1 and 2 above will allow us to finish the work with 100% 

water-saturated sandstones.  After this, we may try to implement the same 

workflow for the 100% water-saturated carbonates. In such a way we will create 
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the NN model which will be able to predict capillary pressure for every kind of 

100% water-saturated sedimentary rock with any petrophysical properties 

4. Finishing with 100% water-saturated rocks, we plan to continue the work with the 

rocks saturated with oil (of different types: from light to heavy) and water in 

different proportions  

5. We plan to correlate the lab experiments with the information from the well-logs. 

The ultimate goal is to be able to predict capillary pressure from the NMR well 

logs continuously in the logged intervals for any type of rock with any 

petrophysical properties with any water saturation values 
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Attachment 1 

Schematic representation of the NMR simulation correction for limited resolution of the CT-scan image (Berea sandstone as an 

example) 

 

Attachment 2 
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Block-diagram representing the workflow of the NMR simulation correction for the limited resolution of the CT-scan 

image 

 


