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Introduction

The properties of porous media are strongly influenced
by their microstructures. Pore network modeling is
important as a key tool for analyzing and simulating
fluid flow in porous media, including oil and gas
reservoirs [ 1]. This process is usually performed using
Micro-Computed Tomography (Micro-CT) images,
but the low quality of these images prevents accurate
representation of details due to instrument limitations,
sample complexity, and processing difficulties [2].
As a result, image quality improvement is essential
to recover lost details. Traditional methods such as
filtering and edge detection have limited effectiveness
in complex media [3].

In recent years, deep neural networks and generative
adversarial networks (GANs) have significantly
improved image quality [4, 5]. Models such as
SRGAN and ESRGAN have transformed low-
resolution 1images into higher-quality versions
with accurate reconstruction of details [6, 7]. The
RealESRGAN model has also been successful in
improving microscopic images of porous structures
by focusing on real-world conditions and simulating
complex damage [8]. These models have significantly
improved the visual quality of images by using
competitive structures between the generator and the
discriminator.

Different studies have used binary or grayscale
images as input to the models. Shams et al. were able

to reconstruct 3D structures of porous environments
from binary images by using a combination of GAN
and Auto Encoder (AE) [9]. Other methods such as
Stacked Conditional GAN (ST-CGAN) and stepwise
3D models have also been successful in reconstructing
complex structures using binary input images [ 10, 11].
Li et al. also improved the quality of images by using
grayscale images and a Cascaded Progressive GAN
(CPGAN) [12]. However, the study of the effect of
input image type on the performance of the models
has received less attention. This issue can specify the
way for new research to select the most appropriate
type of input images to improve the image quality and
accuracy of models.

Materials and Methods

The ESRGAN model, with the improvement of
SRGAN, includes advanced RRDB blocks and
the elimination of batch normalization layers,
which increases the quality of images and eases the
training process. Also, this model uses the RaGAN
loss, which in addition to evaluating the realness of
images, also considers their similarity to real images.
RealESRGAN, an advanced version of ESRGAN, has
been able to perform better in image reconstruction
with higher-order degradation and the use of UNet
architecture.

To evaluate the quality of the generated images,
classical metrics such as MSE, PSNR, and SSIM
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and advanced metrics such as LPIPS and FID are
used. Furthermore, the LPIPS metric provides a more
effective assessment of image quality because it better
aligns with human perceptual judgment. This study
also investigates the effects of using grayscale and
binary images as inputs to deep learning models for
image-quality enhancement. Brea sandstone data with
a porosity of 18.96 is used and low-resolution images
are artificially generated.

For better investigation, the original images are divided
into smaller dimensions of 960 x 960, and each image
is divided into 27 cubes. The central cube is used for
validation and the other cubes are used for training and
testing. Also, it is necessary to determine an appropriate
threshold for binarizing the grayscale images so that the
porosity of the binary images matches the experimental
data. Finally, the LPIPS metric is used to evaluate the
perceptual quality of the images. The lpips library in
Python is used to calculate this metric.

Results and Conclusion

In order to binarize the input images the probability
distribution function of pixel values has been used and
the threshold value has been calculated based on the
rock sample porosity (0.1896). The model was trained
with the Adam optimizer and Nvidia GeForce RTX
3090 graphics which helped in the process and can
analyze 8 images at once.

Training with binary images is faster (1.5 hours)
but contains more error in the first epochs and high
variance in the loss function. Training with the
grayscale images takes more time (8.5 hours) but the
error rate at which the model gets to is lower. But the
last fluctuations in binary images are smaller and in
order to achieve the same accuracy it is necessary to
spend more iterations.

Fig.1 a comparison of the model’s performance based
on the LPIPS metric. It is clear that the grayscale images
have higher accuracy and are less oscillating. However,
because grayscale images are not directly used for
pore-network modeling and must first be converted
into binary images, the difference between the results
obtained using the two methods is not substantial.
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Fig. 1 Calculated LPIPS between real images and generated
images with different input images.

Conclusions

Based on this study which has been carried out, it
is found out that the use of binary images is more
reasonable given the nature of our problem and less
time taken in the training process since the output
images are near the desired accuracy. For future work,
it is recommended that this study be performed on
other rocks to understand the impact of data correlation
length on the findings.
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1. Micro-Computed Tomography (Micro-CT)
2. Scanning Electron Microscopy (SEM)

3. Pore Network Model (PNM)

4. Voxel

5. Kozeny-Carman

6. Noise Reduction

7. Resolution Enhancement

8. Feature Detection
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Table 1 Number of images used for model training, testing, and validation.
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Metric Grayscale-trained Model | Binary (drived form Grayscale) Binary-trained Model

LPIPS 0.0041 £0.1770 0.0109 £+ 0.2475 0.2257 +£0.0076
PSNR 0.5373 +34.0395 0.5130 +32.0202 0.5210 +31.04787
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Fig. 3 Distribution of pixel values in Brea sandstone input images.
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Fig. 6 LPIPS metric comparison between: generated and real grayscale images, binary images derived from generated gray-

scale and real binary, and generated binary and binary derived from real grayscale images.
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Table 2 Mean and standard deviation of LPIPS and PSNR metrics for the test set under three different scenarios

Metric Grayscale-trained Model Binary (drived form Grayscale) Binary-trained Model
LPIPS 0.0041 £0.1770 0.0109 +0.2475 0.0076 + 0.2257
PSNR 0.5373 +34.0395 0.5130 + 32.0202 31.04787 £ 0.5210
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Table 3 Porosity values of pore networks obtained from different images

Data Type Porosity (%) Error (%)
Reference (Grayscale) 18.96 -
Binary from high-qulaity grayscale (Original Binary) 17.78 0.95
Binary from low-quality grayscale 17.92 5.49
Binary from super-resolvd grayscale 18.53 2.27
Low-quality binary (from original binary) 17.61 7.12
Super-resolved binary 18.40 2.95
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