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DISCLAIMER

This report was prepared as an account of work sponsored by an agency of the
United States Government. Neither the United States Government nor any agency
thereof, nor any of their employees, makes any warrantee, express or implied, or assumes
any legal liability or responsibility for the accuracy, completeness, or usefulness of any
information, apparatus, product, or process disclosed, or represents that its use would not
infringe privately owned rights. Reference herein to any specific commercial product,
process, or service by trade name, trademark, manufacturer, or otherwise does not
necessarily constitute or imply its endorsement, recommendation, or favoring by the
United States Government or any agency thereof. The views and opinions of authors
expressed herein do not necessarily state or reflect those of the United States Government
or any agency thereof.
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ABSTRACT

We have continued to finish up our work on analyzing rock microstructures and
texture. We have continued working on different algorithms for processing photomicrographs
of thin sections to better quantify pore and grain microstructures. We are also working on
estimating textures in compaction bands, and their impact on porosities and permeabilities. In
the closing phases of this project, most of our efforts are now focused on writing up the
results and preparing the final reports.

3

TABLE OF CONTENTS

TITLE PAGE

1

Title: Seismic and Rockphysics Diagnostics of Multiscale Reservoir Textures

1

DISCLAIMER

2

ABSTRACT

3

TABLE OF CONTENTS

4

LIST OF GRAPHICAL MATERIALS

5

PROJECT STATUS REPORT

6

MILESTONE LOG

8

SUMMARY

9

ESTIMATING PORE STRUCTURE FROM THIN SECTIONS

10

BIBLIOGRAPHY

20

4

LIST OF GRAPHICAL MATERIALS

Figure 1: The RGB or colored image of a thin section of a rock. The blue color represents
the pore.
Figure 2: The binary image of the thin section in Figure 1. The white color represents the
pore.
Figure 3: Converting from RGB to binary via Intensity image using threshold: (A) shows
the RGB image for which porosity is to be calculated; (B) intensity/gray scale image
corresponding to the RGB image; (C) binary image; (D) histogram for the gray scale
with the threshold value indicated by the red line.
Figure 4: Converting to binary image via HSV image using single threshold: (A) shows
the RGB image for which porosity is to be calculated; (B) shows the HSV image; (C)
shows the Binary image.
Figure 5: Estimating porosity using different thresholds for H, S and V: (A) shows the
RGB image for which porosity is to be calculated; (B) shows the Intensity/Gray scale
image of RGB image; (C) shows the histograms for H, S and V components of the
image with the threshold values indicated by the red line; (D) shows the Binary
image.
Figure 6: Region of Interest and training data: (A) shows the RGB image with the
different grains and pore identified; (B) shows the training data.
Figure 7: Converting to binary image using linear discriminant classification method: (A)
shows the RGB image for which porosity is to be calculated; (B) shows binary image
for linear classification in RGB color-space; (C) shows the HSV image; (D) shows
binary image for linear classification in HSV color-space.
Figure 8: Converting to binary image using quadratic discriminant classification method:
(A) shows the RGB image for which porosity is to be calculated; (B) shows binary
image for quadratic classification in RGB color-space; (C) shows the HSV image;
(D) shows binary image for quadratic classification in HSV color-space.
Figure 9: Converting to binary image using Mahalanobis classification method: (A)
shows the RGB image for which porosity is to be calculated; (B) shows binary image
for linear classification in RGB color-space; (C) shows the HSV image; (D) shows
binary image for linear classification in HSV color-space.
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ONGOING

SUMMARY
In the closing phases of this project most of our efforts are now focused on
consolidating and writing up the results, and preparing the final report. We have continued
our work on analyzing relationships between rock microstructure and reservoir properties
such as porosity and permeability. One of the inputs in modeling microstructure comes

from thin section photomicrographs. Textures estimated from the thin sections help in
quantifying flow and transport properties of the rocks. Reliably estimating porosity from
color images is not trivial and involves various image processing and image classification
techniques. In this report we present results of investigating different methods for
analyzing thin sections to get reliable estimates of pore microstructure, which can then be
used as inputs to flow modeling algorithms. The two different approaches are tried for
converting the image of thin sections to binary images. The first method uses threshold
values to convert to a binary image while the second method involves linear and
quadratic discriminant methods to statistically classify grains and pore pixels in different
color spaces.
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Estimating Pore Structure from Thin Sections
INTRODUCTION
One of the most crucial and yet difficult to measure rock property is permeability. In
recent years, there have been attempts to estimate permeability from thin sections using
computational rock physics (Keehm et al, 2004). This numerical experiment involves
statistical reconstruction of 3D textures from 2D thin section followed by numerical flow
simulation on the reconstructed 3D volumes. Thin sections are relatively easy and cheap
to prepare from core plugs that are normally used for permeability estimation in physical
experiments. One of the critical properties that affect the permeability estimation in these
numerical experiments is porosity estimated from the thin sections. Reliably estimating
porosity from color images is not trivial and involves various image processing and
image classification techniques. The present work investigates various methods for
porosity estimation from images of thin section.
The thin sections are often prepared by epoxy impregnation, which gives the pore
space a blue color as shown in Figure 1. The general methodology for estimating porosity
of thin section requires conversion of the colored (RGB or true-color) image of a thin
section (Figure 1) to a binary image (B&W) image as shown in Figure 2. In the binary
image, the black color (grains) represents ‘0’ value while white color (pores) represents
‘1’. Now taking an average over the binary image gives us the porosity.

Figure 1: The RGB or colored image of a thin section of a rock. The blue color represents the
pore.
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Figure 2: The binary image of the thin section in Figure 1. The white color represents the
pore.

For the current exercise, we worked in both RGB and HSV color-space. The RGB
color model is an additive color model that defines color in terms of combination of
primaries, whereas HSV color-space encapsulates information about a color in terms of
tint of color (Hue), amount of grayness (Saturation) and brightness (Value).
The two different approaches are tried for converting the image of thin sections to
binary images. The first method uses threshold values to convert to a binary image while
the second method involves statistically classifying grains and pore space in RGB or
HSV spaces.
RESULTS
First Method: Thresholding
The first method for converting the color image to a binary image uses thresholds.
This can be done in two ways. We can calculate a single threshold value for the image
and use it to convert the image to the binary image. The other way consists of providing
different threshold values for different components (such as for H, S and V).
(A) Using single threshold
Again, as mentioned earlier, we can work in either the RGB color-space or the HSV
color-space. The RGB image can be converted to intensity image by calculating intensity
value at each pixel by taking positive square root of sum of the squares of Red, Green and
Blue values as given in Eqn. (1).

Intensity ( x) = R 2 ( x) + G 2 ( x) + B 2 ( x)
(1)
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Figure 3 shows the initial RGB image, the corresponding intensity image and the final
binary version. Figure 3(D) shows the histogram of the intensity values. The threshold for
the image is calculated using Otsu’s method (Otsu, 1979; ‘gray thresh’ in MATLAB),
which chooses the threshold to minimize the intraclass variance of the black and white
pixels. Figure 3(C) shows the binary image calculated from the threshold value. The
porosity estimated from this binary image is quite high (~50%) which implies that
intraclass variance discrimination does not necessarily give the best results. Another
reason for the poor result could be that when we change the RGB image to intensity
image, we are averaging out the intensity of individual components(R, G, and B). This
might not be the best way to approach this problem. So another approach would be to use
different thresholds for the different R, G, B components.
A problem with this mode of conversion is indicated by the red circle in figure 3 (A)
and (C). The black grain in the RGB image is taken as a pore instead of grain. This again
goes back to the shortcoming of using a single threshold. As we can clearly see from the
intensity image (Figure 3(B)), the pores in general have less intensity than the grains.
Nevertheless, a few grains (the dark colored grains) have much lower intensity than the
pores. So a single threshold value clubs these grains with the pores. Thus, different grains
need to be treated separately.

(B)

(A)

(C)

Φ

(D

Figure 3: Converting from RGB to binary via Intensity image using threshold: (A) shows
the RGB image for which porosity is to be calculated; (B) intensity/gray scale image
corresponding to the RGB image; (C) binary image; (D) histogram for the gray scale
with the threshold value indicated by the red line.
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The RGB image can also be converted to HSV and subsequently to Binary image. In
order to convert the HSV to binary image (im2bw in MATLAB), the input image is
converted to grayscale format and then to binary image using threshold. The threshold is
again calculated using Otsu’s method. The porosity in this case is more reasonable
(28.8%) than one obtained from the RGB color-space but the black grain is again
classified as a pore, as indicated in the figure.

(B)

(A

Φ

Figure 4: Converting to binary image via HSV image using single threshold: (A) shows
the RGB image for which porosity is to be calculated; (B) shows the HSV image; (C)
shows the Binary image.

(B) Multiple thresholds
As observed in last example, the HSV color-space seems to give reasonable results
with the threshold values. So we will explore further the multiple threshold scheme in the
HSV space. We test different images acquired with different settings because we want a
color image in which the components (H, S and V) for grains do not have a wide range of
values. This can be achieved using modern digital camera techniques by increasing the
intensity of blue color. In other words, we give more weight to blue component of the
image than the red or green components. The image is shown in Figure 5A. As we can
observe the image has vivid blue color. The color of grains, on the other hand, appears
washed out. Figure 5B show histograms of hue, saturation and value for the image as
well as the threshold used to convert it to Figure 5C. As mentioned earlier, the hue (H
component in HSV color-space) provides information about the tint of color. The typical
13

range of hue for blue tint is 0.5-0.75. The saturation (S component in HSV color-space),
on the other hand, is a measure of amount of grayness. For these particular set of images,
the pores have more color saturation than the grain. In other words, the grains have
washed out colors for these particular settings. Thus we have taken a threshold of 0.55 for
the saturation. The value (V component in HSV color-space) provides information about
the brightness of a particular color. This component is particularly useful in
discriminating the dark colored grains from the pores. The choice of the threshold for this
component was based on the trial and error method. For this image, the threshold of 0.7
seems to be a good choice. For a pixel to be defined as a pore, it must fall in the range of
pore for all the three components. The porosity estimated from these threshold values is
19.2%, which seems to be reasonable for the image. The estimated porosity is sensitive to
the threshold values of Saturation and Value. As the slope of these two histogram
increases, the porosity becomes very sensitive to the choice of threshold values.

(A)

(B)

Sa

(D)

(C)

Figure 5: Estimating porosity using different thresholds for H, S and V: (A) shows the
RGB image for which porosity is to be calculated; (B) shows the Intensity/Gray scale
image of RGB image; (C) shows the histograms for H, S and V components of the

14

Φ

image with the threshold values indicated by the red line; (D) shows the Binary
image.

Second Method: Discriminant Analysis

Statistical discriminant analysis is used to identify boundaries between different
groups of objects based on multivariate attributes of the objects (Krzanowski, W.J., 1988;
Seber, G.A.F., 1984). The statistical classification method involves defining a training set
of different grains and pores from the thin section. The training set of grains and pore
used for discriminant analysis in the present case is shown in Figure 6 (A) by the areas
enclosed by red lines (‘region of interest’ or ‘ROI’ in matlab). The different grains and
pores within the selected regions define the typical RGB/HSV distributions for each type,
and are collectively called the training data set as shown in Figure 6 (B). Now we can use
different approaches to classify the image into different groups of grains and pore. We
employed three different ways to classify the image: Linear, Quadratic and Mahalanobis.
We can obtain a misclassification error in each case, which is the fraction of the
observations in the training image that are misclassified.

(A)

(B)

Figure 6: Region of Interest and training data: (A) shows the RGB image with the
different grains and pore identified; (B) shows the training data.

(A) Linear Discriminant Method
The linear discriminant method involves estimating the means for each group, and a
pooled estimate of the covariance. In other words, the distribution for each group of
grains and pore has same shape while its mean varies from one group to other.
Discriminant methods implicitly assume Gaussian distributions, but may be applied to
data with non-Gaussian distributions. If the data are Gaussian, then the discriminant
classifier is equivalent to the Bayes’ classifier, which is the best possible classification.
Even when data are not perfectly Gaussian discriminant methods have consistently
performed amongst the top ten statistical classification methods (Hastie et al., 2001).
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Figure 7 shows the result of this method both for RGB and HSV color-space. The
porosity obtained for RGB and HSV color-space is 19.8% and 17.0% respectively,
whereas the misclassification error in both cases is about the same (0.149). The error is
the overall fraction of pixels in the training data that were misclassified. Note that the
misclassification error includes the error incurred while separating one type of grain from
the other. Hence, the error for separating the pore from grains will be lower than
estimated.

(B) Φ=19.8%

(A)

Err=0.149

(D) Φ=17.0%

(C)

Err=0.149

Figure 7: Converting to binary image using linear discriminant classification method: (A)
shows the RGB image for which porosity is to be calculated; (B) shows binary image
for linear classification in RGB color-space; (C) shows the HSV image; (D) shows
binary image for linear classification in HSV color-space.

(B) Quadratic Discriminant Method
The quadratic discriminant method, on the other hand, fits a Gaussian distribution
with covariance estimates stratified by group. This implies that the distribution for all the
different groups of grains and pore defined have a different shape as well as mean. Figure
8 shows the results of quadratic discriminant classification using RGB and HSV
attributes. The porosity for RGB and HSV color-space are 21.1% and 18.0 %,
respectively. Though the misclassification has decreased for both cases, the decrease is
more significant in case of HSV color-space classification.
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(B

(A)

Φ=21.1%
Err=0.141

(D) Φ=18.0%

(

Err=0.126

Figure 8: Converting to binary image using quadratic discriminant classification method:
(A) shows the RGB image for which porosity is to be calculated; (B) shows binary
image for quadratic classification in RGB color-space; (C) shows the HSV image;
(D) shows binary image for quadratic classification in HSV color-space.

(C) Mahalanobis Method
The Mahalanobis method uses Mahalanobis distances with stratified covariance
estimates (Krzanowski, W.J., 1988; Seber, G.A.F., 1984). The Mahalanobis distance is
the distance between two N dimensional points scaled by the statistical variation in each
component of the point. For example, if x and y are two points from the same
distribution which has covariance matrix C, then the Mahalanobis distance is given by
Eqn. (2).

r ( x, y ) = ( x − y )' C −1 ( x − y )
(2)
The Mahalanobis distance is the same as the Euclidean distance if the covariance
matrix is the identity matrix. The estimated porosity and misclassification errors for both
cases are indicated in figure.

17

Φ=20.8%

(A)

(B)

Err=0.16

Φ=15.5%

(C

Err=0.130

Figure 9: Converting to binary image using Mahalanobis classification method: (A)
shows the RGB image for which porosity is to be calculated; (B) shows binary image
for linear classification in RGB color-space; (C) shows the HSV image; (D) shows
binary image for linear classification in HSV color-space.

RESULTS

The HSV color-space, in general, seems to give better results than the RGB colorspace for both the approaches. The multiple threshold method works better than the
single threshold method. This is evident as considering the threshold of different
components separately gives us more flexibility in discriminating the exact color of the
pore in the image. Using a single threshold, on the other hand gives a generalized
threshold for each component. The multiple threshold method works well with images
having vivid blue color for the pores and washed out colors for grains. This kind of
images can be easily obtained by increasing the intensity of blue component while taking
the picture.
The second approach employed in current exercise is statistical discriminant analysis.
This is particularly useful when we do not have images with grains in washed out color.
In other words, it works well when we have a greater range of colors for grains. The
linear and quadratic classification methods seem to give better estimates. The problem
with this approach is that it requires a training data set or the statistical distributions of
values (RGB or HSV) for defining the pores. This might require preparing a different
18

training data for different sets of observation acquired under different camera settings. So
in case we have a narrow range of H, S and V values for the grains, the multiple
thresholds value classification works well. We can easily obtain the image with washed
out grain or narrow range of H, S and V by modern camera technique. Again, for
different camera settings the values of the threshold will have to be adjusted. Statistical
classification allows us to classifying the image not only in to grains and pores, but also
different types of grains. This will be useful for computational methods that require
inputs on porosity, as well as grain mineralogy.
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