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1 Executive summary 

1.1 Introduction:  

This project combines new, Australian developed, step-change technologies of 3D Digital Core 

Analysis (DCA) and automated quantitative mineral mapping (QEMSCAN™), with conventional oil 

industry, best-practice, Routine Core Analysis (RCA) and Special Core Analysis (SCAL) on a 

comprehensive suite of CO2 storage reservoir and seal rock types from the Surat Basin to obtain 

faster, cheaper and more detailed analyses of core samples used to assess potential CO2 storage 

sites. In addition, the modelling aspects of the project will enable faster model-based analyses of 

flow, storage and CO2:brine displacements in different rock types and improved predictions of 

rock and fluid properties across the storage reservoir. An interactive catalogue will be built to 

enable stakeholders direct online access to all data. Finally, strategies for upscaling data obtained 

in via DCA analysis at the small (cm) scales to log scales will be undertaken.  

 

This sub-project (6) was focused on the latter goal—the development of methods to upscale 

digital core data from pore/cm scale to whole core and log scale for both static and dynamic 

properties. The biggest challenge to maximising the value of digital core analysis for carbon 

sequestration assessment is to model the enormous range of scales encountered in reservoir 

characterisation studies—spanning the pore space to the field scale. This sub-project focussed on 

identifying a workflow which may link log measurement available from well data, whole core 

scanning of an 8m section of the well and the choice of 16 plug samples from these whole core 

scanned regions (Fig. 1) and measurement of properties on subplugs within these 16 plugs.  

 

 

Figure 1: Imaging of core material at various scales 
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The 16 samples chosen for Sub-project 6 offered an excellent and challenging data set to test and 

develop workflows from pore to whole core and log scales. The samples exhibit a range of rock 

types – variable porosity, grain size, clay content (see Fig. 2). Initial rock typing methods indicate 

that the number of rock types within a single plug could be numerous – for example, in the more 

complex laminated plugs in Fig. 2 more than 5 distinct rock types can be observed.  

 

 

Figure 2. Images of 4 of the 16 plugs from Sub-project 6. 

 

Subproject 6 had to take results from other parts of the Surat CCS study as input to the study. 

Particularly crucial to the Project 6 work are results summarized at length in Milestone 4.3 report 

(April 2015) includes the following observations: 

 Capillary trapping is a significant mechanism for CO2 storage in the Surat. Quasi static 

models for displacement could therefore be used at the pore to plug scales. 

 Wettability is an important input to displacement. Program 4 has shown that CO2: Brine 

contact angles on quartz of 20-40o were observed—typical of a water wet system. All 

multiphase flow simulations were therefore undertaken assuming a low contact angle for 

imbibition.  

 DRT results at the pore and lab scale in both Programs 4 & 6 are consistent with laboratory 

data and enable one to directly investigate potential uncertainties associated with 

laboratory data at the pore scale (e.g., impact of wettability, initial water saturation,..). 
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 The results illustrate the importance of rock heterogeneity at all scales from pore to the 

log.  

Given the scale differences required to be considered in the program—from micron to meters or 

18 orders of magnitude in volume,  the program was broken up into three individual research 

streams. Each focussed on a unique discipline and/or scale — section 1.2 was focussed on the 

development of upscaling techniques for multiphase flow properties from pore scale to whole 

core, the second (section 1.3) describes work on the integration of log and core data and the third 

(section 1.4) focusses on textural/image based rock typing at the pore/plug scale1.  In this 

summary we outline the highlights of these three programs. Full descriptions of the results of each 

program are given in the three appendices to this report.  

 

1.2 Upscaling properties from pore to whole core scales 

One goal of the subproject was the development of a multistep, multiphase upscaling technique 

for pore to core scales based on imaging data. This program was originally being led by UNSW (Val 

Pinczewski) but the work in the past year is partly inkind work undertaken by a group at Lithicon 

(Lachlan Deakin, Rob Sok, Josiah Khor and Mark Knackstedt) and work undertaken by the same 

group as part of subproject 7.  This focus has been on identifying workflows which may enable one 

to upscale static and dynamic properties from the (digital) laboratory scales to whole core scales. 

In its original plan the following workflow was defined for this sub-project based on imaging at 

multiple scales: 

1) Whole core scanning by medical CT; 

2) Scoping scan imaging in 3D by µCT of the plugs to investigate heterogeneity; 

3) Selection of location and drilling of sub-plug for pore-scale imaging; 

4) Imaging of sub-plug in 3D by µCT at the pore-scale; 

5) Segmentation of tomogram into X-ray distinct components and quantification in 3D; 

6) Calculation of petrophysical properties from the segmented file (for samples of the Precipice 

Sandstone with connected porosity);  

7) Rock typing; and 

8) Upscaling. 

 

The different images acquired in the methodology are schematically outlined in Figure 3—images 

are acquired from right to left—from the largest scale to the smallest. Figure 4 outlines the 

                                                      
1
 The first and second projects directly fund research/developments being undertaken at UNSW and CSIRO. The third 

project was undertaken currently via in-kind studies by personnel at Lithicon and ANU. 
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envisioned upscaling method—input parameters from smaller scales are used to characterize 

microporous elements in the rock and then upscaled via registration into pore networks at larger 

scales.  

 

Figure 3: Length scales and volumes acquired in the upscaling imaging workflow 
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Figure 4: Workflow based on identifying properties at each scale and using small scale data as input to 
computed properties at larger scales. 

 

The suite of images were acquired as per the original program plan and registration of images at 

multiple scales was undertaken (see Figure 5). Visual inspection of the images immediately 

suggests an issue with the integration of whole core images to the plug and sub plug data. The 

resolution of the whole core is 2mm along the plug—a factor 100 x coarser than the plug images. 

Correlating image data between whole core and plug is therefore problematic.   
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Figure 5. Example of registration of images acquired at multiple scales on the same volume of rock from 
sample PU4. From right to left the subplug image, the plug and the whole core image. 

 
Work correlating sub plug to plug data was successful as the image resolutions are similar. Rock 

type maps for seven of the plugs samples were normalized to enable one to correlate rock types 

across the different images and the set of samples was clustered into eight rock types. An example 

of the rock type map at the plug and the subplug scale is shown for Sample PU11 in Figure 6.  The 

rock type maps from the plug images are then directly mapped to the sub-plugs. Permeability was 

computed on the sub-plug images of the samples and a plot of porosity against permeability of all 

of this data which has been defined by the (colourized) rock types. The permeability was then 

predicted through the plugs using the predicted plug porosities, rock types and the power law fits 

for each rock type.  
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Figure 6: Slice from a tomographic image of PU11.  (a) shows the plug scale data, in (b) the colouration 
defines the rock typing from seven plugs (including this sample). The lower left part of the sample in (b) was 
chosen as a subplug and imaged in (c). (d) shows the rock typing undertaken at the plug scale and used to 

populate the property maps. The data is sometimes smaller than an REV and this can lead to high scatter in 
the predicted data (see Figure 7) 

 
Figure 7: Porosity permeability trends for different rock types from image data 
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This upscaling process was applied on each plug to upscale permeability both parallel and 

perpendicular to the laminations. The effective horizontal permeability for sample PU-11 is 1500 

mD while vertical permeability along the plug is 195mD. The strong anisotropy in the permeability 

is not unexpected given the strongly laminated samples. These results show the potential problem 

with acquiring traditional laboratory data in plugs from laminated sands – the choice of plug 

regions used for laboratory do not capture the heterogeneity nor the anisotropy in properties. 

Upscaling of the SCAL properties was not undertaken from pore to plug at this time. A steady-state 

multiphase upscaling routine is available for this analysis, but the current improved rock typing 

data shown in Figure 6  was not available until 10/2015 and did not enable the project to 

undertake the full SCAL upscaling with the rock typing in the timetable of this program. It is hoped 

that this will be undertaken in future work.   

 

1.3 Integration of core and log data 

The reliability of predictions from numerical simulations of fluid flow in reservoirs depends on the 

ability to populate a computational model of the reservoir with rock properties at the grid-block 

scale, which may be tens of metres or more, using rock properties measured or calculated at much 

smaller scales such as the plug or whole core scale. Uncertainty introduced during this process 

results in uncertainty in simulation results, reducing the robustness of numerical predictions. In 

order to minimise this uncertainty, reliable and robust techniques for propagating rock properties 

through to the simulation grid-block scale are necessary. 

Traditional regression analysis of the wireline log data for the West Wandoan 1 well to develop a 

permeability model of the Precipice Formation was shown to lead to spurious predictions at the 

log-scale, as evidenced by the extreme permeability values calculated in several locations. The 

uncertainty in this approach is primarily due to the small number of single property values that can 

be measured on core samples, and the lack of reliable methods to propagate these rock properties 

to larger scales. 

To reduce the uncertainty in integrating rock properties from the whole-core scale to the log scale, 

a workflow for a consistent, unbiased approach for propagating rock properties was developed. 

Using a multi-scale segmentation algorithm, a coarse-scale description of the rock types based on 

low-resolution wireline log data was calculated. At this scale, however, the heterogeneities 

observed at the whole-core data were not able to be resolved using the traditional wireline log 
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data, as the vertical resolution was insufficient to capture the fine-scale heterogeneity in the 

whole-core CT data.  

In order to upscale rock properties at the whole-core scale up to the coarse, log-derived rock 

types, high-resolution CMI conductance log data was used as an intermediate data source to 

bridge the disconnect in length scales between the whole-core CT data and the low-resolution 

wireline log data. Figure 8 (i) presents the CMI data shown in the traditional image form for all 

pads for a (nearly) 1m section of the reservoir corresponding to the location of the whole-core CT 

sample CT1. It is clear that the high-resolution of the CMI log tool can identify rocks with different 

electrical properties at this scale. In order to use the CMI data in an unbiased fashion (without the 

need for visual inspection of the data), the data obtained by the CMI tool was horizontally 

averaged to provide a single, continuous conductance trace along the entire well. An example of 

this is presented in Figure 8 (ii), where the horizontally-averaged CMI data is overlayed on a 

vertical section of the whole-core CT data. Using this data, the multi-scale segmentation algorithm 

was applied to identify boundaries at the whole-core scale. The results of this process are 

presented in Figure 8 (iii), where good agreement between the boundaries of rock types identified 

using the CMI data and boundaries that can be located visually using the whole-core CT data is 

observed. Importantly, these results demonstrate that the CMI data can be used to identify rock 

boundaries (and therefore rock types) at the whole-core scale, in stark contrast to traditional 

wireline log data, where the vertical resolution is not sufficient to identify rock types at the whole-

core scale. 
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Figure 8: (i) Raw CMI conductance image data corresponding to whole-core CT1 (depth 1195.29 m to 
1196.24 m); (ii) Averaged CMI conductance overlayed on whole-core CT slice; (iii) Segmented CMI 
conductance 

 

The CMI data can be segmented at a scale comparable to the whole-core scale along the entire 

length of the well, providing a continuous representation of the reservoir rock types at the whole-

core scale. Rock properties propagated to this whole-core scale from the pore or plug scale at 

certain locations can then be correlated to the continuous CMI data at a similar scale to provide a 

continuous data source at the whole-core scale.  

Importantly, the multi-scale segmentation algorithm that was used to refine the CMI data from 

the original coarse-scale description of the reservoir to the whole-core scale has the property that 

no boundaries at a coarse scale are destroyed during refinement. The consequence of this is that 

each fine-scale segment belongs to only a single coarse-scale segment. The rock types at the 

whole core scale can then be upscaled to the coarse-scale description of the reservoir in an 

intuitive manner using appropriate upscaling methods depending on the properties to be 

coarsened.  
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This workflow was applied to a synthetic permeability example in lieu of high-quality rock property 

data at the whole-core scale, where this systematic approach was shown to preserve the 

heterogeneity in permeability in contrast to simply upscaling directly from the limited whole-core 

data to the coarse-scale representation of the reservoir. 

 

1.4 Mapping Permeability in Low resolution micro-CT images: A multi-scale statistical  

approach 

DRT results can be consistent with laboratory and log data and enable one to directly investigate 

the possibility of computing permeability from relatively low-resolution x-ray micro-computed 

tomography (µCT). Lower resolution images give greater sample coverage and are therefore more 

representative of heterogeneous systems; however, the lower resolution causes connecting pore 

throats to be represented by intermediate gray scale values and limits information on pore system 

geometry, rendering such images inadequate for direct permeability simulation. We present an 

imaging and computation workflow aimed at predicting absolute permeability for sample volumes 

that are too large to allow direct computation. The workflow involves computing permeability 

from high-resolution µCT images, along with a series of rock characteristics (notably open pore 

fraction, pore size and formation factor) from spatially registered low-resolution images. Multiple 

linear regression models correlating permeability to the rock characteristics provide a means of 

predicting and mapping permeability variations in larger scale low-resolution images. Results show 

excellent agreement between permeability predictions made from 16 and 64 µm/voxel images of 

a 25 mm diameter 80 mm tall core sample of heterogeneous sandstone for which 5µm/voxel 

resolution is required to compute permeability directly. The statistical model used at the lowest 

resolution of 64 µm/voxel includes open pore fraction and formation factor as predictor 

characteristics. Although binarized images at this resolution do not completely capture the pore 

system, we infer that these characteristics implicitly contain information about the critical fluid 

flow pathways. 3D permeability mapping in larger scale lower resolution images by means of 

statistical predictions lay the groundwork for permeability upscaling and the computation of 

effective permeability at the core scale. 
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1.5 Discussion and Suggested Future Directions 

Sub-project (6) was focused on the development of methods to upscale digital core data from 

pore/cm scale to whole core and log scale for both static and dynamic properties. This overall 

program offers a large data set and enables one to develop and test a multiscale workflow via 

access to log measurement data, whole core scanning of limited sections of the well, the choice of 

16 plug samples from these whole core scanned regions and measurement of properties on 

subplugs within these 16 plugs. This offered a unique opportunity to illustrate an ability to 

maximize the value of digital core analysis for carbon sequestration assessment and to model the 

enormous range of scales encountered in reservoir characterisation studies—spanning from the 

pore space (microns) to logs (meters).  

 

The outcome of this program coupled with Milestone 4.3 shows that DRT results can be consistent 

with laboratory and log data and enable one to directly investigate potential data uncertainty 

based on integration with whole core, outcrop descriptions, sedimentary feaures and log data 

(e.g., investigate the role of different lamina -- parallel and cross beds). The sub-project as a whole 

aimed to integrate these three streams – work under the program has illustrated the value in 

adopting an integrated utilization of the large number of data sets from laboratory, outcrop, log 

and geological data available to the Glenhaven project. It has also identified gaps which remain in 

a continuous and integrated workflow.  The major impediments to developing a mature workflow 

are associated with the ability to robustly identify rock types and upscale data from the plug scale 

to the whole core and the need for improved direct calibration of the log response to whole core 

scale properties. The first step requires accurate classification, selection and propagation of 

available 3D data at all scales—the second can be improved by creating detailed 3D near wellbore 

models (meter cubed scales) representing the laminations and other geological features observed 

at the centimetre scale.   

Three areas were specifically identified in the context of the Surat CCS Demo: 

 Need for improved reservoir description at multiple scales. The original project had access 

to log data, limited whole core results and a large volume of both traditional laboratory 

and pore scale digital core results. Results of the program have illustrated the need for 

robust identification and characterization of important sedimentary features at all scales 

and via tools not envisioned in the original program. In particular, while data are available 

at many scales there remains a need to account for the relative importance of internal 
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sedimentary features versus bounding fluid layers (e.g., clay layers) within facies that have 

not been modelled as individual geo-cell scales.  A continued focus should include robust 

identification and characterization of important sedimentary features via improved 

characterization along continuous lengths of core coupled with the development of 

lithofacies models.  This work may be supplemented by additional plug scale analysis 

across intra and bounding clay layers. We also suggest improving the current workflow by 

creating detailed 3D near wellbore models (~1-5 meter areally and ~ 0.5-2 meters 

vertically), representing the laminations and other geological features observed at the 

centimeter scale. The near wellbore model fills the gap of a missing “intermediate scale” 

and aims at being representative of the electrotypes. The geological description, the 

interpretation of the CMI data, and the rocktyping of the whole core images can then be 

used together to constrain the 3D near wellbore geological model (lamination types, size, 

erosional contacts etc.). The static and dynamic properties of the laminations are known 

from the Digital Rock Analysis performed on the core samples and can be upscaled via 

future improved rocktyping at the whole core scale. Properties can then be assigned to the 

corresponding regions of the near wellbore model. These properties are not only porosity 

and permeability, but also the formation factor and NMR relaxation.  

 Need for improved static modelling at multiple scales: The geological structures 

encountered in the Surat CCS program exhibit heterogeneity at a range of scales and these 

structures can have a profound impact on fluid flow and trapping capacity. The use of a 

uniform grid to simulate flow on geological materials at all scales, as is currently done with 

industry standard modelling and simulation tools, is a severe restriction in the Surat CCS 

system. We would recommend use of grids that accurately follow the spatial structure of 

the geology. This is particularly recommended given the results of the detailed outcrop 

work being undertaken in a complementary ANLEC sponsored program.  

 Capture static and multiphase properties at all scales on complex grids: Here we 

recommend modification of the complex near wellbore model geometry (size and spatial 

distribution of the lamina) and calibration of the lithofacies model to static log responses 

(Porosity, Vshale, density). On completion of this one could use calibrated structural 

models and upscaling methods to predict multiphase flow properties on the 

heterogeneous grids. Therefore relative permeability and Pc curves can be obtained per 

electrotype. 
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2 Appendices 

Appendix A – Upscaling properties from pore to whole core scales 

Appendix B – Integration of log and core data 

Appendix C – Mapping permeability in low-resolution Micro-CT Images  
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A.1 Introduction 

The purpose of the work is to illustrate the upscaling of properties from sub-plug to plug to whole 

core. The approach that is being followed is a multiple scale imaging approach, utilising whole core 

imaging by medical CT, whole plug imaging by µCT, and sub-plug imaging by µCT.  

 

The following workflow was designed for this sub-project: 

1. Whole core scanning by medical CT undertaken by Weatherford Labs, Brisbane; 

2. Scoping scan imaging in 3D by µCT of the plugs to investigate heterogeneity; 

3. Selection of location and drilling of sub-plug for pore-scale imaging; 

4. Imaging of sub-plug in 3D by µCT at the pore-scale; 

5. Segmentation of tomogram into X-ray distinct components and quantification in 3D; 

6. Calculation of petrophysical properties from the segmented file (for samples of the Precipice 

Sandstone with connected porosity);  

7. Rock typing; and 

8. Upscaling. 

 

On the 22nd November 2012 a team from CTSCo, UQ and Lithicon viewed the core from West 

Wandoan-1 well. At that time 16 plugs were selected from the Evergreen Formation using biased 

sampling to represent key facies and 28 plugs were selected from the Precipice sandstone using 

unbiased sampling every 2m from the top to the bottom of the Precipice. Finally, another 16 plugs 

of Precipice sandstone were obtained from the 6m of core that were selected for whole-core 

scanning in SP-6 (Table A-1). These 16 samples are considered in this report. Table A-2 provides 

basic well information about these samples.   
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Table A-1. Descriptions of the 16 samples from West Wandoan-1 well selected for investigation by digital 
core analysis and upscaling workflow. 

Sample 
Depth 
(mKB) 

Interval Description 

PU1 1163.15 Precipice Sandstone Fine to medium sandstone 
PU2 1163.90 Precipice Sandstone Fine to medium sandstone 
PU3 1164.28 Precipice Sandstone Fine to medium sandstone 
PU4 1164.62 Precipice Sandstone Fine to medium sandstone 
PU5 1174.40 Precipice Sandstone Fine to medium sandstone with silty laminae 
PU6 1174.53 Precipice Sandstone Fine sandstone 
PU7 1195.39 Precipice Sandstone Fine to coarse sandstone 
PU8 1195.52 Precipice Sandstone Fine to coarse sandstone 
PU9 1216.07 Precipice Sandstone Fine to medium sandstone 
PU10 1216.31 Precipice Sandstone Fine to coarse sandstone 
PU11 1216.57 Precipice Sandstone Fine to medium sandstone 
PU12 1216.81 Precipice Sandstone Fine to medium sandstone 
PU13 1217.07 Precipice Sandstone Fine to coarse sandstone 
PU14 1217.32 Precipice Sandstone Fine to coarse sandstone 
PU15 1217.64 Precipice Sandstone Fine to coarse sandstone 
PU16 1217.81 Precipice Sandstone Fine to coarse sandstone 

 

Table A-2. Basic well information about West Wandoan-1 well. 

Surface Location: Latitude: 26 10' 53.84" S 
 Longitude: 149 48' 44.72" E 
 Easting:  781 096m E 
 Northing: 7 101 157m N 
 Projection MGA 94 Zone 55S 
 Spheroid GRS 80 Ellipsoid 
 Datum GDA 94 

 
Rig: Major Rig  SU12P53 
   
Elevation: GL: 257.8m AHD 
 RT: 257.8m AHD 

 
Date Spudded: 23/09/2012 03:30 hours 

 
Reached TD: 25/10/2012 23:30 hours 

 
Date rig release: 29/10/2012 20:00 hours 

 
Total Depth: Driller: 1292.9m MD 
 Logger: 1291.4m MD 

 
Permit: EPQ 7 

 
 

Participants: CTSCo Pty Ltd 100.00%  
 

Classification: Greenhouse Gas Exploration 
 

Status: Plugged and Abandoned 
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A.2 Results and Discussion 

This section of the report will describe and report each of the imaging and analysis steps outlined 

in the workflow steps 1-8 described in the previous section.   

A.2.1 Image Acquisition 

A.2.1.1 Whole core CT imaging 

Six metres of whole core from the Precipice sandstone was imaged by a medical CT imaging facility 

to investigate the heterogeneity in the core based on the X-ray attenuation. The sections of whole 

core were selected to represent the large variations in grain size and sorting evident in the 

Precipice sandstone from West Wandoan-1 well. Figure A-1 shows core photographs with 

matching CT images for the 6 sections of whole core listed in Table A-3. The whole core scanner 

imaged pixels of size 192.5μm in the horizontal plane and with a spacing of 2,000μm between 

each plane. 

 

 

Figure A-1. Core photographs and Ct imaging of 6m of Precipice sandstone 
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Table A-3. Description of the 6m of whole core from medical CT imaging. 

Whole 
core 
section 

Depth 
(mRT) 

Interval Description 

CT6 
1163.00 -
1164.00 

Precipice Sandstone Fine to medium sandstone 

CT5 
1164.00 -
1165.00 

Precipice Sandstone Fine to medium sandstone 

CT4 
1174.33 -
1175.20 

Precipice Sandstone Fine sandstone with cross-bedding 

CT1 
1195.29 -
1196.24 

Precipice Sandstone Medium to coarse sandstone with cross-bedding 

CT3 
1216.00 -
1216.96 

Precipice Sandstone Medium to coarse sandstone  

CT2 
1216.96 – 
1217.9 

Precipice Sandstone Medium to coarse sandstone with cross-bedding 

 
Conclusion: Medical CT provided images of heterogeneities in the Precipice sandstone and aided 

in plug selection.  

A.2.1.2 Scoping scan imaging in 3D by µCT  

From the 6 sections of whole core imaged by medical CT in Section A.2.1.1, 16 plugs were selected 

to capture the key facies and characterise the heterogeneity evident in the whole core images. 

The plugs are described in Table A-1. The plugs are all oriented in the vertical direction for a 

number of reasons, firstly because the whole core was small in diameter. Vertical coring enabled 

one to capture a number of laminations – as the purpose of sub-project 6 is to perform upscaling 

one needs to capture multiple rock types in the 3D images of the plugs.  

 

The 16 plugs were imaged by high resolution μCT imaging. The imaging of the plugs allowed the 

qualitative assessment of grain size, grain sorting, mineralogy, degree of pore-filling clay, and 

organic content. One vertical view is shown in Figure A-2, Figure A-3, Figure A-4, and Figure A-5 

for all 16 plugs. Again, basic descriptions of the samples based on their visual inspection are 

provided in Table 1.  
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Figure A-2. Vertical plane tomogram images from 3D scoping scans of: PU1, PU2, PU3 and PU4. 

 

 

Figure A-3. Vertical plane tomogram images from 3D scoping scans of: PU5, PU6, PU7 and PU8. 
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Figure A-4.Vertical plane tomogram images from 3D scoping scans of: PU9, PU10, PU11 and PU12. 

 

 

Figure A-5.Vertical plane tomogram images from 3D scoping scans of: PU13, PU14, PU15 and PU16. 
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Conclusion: Scoping scan imaging by µCT at the plug scale allows the investigation of 

heterogeneity of grain size, sorting, and distribution of heavy minerals, pores, fractures, clay, 

cement, and organic material. The scoping scan enables one to avoid extraordinary features and 

extract representative sub-plugs. The scoping scan images of the Precipice sandstone reveal the 

heterogeneity that exists on every scale in terms of grain size and sorting, and proportion of 

pores that are filled with clay.  

 

A.2.1.3 Imaging of sub-plugs in 3D by µCT at the pore-scale  

From each of the plugs shown in Section A2.1.2 one sub-plug was extracted and imaged at higher 

resolution by helical μCT. Imaging of the samples at the sub-plug scale allows the characterisation 

of pore-scale features. One vertically oriented view is shown in Figure A-6, Figure A-7, Figure A-8 

and Figure A-9 for the sub-plugs of each sample. The variation in texture, grain size and porosity is 

again evident at the smaller scales.  

 

 

Figure A-6.Vertical plane tomogram images from 3D high resolution scans at the pore scale of: PU1, PU2, 
PU3 and PU4. 



Milestone 6.4: Integrate pore to plug to core to log upscaling methods for static and dynamic properties   Page A-11 

 

 

Figure A-7.Vertical plane tomogram images from 3D high resolution scans at the pore scale of: PU5, PU6, 
PU7 and PU8. 

 

Figure A-8.Vertical plane tomogram images from 3D high resolution scans at the pore scale of: PU10, 
PU11, PU12 and PU13. 
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Figure A-9.Vertical plane tomogram images from 3D high resolution scans at the pore scale of: PU14, 
PU15 and PU16. 

 

Conclusion: 3D imaging of the samples at the sub-plug scale is undertaken and allows the 

characterisation of pore-scale features, the main structural and textural features and the 

investigation of pore-filling material.  
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A.2.1.4 Segmentation of tomogram into X-ray distinct components and quantification in 3D 

Segmentation and characterisation of the connected porosity of the sub-plugs at high resolution 

has been performed for all samples shown in Figure A-6, Figure A-7, Figure A-8 and Figure A-9. The 

microporosity segmentation of the sample relies on the assumption that all features between the 

open pore space and solid grains are mono-mineralic and that the microporosity of these features 

scales linearly with X-ray density. An example of the results of this process on sample PU10 is 

shown in Figure A-10. The calculated porosity values for each image are summarized in Table A-4. 

 

   

Figure A-10.Vertical plane images of the tomogram (left) and microporosity segmentation(right) of the 
sub-plug from  sample PU10. 

 

Conclusion: The resolvable porosity has been identified in each subplug image and the total 

porosity calculated. This provides the foundation for upscaling porosity and conducting 

petrophysical analysis.  
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A.2.2 Calculation of petrophysical properties 

On each of the 16 segmented subplugs, the porosity (φ), permeability (k), and formation resistivity 

factor (FRF) were calculated in orthogonal directions to the orientation of the sub-plug using the 

method described extensively in the reports of Subproject 2. Sub plug sizes on which calculations 

were made are of the order of 1-2 mm cubed. Given the size of the samples the properties do vary 

(due to insufficient REV and local anisotropy). The data are assumed to be composed of a single 

rock type we report for the purposes of upscaling an average value of FRF, m and permeability.  

These overall results are presented in Table A-4., while all the results of subsets are plotted in 

Figure A-11.  

 

Table A-4. Summary of petrophysical properties calculated on subplugs.  

Sample Depth 
(mKB) 

φ Kave (D) m 

PU1 1163.15 0.212 2.8 1.81 

PU2 1163.90 0.199 .16 1.83 

PU3 1164.28 0.237 1.8 1.79 

PU4 1164.62 0.189 .108 1.82 

PU5 1174.40 0.171 .051 1.96 

PU6 1174.53 0.208 .79 1.93 

PU7 1195.39 0.220 5.8 1.75 

PU8 1195.52 0.209 7.7 1.76 

PU10 1216.31 0.231 5.52 1.77 

PU11 1216.57 0.219 4.9 1.77 

PU12 1216.81 0.166 1.7 1.83 

PU13 1217.07 0.210 0.62 1.85 

PU14 1217.32 0.225 3.1 1.83 

PU15 1217.64 0.194 6.2 1.79 

PU16 1217.81 0.211 4.4 1.75 

 

 

PU1) 
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PU2) 

  

PU3) 

  

PU4) 

  

PU5) 

  

PU6) 
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PU7)  

  

PU8) 

  

PU10) 

  

PU11) 

  

PU12) 
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PU13) 

  

PU14) 

  

PU15) 

  

PU16) 

  

Figure A-11. Plots of porosity versus permeability and porosity versus formation resistivity factor for the 
PU series miniplugs. The Z direction applies to the axis along the plug axis and will usually correspond to 
the vertical orientation. X and Y directions are orthogonal to Z and will often correspond to horizontal 
orientations. The values indicated in the legends refer to the number of voxels in the volume of data/rock 
represented by that data point. 

 

Conclusion: Absolute permeability and formation resistivity factor have been calculated for 

every subplug image.  
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A.2.3 Pore Network Models and Relative Permeability 

As described in depth in Milestone 4.3 report, two phase flow modelling can be reliably 

undertaken on all the subplugs. . The simulation parameters used were as defined from the 

conclusions of Milestone 3 from Sub-project 4. Here we outline a few results for these samples. 

Two of the subplugs were dominated by a single rock type based on quick visual inspection. These 

were from samples PU3 and PU6. Relative permeability and capillary pressure curves were 

simulated on pore networks extracted from these samples, as shown in Figure A-12. For each of 

the two samples, two full cubes could be inscribed in the segmented dataset used for the 

calculation of petrophysical properties described in Section A2.2. A pore network was extracted 

from each cube, meaning that there were two sets of data for each sample. It can be observed in 

Figure A-12. that both sets of data offer effectively similar kr & Pc data 

 
 
 
 
 
 
  



Milestone 6.4: Integrate pore to plug to core to log upscaling methods for static and dynamic properties   Page A-19 

 

 
PU3 Capillary Pressure – Primary Drainage 

 

Relative Permeability – Primary Drainage 

 

 Capillary Pressure – Imbibition 

 

Relative Permeability – Imbibition 

 

PU6 Capillary Pressure – Primary Drainage 

 

Relative Permeability – Primary Drainage 

 

 Capillary Pressure – Imbibition 

 

Relative Permeability – Imbibition 

 

Figure A-12. Relative permeability and capillary pressure curves from pore networks extracted from the 
3D µCT images of subplugs from samples PU3 and PU6. For the capillary pressure curves, simulated data 
points are dark grey circles, with a fitted capillary pressure curve shown as the red line. For relative 
permeabilities, the simulated data points are circles with the non-wetting phase (scCO2) in red and the 
wetting phase (brine) in dark grey. The matching lines show the fitted LET relative permeability curves. 

 



Milestone 6.4: Integrate pore to plug to core to log upscaling methods for static and dynamic properties   Page A-20 

 

For comparison, the subplug from sample PU11 clearly exhibits at least two rock types (Figure 

A-8). The top half of the subplug has significantly coarser grains than the bottom half. This results 

in the data points from the top half of the subplug following a significantly different curve than the 

data points from the bottom half of the subplug, as shown in Figure A-13. This illustrates the 

importance of rock typing on the basis of morphology rather than porosity, since the rock types 

identified for the subplug from sample PU11 in Figure A-21 have clearly overlapping porosity 

ranges. 

 

Top Capillary Pressure – Primary Drainage 

 

Relative Permeability – Primary Drainage 

 

 Capillary Pressure – Imbibition 

 

Relative Permeability – Imbibition 

 

Bot Capillary Pressure – Primary Drainage 

 

Relative Permeability – Primary Drainage 

 

 Capillary Pressure – Imbibition Relative Permeability – Imbibition 



Milestone 6.4: Integrate pore to plug to core to log upscaling methods for static and dynamic properties   Page A-21 

 

  

Figure A-13. Relative permeability and capillary pressure curves from pore networks extracted from the 
3D µCT image of the subplug from sample PU11. For the capillary pressure curves, simulated data points 
are dark grey circles, with a fitted capillary pressure curve shown as the red line. For relative 
permeabilities, the simulated data points are circles with the non-wetting phase (scCO2) in red and the 
wetting phase (brine) in dark grey. The matching lines show the fitted LET relative permeability curves for 
the top and bottom halves of the subplug (as labelled). 

 

Conclusions: Pore networks have been extracted from each of several subplugs. Subplugs 

visually qualified as having a single rock type return similar capillary pressure and relative 

permeability curves from two different pore networks. A subplug identified as having distinct 

rock types returns different capillary pressure and relative permeability curves from each 

extracted pore network. This illustrates the need to capture multiple rock types for accurate 

upscaling.  

 

 

A.2.4 Upscaling data:  

A key requirement of the reservoir characterisation process is to ‘extrapolate’ both basic (static) 

and saturation-dependent (dynamic) petrophysical properties evaluated within a small volume of 

material into a larger volume (from fine scale to coarse scale). This process is most generally called 

“upscaling”, but in fact the actual upscaling step is but one of five steps within the overall process. 

The five steps are: 

1. Classification: determination and spatial mapping of the rock types at a particular scale. 

2. Selection: choice of representative samples for investigation at a smaller scale. 

3. Evaluation: determination of petrophysical properties at the smaller scale. 

4. Propagation: propagation of petrophysical properties at the smaller scale into the sections 

of the larger scale 

5. Upscaling: calculation of the overall petrophysical properties at the larger scale. 
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Each step is vital in securing a robust suite of petrophysical properties at the successive larger 

scale.  

Figure  A-14 shows a visual summary of the upscaling workflow. 

 

 
 

Figure  A-14. Visual summary of upscaling workflow. 

 

Work undertaken in the original pore to core based upscaling program did not identify the 

importance of classifying the rock at each scale into rock types that can then be treated as distinct 

units in the upscaling process. Sub plugs and plugs were instead chosen by visual bias.  Many of 

the processes employed in the current approach therefore bypass the classification step and this 

led to the generation of potentially unrepresentative data for an upscaling process. A novel 

methodology used to classify, select, evaluate and propagate subplugs and plugs was initiated in 

2014 under Subproject 7A of the current project and the results summarized in this section 

incorporate some of the work being undertaken in this Subproject. Please refer to the Milestone 

A1-A3 reports for further details on the newly developed methodology.  Some newer results, 

particularly upscaling permeability to plug scales, do incorporate the work undertaken in 

Milestone A3 of subproject 7.  

 

A.2.4.1 Registration of images at multiple scales 



Milestone 6.4: Integrate pore to plug to core to log upscaling methods for static and dynamic properties   Page A-23 

 

The approach that is being followed is a multiple scale imaging approach, utilising whole core 

imaging by medical CT, whole plug imaging by µCT, and sub-plug imaging by µCT. An example of 

the multiple scale imaging approach is shown in Figure A-15.  

 

Figure A-15. Multiple scale imaging approach, utilising whole core imaging by medical CT, whole plug 
(sample PU4) imaging by µCT, and sub-plug imaging by µCT. The red boxes indicate the locations of the 
plug (in the whole core image) and sub-plug (in the whole plug image). The voxel size is given for each 
image for comparison. 

In each case the images acquired on the same volumes of rock are being registered to one another 

into perfect geometric alignment. The registration of the sub-plug into the plug allows the 

information learnt at the higher resolution but on a smaller volume in the sub-plug to be used in 

the segmentation of the plug. This will allow the data calculated from the sub-plug to be upscaled 

into the plug. The plug and sub-plug images are also being registered into the whole core images 

so that the data calculated from the sub-plug and plug can also be upscaled into the whole core.  

 

An example of image registration across multiple length scales is shown in Figure A-16. where the 

matching volume of the sub-plug is shown for the same region of the plug and low resolution 

whole core images. 
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Figure A-16. Example of registration of images acquired at multiple scales on the same volume of rock 
from sample PU4. One the right is the image of the sub-plug, in the middle is the image of the matching 
volume in the plug and on the left is the same volume from the whole core image. The voxel size is given 
for each image for comparison. 

  

Conclusion: Registration of the sub-plug image into the plug and the plug image into the whole 

core is undertaken for the upscaling process. 
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A.2.4.2 Porosity based Upscaling 

Within each rock type, permeability and formation factor can be correlated by their relationship 

with porosity. Therefore, appropriate calibration of porosities between grids at different scales is 

an essential part of an upscaling workflow. Upscaling the subplug porosity to the plug scale by 

calibrating a porosity segmentation of the registered subplug region of the plug tomogram to 

match the subplug porosity is shown in Figure A-17. 

 

 

Figure A-17. Methodology used to “upscale” the porosity of the sample from the subplug segmentation 
to the full plug. 

 

An example of this methodology is performed on Sample PU3 to provide an estimate of the plug 

porosity calibrated against the porosity of the subplug, as shown in Figure A-18. This was 

compared against an experimental value obtained through Helium picnometry (Table A-5). 

 

Under the assumption that the subplug and plug from PU3 were composed of a single isotropic 

rock type, the plug was populated with pore-scale porosity-permeability relationships at a 

representative elementary volume scale (REV) matching the subset volumes upon which the 

results in Figure A-11.  were obtained. A comparison of the maximum inscribed cuboid from the 

plug image at the native plug resolution and a coarsened REV scale is shown in Figure A-19. The 

upscaled permeability is compared with the experimentally obtained value in Table A-5. This 

demonstrates the upscaling methodology from subplug to plug scales with a single rock type. 

When confident in the quality of the base image analysis, pore-scale relative permeability curves 

such as those shown in Figure A-12. and Figure A-13 can also be upscaled to the plug scale. The 
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same method can also be extended to upscale from the subplug to plug scales with multiple rock 

types that appropriately capture all significant heterogeneity. Undertaking this in a way that 

catalogues rock types more effectively has required input from ongoing Subproject 7.  

 

 

Figure A-18. From left to right: From sample PU3, vertical plane images from the registered plug image, 
the registered subplug image, and the matching porosity segmentations of each. 

 

 

Figure A-19. Left: A horizontal plane from the porosity segmentation of the maximum inscribed cuboid of 
the plug image. Right: The same slice coarsened to an REV scale. 

 

Table A-5. Porosity and permeability results on plug scale, from both experiments and the upscaling 
methodology. 

Sample Depth 
(mKB) 

φ 
(experimental) 

φ  
(Upscaled) 

kZZ 
(experimental) 

kZZ  
(Upscaled) 

PU3 1164.28 24.3 23.9 915 mD 886 mD 

 

Conclusions: Upscaled porosity and absolute permeability values have been obtained on a 

sample with a single rock type and compared well against experimental results.  
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A.2.4.3 Upscaling based on Multiscale rock typing 

Milestone A2 in Subproject 7 introduced a method for rock typing of images from multiple scales 

and multiple samples simultaneously. Clustering variables computed on images taken at different 

scales cannot be compared directly as they are scale/resolution dependent. Therefore clustering 

variables are computed on one scale and then image registration is used to map the clusters to a 

successive scale according to the following method: 

1. Register coarse scales images (e.g. plugs) into perfect geometric alignment with fine scale 

images (e.g. sub-plugs). 

2. Calculate clustering variables on the coarse scale images. All images should have artefacts 

corrected and be normalised. 

3. Calculate clustering variables on the coarse-scale images on a grid defined on the fine-scale 

image (e.g. the grid used for property computation). The geometric transformation to map 

the fine scale grid on the coarse scale images is determined in step 1 from the registration. 

The third step in this method enables regions defined in sub-plugs to be classified based on a 

direct mapping from the plug scale (as in Figure A-20). 

 

Figure A-20. Example of a plug rock typing grid with a registered sub-plug property grid which have been 
rock typed together and subsequently have comparable rock types between scales. 

 

Fine scale images are not used in the rock typing when moving to a coarser scale, but they are still 

used for property computation (where the higher resolution is essential). Properties are typically 

computed on a grid which can be used as the grid for the sub-plug in the third step. Subsequently, 

each property measurement can be associated with a rock type. The grids on the sub-plugs used 

for property computation and the properties themselves were computed previously within this 

program (see Figure A-11). The grid is chosen to give a sufficient number of data points (grid 

locations) while also trying to sample over a representative volume. Unfortunately, for some data 
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points it is likely the sampling volume was smaller than the representative volume (REV) of the 

underlying rock type which may have led to some inaccurate measurements. Here we outline this 

workflow to move sub-plug property measurements to the plug scale on a set of six of the 16 

samples—varying from the homogeneous sample (PU3) to more heterogeneous samples (PU11-

13).  

 

Figure A-21. Slices from plug images and the normalized rock type across the same samples (colour 
mapped).  

 

The rock type maps for the samples are shown in Figure A-21. The images were normalized to 

enable one to correlate rock types across the different images and the subsets of six samples were 

clustered into eight rock types. The colours for each rock type are blended within each cell 

according to the probabilities of the respective rock types before being overlaid on the tomograms 

with transparency (which makes each rock type colour appear paler).   
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The rock type maps from the plug images are directly mapped to the sub-plugs. Permeability was 

computed on the sub-plug images of the samples (via data summarized in Figure A-11) and a plot 

of porosity against permeability of all of this data which has been coloured by the rock types 

(Figure A-21). Permeability data derived on the subplugs (Table A-4 and associated plots) are used 

in the calculation. The permeability can now be predicted at the plug scale using the predicted 

plug porosities and rock types defined for each subvolume within the plug.  

 
Figure A-22. Porosity permeabilty trends for different rock types from image data.  

 
The next step is to combine these values into a single measurement for each plug. Permeability is 

upscaled using a steady state upscaling mechanism which consists of the following steps 

(Durlofsky, 2005): 

1. Populate every grid cell with permeability. 

2. Solve the simplified single phase pressure equation, ∇ ∙ (𝒌∇𝑝) = 0, where 𝒌 is the 

permeability tensor and 𝑝 is pressure. This simplified equation assumes there are no 

source terms and that the fluid and rock are incompressible. The initial conditions for 

solving this equation are: 

 𝑝 = 1  @  𝑥 = 0,   𝑝 = 0 @  𝑥 = 𝐿  

 𝒖 ∙ 𝒏 = (−
1

𝜇
𝒌∇𝑝) ∙ 𝒏 = 0 for all other phases/axis, 

where 𝒖 is the Darcy velocity, 𝒏 is the vector in the direction of flow, 𝑥 is the distance 

along the axis of interest and 𝐿 is the total length of the axis. 

3. From solution, the effective permeability of the whole volume is determined using Darcy’s 

law. 

 

This upscaling process was applied on each plug to upscale permeability both parallel and 

perpendicular to the laminations. The effective permeability is summarized in Table A-6. Strong 
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anisotropy in the permeability is noted in the most strongly laminated samples and a decrease in 

permeability is noted for most samples reflecting the heterogeneity at the larger scales. 

Comparisons with laboratory data give values often between the horizontal and vertical values—

this reflects the choice of plug regions used for laboratory sampling were biased to the most 

homogeneous regions of the core material.  

Table A-6. Upscaled horizontal and vertical permeability results on plug scale, from both experiments and 
the upscaling methodology. 

Sample Kh (mD) Kv(md) 

PU-3 1270 800 

PU-4 300 73 

PU-7 2950 310 

PU-8 1250 190 

PU-11 1500 195 

PU-13 808 89 

 

Upscaling of the SCAL properties was not undertaken at this stage but can be done. As the rock 

typing results only became available in October 2015 the timetable for upscaling all data was 

compressed. A steady-state upscaling routine is available for analysis.  It is hoped that this will be 

undertaken when Subproject 7 is completed.   

 

A.2.4.4 Upscaling to Whole Core Scales: 

An original aim of the upscaled program was to further ‘extrapolate’ both basic (static) and 

saturation-dependent (dynamic) petrophysical properties evaluated at the plug scale to the whole 

core scale. As discussed above an accurate upscaling step requires accurate classification, 

selection and propagation before one can robustly populate properties at the larger scales.  Whole 

core images were acquired during the project and registered as illustrated in Fig. A-23. The image 

quality variation between the whole core data and the plug scale is evident—the voxel resolution 

difference is 15 microns versus 2 mm—a factor >100 in scale and >1,000,000 in volume.  The poor 

quality of these images clearly limits any ability to robustly classify and propagate data and 

therefore does not allow one to accurately predict petrophysical and SCAL properties at that scale. 

In very recent work we have tested improved whole core CT methods (Sheppard, unpublished) to 

robustly identify the sedimentary features and dimensions from the West Wandoan Precipice core 
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material and map these back to plug static and dynamic data. An example of the difference in 

image quality is shown in Fig. A. Clearly the image quality one can achieve at the whole core scale 

can be used in a robust whole core upscaling procedure. This is part of the subject of a forward 

program proposal sent to ANLEC.  

 

 

 
Figure A-23: Comparison of Whole core image acquired from Wandoan core at 30 micron resolution to a 
region acquired via conventional whole core (300 microns in plane and 1mm vertical resolution).  
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A.3 Conclusions 

 

The imaging at multiple scales has revealed the heterogeneity that exists in the Precipice 

sandstone at every scale. Porosity, permeability, and formation resistivity factors have been 

calculated on subplug images of all samples from the PU series. The images acquired have been 

registered between scales. Initial results from a morphology based rock typing have been 

presented and upscaling to plug scales are shown.  Upscaling to whole core scales remains 

problematic due to limited image resolution.  The overall aim of this branch of the program was to 

integrate pore scale derived properties from Subproject 4 to larger (plug/core) scales. The results 

of this program have shown that via 3D imaging one can classify, select and evaluate properties at 

the small plug scales and propagate and upscale the predictions to the plug scale. This method 

would be directly extended if we had access to quality image data at whole core scales. This has 

been shown to be technically feasible and is an area of interest for future R&D programs.  
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B-1. Introduction 

One of the fundamental challenges of reservoir modelling is the ability to populate a simulation 

model with realistic property values over a vast spatial range, in order to limit the uncertainty in 

numerical predictions. Unfortunately, direct measurement of important properties that are 

essential to fully characterise the reservoir are only available on a limited number of core or plug 

samples, at a scale that can be up to ten orders of magnitude smaller than the reservoir. 

Logging data obtained with wireline probes can provide a much greater volume of raw data, at up 

to the metre scale in the lateral directions along the entire length of the well. While well logs 

provide a data set that is unbiased, they typically do not provide direct measurement of reservoir 

properties. Instead, reservoir properties must be inferred from the raw log responses using some 

relationship or regression analysis to integrate the log response with core measurements.  

For example, while reservoir porosity on the log scale can be calculated directly using well logs, 

permeability must be determined by some other means. One of the most common approaches to 

calculate permeability on the log scale is to correlate the porosity and permeability measured at 

the core scale, and then apply that correlation to porosity obtained from the well logs. There are a 

number of limitations to this approach, though. In particular, the need to define a functional 

relationship between porosity and permeability in an a priori fashion can lead to erroneous 

permeability predictions, especially when considering permeability estimates in uncored wells. 

This can result in significant uncertainty in permeability predictions. To reduce uncertainty, and 

improve the robustness of numerical predictions in field-scale simulations, more sophisticated 

approaches than a simple correlation may be necessary. 

In the following, we analyse the available core and log data from the West Wandoan 1 well in the 

Surat Basin. Using a standard linear regression, we show that while porosity calculated using the 

well log response correlates adequately with the core-measured porosity, extension to 

permeability prediction can lead to erroneous results.  

In order to improve the calculation of reservoir properties at the macro scale, we investigate a 

methodology to propagate rock properties at the whole-core scale through to the log scale. To 

begin, a multi-scale segmentation algorithm is developed to provide a consistent and intuitive 

approach to locating the boundaries between rocks of different properties at various length 

scales. We then consider the use of the high-resolution CMI conductance data as a method to 

overcome the disconnect between the whole-core scale CT data that is only available at a limited 

number of locations, and the continuous wireline log data and the log-derived rock types at the 

coarse scale. 
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B-2. West Wandoan 1 wireline log data 

2.1 Log response in the Precipice Formation 

A number of wireline log runs were undertaken in the West Wandoan 1 well, see Appendix B for 

the complete list of logging runs and tools that were used. Log data is provided from a depth of 

635 m to 1294 m, but in the following analysis, only the data located between depths of 1163 m 

and 1237 m, corresponding to the Precipice Formation, is considered in detail. To begin, we 

consider raw, unprocessed logging data. 

The temperature data for the Precipice Formation presented in Figure 1 (i) shows a moderate 

increase in temperature from from 59.8 C at the top of the reservoir to 62.3 C at the base, an 

increase of 2.5 C over 74 m. This figure also presents a linear best fit, which shows that the 

temperature gradient is not uniform throughout the Precipice Formation. The average 

temperature in the Precipice Formation is 61.3 C.  

The gamma ray log is presented in Figure 1 (ii) for two different logging runs (the NMI log and the 

acoustic log). It is clear that the two gamma ray curves are almost coincident, indicating that no 

depth matching of the different logging runs is required. The gamma ray data is useful as an 

indicator for the presence of shales in the reservoir, as shale typically has a larger response to 

radiation than sandstone. Large values of the gamma ray response therefore suggest that there is 

a significant fraction of shales present. The gamma ray data presented in Figure 1 (ii) suggests that 

a thick shale layer could be expected between depths of 1208 m to 1214 m, with thinner deposits 

located in other sections, for example near 1190 m. Moderate shale fraction could also be 

expected in the upper section of the Precipice Formation. However, low values of gamma ray 

present in most other sections of the reservoir suggest that the Precipice Formation is mainly 

comprised of clean sandstones. 

The neutron porosity log presented in Figure 1 (iii) shows irregular deviation over the entire 

reservoir, with predicted porosities of between 15 pu and 29 pu. The mean porosity value given by 

the raw neutron porosity log is 21.4 pu. Note that the raw porosity values have been increased by 

4 pu to correct the apparent underestimate due to the use of a logging tool calibrated for 

limestone but used in the sandstone of the Precipice Formation  

Modest variations in the compensated bulk density are observed throughout the Precipice 

Formation, see Figure 2 (i) where the bulk density is observed to lie between 2.2 g/cm3 and 2.5 

g/cm3, with an average bulk density of 2.3 g/cm3.  

The response from the laterologs are presented in Figure 2 (ii), where both the deep laterolog and 

shallow laterolog raw data is plotted. This resistance data can be used to determine a formation 

resistivity and water saturation. For much of the upper Precipice formation, the shallow and deep 

laterolog show similar variation. However, below approximately 1200 m, the deep laterolog 

response is much greater than the shallow laterolog response, suggesting that this region of the 

reservoir has a large permeability.  
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Figure 1: Log data in the Precipice Formation. (i) Temperature profile (and linear fit); (ii) Gamma ray log; (iii) Neutron 

porosity log. 
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Figure 2: Log data in the Precipice Formation (continued). (i) Compensated density log; (ii) Deep and shallow 

laterologs; (iii) Microresistivity log. 
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The micro-resistance log response, plotted in Figure 2 (iii), is small throughout most of the 

Precipice Formation, aside from a significant spike at a depth of 1208 m. The location of this spike 

corresponds to the location of the maximum gamma ray value in the gamma ray log, which 

suggests that the shales in this region have a much greater resistance to electricital flow. 

Data from the acoustic log is presented in Figure 3 for the compressional wave velocity (Vp), the 

shear wave velocity (Vs), and the Poisson’s ratio 𝜈, which is provided in the data set but which can 

also be calculated from the ratio of Vp and Vs using 

𝜈 =  
1

2

(
𝑉𝑝

𝑉𝑠
)

2

− 2

(
𝑉𝑝

𝑉𝑠
)

2

− 1

. 

 

We now consider derived properties that can be calculated from the raw logging data. To begin, 

the porosity can be calculated from the compensated density log using 

𝜙 =  
𝜌𝑚 − 𝜌𝑏

𝜌𝑚 −  𝜌𝑓
, 

where 𝜌𝑚 = 2.64 g/cm3 is the matrix density, 𝜌𝑏 is the bulk density provided by the compensated 

density log, and 𝜌𝑓 = 1 g/cm3 is the fluid density. Figure 4 (i) compares the porosity measured by 

the neutron porosity log with the porosity derived using the compensated density log. For large 

sections of the reservoir, the two porosity traces are effectively coincident. However, we can 

observe three regions where the neutron porosity is greater than density-derived porosity. The 

first is from the top of the Precipice Formation to a depth of approximately 1176 m, the second 

ranges from a depth of 1190 m to 1194 m, and the third lies between depths of 1208 m and 1214 

m. These results are indicative of the presence of significant shale fractions in these regions,  

which support the observations made from the gamma ray log data presented in Figure 1 (ii). 

In order to reduce the lithology effects described above in both the neutron and compensated 

density logs, the root-mean square of the two porosities can be calculated to provide a true total 

porosity, 𝜙𝑡, which is given by  

𝜙𝑡 =  √
𝜙𝑛

2 + 𝜙𝑑
2

2
, 

where 𝜙𝑛 is the neutron porosity, and 𝜙𝑑 is the density-derived porosity.  

The effective porosity, which does not include the porosity present in the shales, can be calculated 

by subtracting the volume fraction associated with shale using 

𝜙𝑒 = (1 − 𝑉𝑠)𝜙𝑡, 

where 𝑉𝑠 is the shale fraction. 
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Figure 3: Log data in the Precipice Formation (continued): Acoustic logs. (i) Compression wave velocity; (ii) Shear wave 

velocity; (iii) Poisson’s ratio. 
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The shale fraction can be estimated using the raw data presented in the gamma ray log. To 

convert this information to an equivalent shale fraction, several empirical relationships are 

available. Three such empirical relationships are the Stieber formulation (Stieber, 1970) 

𝑉𝑠 =
𝐼𝑔𝑟

3 − 2𝐼𝑔𝑟
, 

the Clavier formulation (Clavier, 1971) 

𝑉𝑠 = 1.7 − (3.38 − (𝐼𝑔𝑟 + 0.7)2)0.5, 

or the Larionov (1969) formulation 

𝑉𝑠 = 0.083 (23.7 𝐼𝑔𝑟 − 1). 

 

Applying these relationship, the shale fraction in the Precipice Formation can be estimated, see 

Figure 4 (ii). In the Precipice Formation, all three empirical relationships provide similar estimates 

of the shale fraction. For much of the reservoir, the estimated shale fraction is less than 10%, 

suggesting that the Precipice is an extremely clean reservoir. The interval with the most significant 

shale fraction is observed at a depth of approximately 1208 m to 1214 m, with shale fractions up 

to 50%. Shale fractions up to 20% are observed at the top of the Precipice Formation, while there 

are some small intervals with higher shale fractions near depths of 1192 m and 1198 m.  

As all shale fraction estimates are similar, we choose to implement the results from the Stieber 

(1970) formulation in the calculation of effective porosity as the shale fraction provided using this 

formulation are approximately the average of the three formulations.  

The effective porosity calculated using the neutron porosity, compensated density, and gamma 

ray logs is presented in Figure 4 (iii). We see that excluding porosity associated with the shale 

volume has lowered the porosity values compared to the raw neutron porosity logs. The mean 

effective porosity in the Precipice Formation is calculated as 19 pu, with a standard deviation of 2 

pu.  

Mechanical properties such as the Young’s modulus and shear modulus can also be calculated 

using the available acoustic log data. The shear modulus, G, which describes the reservoirs 

deformation to a shear stress, is given by 

𝐺 =  𝜌𝑏𝑉𝑝
2 −

4

3
𝑉𝑠

2, 

where 𝑉𝑝is the compression wave velocity, and 𝑉𝑠 is the shear wave velocity. The Young’s modulus 

E can then be calculated using 

𝐸 = 2 𝐺(1 + 𝜈), 

where 𝜈 is Poisson’s ratio. Traces for the Young’s modulus and shear modulus in the Precipice 

Formation are given in Figure 5, where we observe moderate variation over the reservoir. 
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Figure 4: Derived porosity. (i) Neutron porosity and density porosity; (ii) Shale fraction; (iii) Effective (shale-corrected) 

porosity. 
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Figure 5: Derived rock property logs. (i) Young’s modulus; (ii) Shear modulus. 
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2.2 Linear correlation of log properties and core measurements 

Along with the wireline log data presented in the preceding section, a limited amount of measured 

core data was supplied by Weatherford, see Appendix A for details. In this section, we compare 

the log-derived properties against the measured core data, and use this information to predict 

Precipice permeability using a linear correlation between the core and log properties. This analysis 

is standard reservoir practice, and as such little discussion about the methodology will be 

presented.  

2.2.1 Bulk density 

The compensated bulk density wireline log data can be compared to bulk density calculated with 

measured values of porosity and material density from the core samples. Using the measured 

porosity at the core, 𝜙, and the measured grain density of the rock matrix, 𝜌𝑚, the bulk density 

can be calculated using 

𝜌𝑏 = 𝜙𝜌𝑓 + (1 − 𝜙)𝜌𝑚, 

 

where 𝜌𝑓 is the fluid density, which is assumed to be 1 g/cm3 in the Precipice Formation. The bulk 

density calculated using the core data is compared against the compensated density log in Figure 

6. We can observe from this comparison that the calculated bulk density using the core 

measurements is a relatively good match to the trends depicted in the compensated density log. 

In particular, the deviation in core bulk density coincides with the deviation observed in the 

compensated bulk density log, suggesting that the depths are adequately matched. However, the 

bulk density calculated from the core measurements is typically smaller than the bulk density 

given by the compensated density log, with a difference of approximately 0.05 gm/cm3 in most 

locations.  

The bulk density calculated using the core measurements depends on the value of fluid density 

used in the calculation. If a slightly higher value of fluid density was used in the calculation, the 

difference between the two results would decrease, improving the comparison. Unfortunately, as 

no exact value of fluid density was provided, it had to be calculated using the measured 

temperature and estimated pressure. 

A cross-plot of the bulk density measured by the compensated density log and the bulk density 

calculated using the measured core data is presented in Figure 7. The gradient of the linear best fit 

is nearly unity, demonstrating that the trend in log bulk density is captured by the core bulk 

density. However, due to the discrepancy in absolute value noted in Figure 6, the coefficient of 

determination is only R2 = 0.52. As discussed above, this correlation is dependent upon the value 

of fluid density used in the calculation of core bulk density. Increasing the fluid density slightly 

would improve the correlation, and hence increase the value of the coefficient of determination. 

However, as no value of fluid density was provided, the fresh water value was used. 
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Figure 6: Comparison between bulk density log and core-calculated bulk density. 
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Figure 7: Cross-plot of bulk density measured from the log and calculated using core data. 

 

2.2.2 Porosity 

Porosity measured on core samples can be directly compared to the log-derived effective porosity 

presented in Figure 4 (iii), see Figure 8. Like the bulk density, a decent correlation between the 

porosity measured from the core samples and the effective porosity calculated from the wireline 

logs is observed. Despite the core and log porosities following similar trends, however, we find 

that in this case the porosities given by the core measurements are typically one to three porosity 

units greater than the effective porosity calculated using the wireline data. One possible reason 

for the discrepancy is the choice of shale correction used to correct the total porosity measured by 

the wireline logs. An alternative shale correction may result in a closer match.  

A cross-plot of the porosity measured on the core samples and the effective porosity calculated 

using the wireline log data is presented in Figure 9. In this case, the coefficient of determination is 

only R2=0.62, suggesting that the correlation is not perfect. The gradient of the line of best fit is 

greater than unity, which follows from the observation that the core porosity is typically greater 

than the log-derived effective porosity.  



B-12   |  Integration of log and core data 

  

Figure 8: Comparison between porosity measured at the core and effective porosity calculated from well logs. 
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Figure 9: : Cross-plot of porosity measured from the core data and calculated using the log data. 

  

2.2.3 Permeability 

We now consider a linear correlation between the effective porosity calculated using the wireline 

log data, and the permeability measured at the core. A cross-plot of these quantities is presented 

in Figure 10. The linear least-squares fit is also plotted, which shows a moderate correlation 

between the log-derived effective porosity and the core permeability, with a coefficient of 

determination of R2 = 0.62. This correlation enables a continuous permeability curve to be 

constructed using the log-derived effective porosity, see Figure 11. 

However, due to the moderate correlation between the log-derived effective porosity and core 

permeability, we observe only moderate agreement between the continuous permeability 

distribution and the core measurements, see Figure 11. We note that the logarithmic scale of this 

figure supresses the magnitude of the difference between the core measurements and log 

predictions, making the correlation appear better than it actually is.  

Close inspection of Figure 11 shows that the permeability varies from 10-4 md to 108 md. These 

extreme values suggest that the use of a simple linear correlation between log-derived effective 

porosity and permeability measured on core samples is unreliable, and can introduce regions of 

obviously erroneous values. While other corrections may be implemented (e.g, using a different 

shale model), improvements in the correlation between the core measurements and continuous 

log-derived properties is essentially an empirical process, and as such is prone to uncertainty.  This 

limits the usefulness of this simple integration of log and core data, and highlights the need for 

more sophisticated and robust techniques for integrating rock properties measured at the core 

scale to the log scale. 
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Figure 10: Cross-plot of core permeability and log porosity. 
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Figure 11: Permeability calculated using linear correlation and measured core permeability. 
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2.3 Compact micro-imager log 

In addition to the suite of wireline logs presented in the preceding section, a high-resolution 

compact micro-imager (CMI) log was also run. In contrast to the previous logs, where data is 

provided at vertical intervals of 0.1 m, the vertical resolution of the CMI log provides resistivity 

data at intervals of 2 mm. This significant increase in vertical resolution provides a great deal of 

information in the near-well region.  

Traditionally, the data from the CMI logging tool is processed to provide a visual representation of 

the borehole. An example of the images provided by Weatherford for the West Wandoan 1 well is 

given in Figure 12. This image has been processed by normalising the measured values of 

conductance over a sliding window, to highlight local features. These images can be used to 

visualise the complex geology of the reservoir in the near-well region, and are useful to identify 

structural dip, the presence and location of significant faults, and to delineate thin, cross-bedded 

shales and sand regions.  

It can be observed from the example shown in Figure 12  that there was an issue with one of the 

imaging pads on the CMI tool, with poor data observed in seventh image column (corresponding 

to pad 5 on the tool).  

In the subsequent analysis, the processed CMI data is not used to visually define geological 

intervals. Instead, the raw data from the run is extracted, and analysed. An example of the raw 

CMI data is presented in Figure 13 for the top ten metres of the Precipice Formation. Although this 

data has not been processed to highlight the differences between adjacent rock conductivity, we 

can still observe thin intervals of reservoir with significantly differing electrical properties. We can 

also observe that the data from pad 5 is non-existent in this part of the reservoir, as evidenced by 

the nearly blank column of data near the right hand side. 

The CMI tool is run in conjunction with a gamma ray tool, the output of which can be compared to 

the previous logging runs in order to depth match the data from the CMI run with data from 

previous runs. A comparison of the gamma ray log data from the CMI log and the previous logging 

data presented in the preceding section is presented in Figure 14. The two gamma ray traces are 

nearly indistinguishable, suggesting that the depths recorded in each logging run are consistent. As 

a result, no depth matching of the CMI log with the previous wireline logs was performed.  

The measured calliper diameter between opposite image pads (pads 2 and 6, and pads 4 and 8), is 

presented in Figure 15 for depths corresponding to the Precipice Formation. While there is 

variations in the measured diameter, which are due to local borehole conditions impacting on the 

imaging pads, the deviation is less than 0.1 inch (2.54 mm) over the entire Precipice Formation. 

This suggests that the data measured with the CMI tool is not adversely affected by the hole 

conditions. As a result, no corrections to the measured data due to hole conditions was 

implemented. 
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Figure 12: Dynamically-normalised CMI data provided by operator. Darker regions correspond to material that is more 

conductive than the lighter regions. 
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Figure 13: Raw CMI data for the top 10 m of the Precipice Formation. Darker regions correspond to material that is 

more conductive than the lighter regions. 
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Figure 14: Comparison between the gamma ray log from the CMI log and the main West Wandoan log. 
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Figure 15: Calliper diameter between image pads 2 and 6 (blue line), and image pads 4 and 8 (green line). 
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In order to easily use the raw electrical data provided by the CMI log in subsequent analysis, a 

single, averaged conductance trace is necessary, rather than the individual traces provided by the 

CMI tool. In all, there was data available for four sensors on each of eight imaging pads. However, 

pad 5 did not work (as seen in the example data presented in Figure 12 and Figure 13), and pad 1 

worked intermittently. As a result, data from each of these pads was discarded, leaving 24 

individual traces. This remaining data was quality controlled and normalised, so that differences 

between pad voltages could be removed. The resulting traces were extremely similar. For 

example, the scaled output from three of the sensors on three different pads is presented in 

Figure 16 (i). It is apparent that the three traces are extremely similar over the entire reservoir, 

with only small differences in some regions noted. Similar results were obtained for all other 

traces. 

This data shows that the reservoir conductance peaks in the lower Evergreen Formation (from 

depths of approximately 1000 m to 1120 m), which is indicative of the presence of significant shale 

deposits. In contrast, for most of the Precipice Formation, the conductance is extremely small, 

indicative of sand deposits.  

As all pads provided a similar conductance trace in the reservoir, a single, representative 

conductance trace was calculated by taking the horizontal arithmetic mean of each trace, the 

result of which is presented in Figure 16 (ii). This horizontally-averaged CMI data is used in all 

subsequent analysis. The horizontally-averaged CMI data in the Precipice Formation is presented 

in Figure 16 (iii). While the method of averaging can influence the resulting average CMI data, we 

note that for this case, nearly identical results were obtained using other averaging techniques. 

This is due to the relatively small deviations between measured conductance in all traces that 

were used.  
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Figure 16: (i) Raw CMI data from three pads; (ii) Horizontally-averaged CMI data; (iii) Horizontally-averaged CMI data 

in the Precipice Formation. 
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B-3. Multi-scale segmentation of log data 

Well logs exhibit characteristic behaviour over a range of length scales, which must be considered 

in any algorithm aimed at simplifying the representation of the raw log data by rock types with 

averaged or representative properties. The raw log data from the West Wandoan 1 well is 

analysed using a multi-scale transform based on work by Vermeer and Alkemade (1992), which is 

outlined in the following discussion.  

3.1 Multi-scale representation of a signal 

Segmentation of well logs is commonly undertaken by some form of edge detection algorithm to 

determine boundaries between different geological rock types. In order to account for the 

importance of reservoir heterogeneity at every length scale in the reservoir, the raw log data is 

transformed to a scale-space representation using a wavelet transform defined by the convolution 

𝑀(𝑠) =  𝑐(𝜎) ∫ 𝑠(𝜏)𝑔[(𝑡 − 𝜏
∞

−∞

)/𝜎] 𝑑𝜏, 

where 𝜎 is the scale parameter, which determines the level of smoothing of the signal, and 𝑔 is 

the smoothing function. Once the raw log data has been transformed to a scale-space 

representation, edge detection at any scale can be undertaken by descending from coarse scales 

to fine scales by varying 𝜎. Edges are associated with extrema of the first derivative and hence 

with zero crossings of the second derivative. We require that the smoothing function be 

symmetric and have only one extrema located at the origin, as well as requiring that the 

smoothing function does not lead to an increase in the number of zero crossings as the scale 

becomes coarser. The only function that satisfies these requirements is the Gaussian function  

𝑔(𝑡) =  𝑒−𝑡2/2. 

This multi-scale approach to segmentation of the raw well log data is analogous to edge detection 

of images using a Gaussian filter.  

3.2 Multi-scale segmentation of well logs 

Once the raw well log data has been transformed to a scale-space representation, the edges at a 

particular scale, which denote the boundary between different geological features, can be 

determined by locating the zero crossings of the second derivative of the scale-space 

representation. Once the boundaries of different rock types have been located, the properties 

within each rock type can be averaged or upscaled using an appropriate methodology to obtain a 

simplified, segmented or blocked representation of the well log.  
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Figure 17: Multi-scale representation of the gamma ray log at two scales. 
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To illustrate the multi-scale segmentation algorithm, we apply it to the gamma ray log in the 

Precipice Formation, see Figure 17. In this example, we can see that a value of the scale parameter 

𝜎 = 10 provides an extremely smoothed representation of the original gamma ray log data. This 

large degree of smoothing ignores many of the local peaks and troughs in the raw gamma ray log 

data. Decreasing the scale parameter to 𝜎 = 2 markedly increases the complexity of the multi-scale 

representation, with a large number of the local peaks and troughs well represented by the scale-

space transform. 

The location of the boundaries between adjacent geological rock types can be calculated from the 

scale-space representation by taking the second derivative of the scale-space representation and 

locating the points where it crosses zero, see Figure 18 (i). These edges are then used to block the 

scale-space representation of the raw well log data by averaging the gamma ray values within 

each of the calculated rock types to create a step-wise representation of the gamma ray log, see 

Figure 18 (ii). 

This relatively coarse step-wise representation of the gamma ray log data captures the location of 

the large-scale peaks and troughs in the raw data. However, the effects of the coarse smoothing of 

the original gamma ray log data can be observed in several locations, where the step-wise 

representation of the gamma ray log data does not adequately capture the localised variation. For 

example, the large spike in gamma ray log data near a depth of 1208 m is not well represented by 

the blocked description. In this case, the raw gamma ray is over 160 units, while the blocked value 

is only approximately 110 units. This is due to the relatively coarse scale-space representation, 

which averages the large, thin peak near a depth of 1208 m over a much wider range.  

This discrepancy, which can be easily observed visually, will be used to demonstrate a powerful 

multi-scale property of this segmentation algorithm - localised descent to finer scales. In order to 

reduce the error observed near a depth of 1208 m, the scale parameter could be reduced globally. 

While this approach does reduce the error in the vicinity of the large spike in gamma ray near a 

depth of 1208 m, this can result in a dramatic increase in the number of edges, and hence a large 

increase in the number of rock types.  

Instead, the scale parameter can be reduced locally in regions where the segmented model is a 

poor representation of the raw log data (for example, in the vicinity of the large spike in gamma 

ray at a depth of 1208 m), but kept at its coarse value in regions where the blocked model 

provides a good approximation of the raw log data (for example, in the relatively flat region 

between depths of 1220 m and 1225 m).  

This localised descent to finer scales can be achieved programmatically, as the error in each 

segmented block is easily calculated using an appropriate measure such as the sum-of-squares 

difference between the blocked value and the raw log data. An example of localised descent to 

finer scales is presented in Figure 19. 

In this example, the five segments that contribute the greatest error have been selected, and the 

scale parameter reduced in each of these segments to refine the step-wise approximation at these 

locations. If we consider the large spike in gamma ray at a depth of 1208 m, we can see that the 

single block that was originally calculated to represent this region has been divided into three 

thinner segments. By refining this segment into three sub-blocks, a much better representation of 

the original gamma ray log data is obtained, and the overall error in the segmented representation 

is significantly reduced. In this case, the sum-of-squares error between the refined representation  
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Figure 18: Edge locations (zero crossings of second derivative) of multi-scale representation of the gamma ray log 

(represented by dashed vertical lines), and the simplified, blocked representation using these edges. 
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Figure 19: Example of localised descent to finer scales. 



B-28   |  Integration of log and core data 

and the original coarse representation over the entire Precipice is reduced by nearly 30% through 

refinement in only five locations. 

Application of localised descent to finer scales can provide a much better representation of the 

raw log data without dramatically increasing the number of edges that would be necessary with a 

global refinement to smaller scales. The use of localised descent to finer scales results in a 

segmented approximation of the well log data at several levels of scale parameter, from coarse 

values in regions where the raw well log data doesn’t vary greatly, to smaller values in regions 

where the raw well log data exhibits large deviations.  

An additional property of this multi-scale segmentation algorithm is that localised descent to finer 

scales only adds new edges – it never results in the deletion of edges that were originally 

determined at the coarse scale. This is an important feature for propagating material properties 

from small scales up to reservoir scales because each refined segment can be thought of as a child 

of a coarser parental segment. This provides a consistent process for scaling properties at the fine 

scale to the coarse scale as each individual fine-scale rock type can only belong to a single coarse-

scale rock type.  
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B-4. Log-derived rock classification 

A horizontally-layered model of the Precipice formation at the wireline log scale can be created 

using clustering methods based on only the raw log responses. To classify electroclasses (Curtis, 

2015) based on the log response, a hierarchical clustering algorithm (Ward, 1963) was 

implemented using raw log data from the gamma ray log, neutron porosity log, density log, 

shallow and deep laterologs, spontaneous potential log, microresistivity log, photoelectric log, and 

the acoustic logs. To determine an appropriate number of distinct electroclasses, the number of 

clusters was varied and the sum-of-squares error was calculated. As shown in Figure 20, the 

(normalised) error generally decreases with increasing number of clusters, as expected. Above 

approximately 11 clusters, however, the rate of decrease in error slows, suggesting that 11 

clusters is an optimal choice, and that increasing the number of clusters (and hence the number of 

electroclasses) beyond this does not markedly improve the results (in the sense that the sum-of-

squares error measure does not markedly decrease past this number of clusters). 

 

Figure 20: Normalised sum-of-squares error vs number of clusters in log-based classification. 

 

As a result, we choose to use 11 clusters to delineate the Precipice formation into distinct 

electroclasses.  In each electroclass, mean values for each log response are assigned, resulting in 

step-wise approximations for each log, see Figure 21. Mean values for each of the log responses 

for each electroclass are presented in Table 1. 

The results presented in Figure 21 show that the classification of the raw wireline log data into 11 

electroclasses captures a significant portion of the variability in log response, with errors between 

the averaged response and raw log response most visible in the shallow and deep laterologs in the 

region from approximately 1176m to 1200m. For most of the other logs, the average log values 

obtained by clustering the log data provides a reasonable representation of the raw log data. If 

required, the error can be modestly reduced by increasing the number of electroclasses. 
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Figure 21: Electroclass representation of well logs. Green lines are raw log data. Blue lines are electroclasses.  

 

 

 

 

 

 

Table 1: Average log properties in each electroclass. 

ELECTROCLASS GAMMA RAY NEUTRON POROSITY DENSITY SHALLOW DEEP LATEROLOG 
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 (%) (G/CM3) LATEROLOG  

1 38.6 18.6 2.32 7.2 47.1 

2 73.3 19.7 2.38 8.6 41.5 

3 46.5 19.2 2.34 31.8 94.5 

4 31.8 15.8 2.33 60.6 182.0 

5 29.9 17.4 2.32 132.2 210.1 

6 61.3 20.2 2.35 154.9 329.4 

7 36.8 14.7 2.31 37.3 235.8 

8 24.5 16.8 2.44 82.7 133.5 

9 98.3 19.4 2.34 105.9 220.6 

10 61.6 17.5 2.37 78.5 282.6 

11 22.8 18.5 2.25 31.3 207.4 

      

ELECTROCLASS SPONTANEOUS 
POTENTIAL 

MICRORESISTIVITY 

 

PHOTOELECTRIC 

 

Vp VS 

 

1 -194.4 1.4 1.81 12512 7449 

2 -232.1 2.2 1.87 12624 7480 

3 -240.8 1.5 1.88 12955 7696 

4 -257.5 1.5 1.79 13353 7940 

5 -253.4 1.4 1.80 12860 7619 

6 -252.5 1.7 1.88 12608 7417 

7 -254.7 1.8 1.79 13382 8115 

8 -256.2 1.3 1.77 12924 7638 

9 -255.3 5.6 1.97 13280 7578 

10 -242.7 1.7 1.88 12957 7824 

11 -261.2 1.2 1.77 12463 6756 

 

A graphical representation of the electroclasses in the Precipice formation is presented in Figure 

22. It is immediately apparent that the classification of the Precipice formation into electroclasses 

features several rocks of up to 9m thickness, interspersed with rock types that are only 2m to 3m 

thick. This is particularly noticeable at depths between approximately 1198m to 1221m, 

highlighting that the geology varies significantly in this region. 
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Figure 22: Graphical representation of the electroclasses in the Precipice formation. Each colour corresponds to a 

different rock type or electroclass. 
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B-5. Propagating rock types from whole-core to log 
scale 

5.1 Whole-core CT 

One of the fundamental challenges in propagating rock properties from the whole-core scale up to 

the log scale is the limited availability of data at the whole-core scale. While wireline logs provide 

a continuous data source along the entire length of the well, data at the whole-core scale is 

typically available at only a limited number of locations along the reservoir. Therefore, in order to 

obtain rock properties along the entire reservoir at the log scale, some form of statistical 

regression or correlation is required. 

Approximately six metres of whole-core CT image data was provided for the Precipice Formation. 

The depths of these individual data sets is presented in Table 2. Each approximate metre of whole-

core CT data was labelled individually as denoted in Table 2, despite the data provided by CT2 and 

CT3, and the data given in CT5 and CT6 forming continuous two metre whole-core CT intervals.  

 

Table 2:  Location of whole-core CT data. 

WHOLE-CORE CT DEPTH AT TOP (M) DEPTH AT BASE (M) 

CT1 1195.29 1196.24 

CT2 1216.96 1217.9 

CT3 1216.0 1216.96 

CT4 1174.33 1175.2 

CT5 1164.0 1165.0 

CT6 1163.0 1164.0 

 

One of the main goals of this part of the project was to develop a reliable and consistent approach 

to propagating rock types from the whole-core scale up to the much coarser log scale. In the 

following discussion, we present work towards this goal, and demonstrate how the high-resolution 

CMI data may be used to bridge the large scale difference between properties at the whole-core 

scale and properties at the log scale.  

5.1.1 CT1 

To begin, we first illustrate the significant disparity between the whole-core scale and the 

traditional wireline log scale using the whole-core CT data from CT1. A vertical slice through the 

centre of the whole-core CT data for CT1 is presented in Figure 23. Numerous thin laminations are 

visible in this image, and regions of significantly different porosity are observed, with rapid 

transitions from rock types observed throughout the sample. These features are often at scales of 

less than 1cm.  
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Also presented in Figure 23 is the gamma ray log data for this one metre interval. At this scale, 

there is only a small variation in the measured gamma ray, and data is only available at 10cm 

intervals, well above the length scale of the features observed in the whole-core CT image.  

Furthermore, the mean gamma ray of the log-derived electroclass is also given (red line). This 

comparison highlights the significant difference in scale between the whole-core CT data and the 

wireline log data and the issue with propagating rock types identified at the core scale to the log 

scale. Rock types at the core scale may be less than 1cm in size, but rock types identified using log-

derived eloctroclasses are typically more than 1m in scale. In this example, all of the features 

identified in the whole-core CT data for CT1 would be associated with only a single log-derived 

electroclass at the log scale. Consequently, all of the information at the core scale will be averaged 

immediately, which can significantly reduce the reliability of rock properties at larger length scales. 

 

 

Figure 23: CT1 (depth 1195.29 m to 1196.24 m): (i) vertical slice through whole-core CT image; (ii) Gamma ray log data 

(blue line), and segmented electroclass (red line). 
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In order to bridge the large scale differential between the core and log scales, we use the CMI data 

as an intermediary data set, due to the significantly higher vertical resolution available. For the 

CT1 dataset, a comparison between the raw CMI data and the whole-core CT image is presented in 

Figure 24. It is clear that sharp transitions between adjacent rocks can be identified in the CMI 

data, at length scales comparable to the features identified visually in the whole-core CT image.  

 

 

Figure 24: Raw CMI image log data compared to whole-core image for CT1 (depth 1195.29 m to 1196.24 m). 

 

Rather than rely on visual comparison between features observed in the whole-core CT images 

and the raw CMI data, we shall use the multi-scale segmentation algorithm developed earlier to 

delineate the boundaries between different rock types for both the whole-core CT image data and 

the CMI data.  

As no high-quality rock property data is available at the whole-core scale, we shall demonstrate 

the methodology using the x-ray attenuation as a proxy for other, more useful, rock properties as 

this is all that is available. To simplify the comparison, we consider the horizontally-averaged x-ray 

attenuation and the horizontally-averaged CMI conductance.  

In Figure 25 (i), the horizontally-averaged x-ray attenuation is overlayed on a vertical slice of the 

whole-core CT image. The multi-scale segmentation algorithm is applied to this horizontally-

averaged attenuation trace, the result of which is presented in Figure 25 (ii). We see that the 

segmentation algorithm adequately determines the location of boundaries between different rock 

types in this interval. Boundaries are observed at many of the locations where there is an obvious 

visible transition from light to dark regions, which correspond to regions where the porosity of the 

rock changes abruptly.  
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The horizontally-averaged CMI data is also presented in Figure 25 (iii). While it is apparent that the 

vertical resolution of this data is much lower than the resolution of the x-ray attenuation, 

significant and rapid changes in CMI conductance is observed, in contrast to the gamma ray data 

presented in Figure 23. The multi-scale segmentation algorithm is then applied to the horizontally-

averaged CMI conductance, see Figure 25 (iv). When compared to the segmented x-ray 

attenuation results, we observe that a similar number of boundaries have been identified using 

the CMI conductance. The boundaries identified using the multi-scale algorithm and the 

horizontally-averaged CMI conductance also typically coincide with rock types visible in the whole-

core CT image, although several noticeable boundaries are not identified using the CMI 

conductance. In these cases, the vertical scale of the rock types may be less than the resolution of 

the CMI tool, in which case these small features can not be resolved.  

 

 

Figure 25: CT1: (i) Horizontally-averaged attenuation; (ii) Segmented attenuation; (iii) Averaged CMI; (iv) Segmented 

CMI. 

 

Importantly, however, is the fact that there is a comparable number of rock types observed using 

the CMI data. This is in stark contrast to the traditional wireline log data, where only a single log-

derived electroclass could be identified in this interval. This is an essential component of the 

workflow to propagate rock properties from the whole-core scale up to the wireline log scale. 

5.1.2 CT2 and CT3 

A continuous two metre section of whole-core data is available by combining the CT2 andCT3 data 

sets (in this case, the CT3 data is the shallower data set). In Figure 26 and Figure 27, the raw CMI 

conductance data is displayed alongside a vertical slice of the whole-core x-ray CT data for CT2 and 

CT3, respectively. Like the CT1 data set, both the CMI conductance and x-ray attenuation images 

show regions of differing rock types, with thin laminations observed in both cases. The x-ray 
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attenuation images also highlight the rapid transition from rock types with relatively high porosity 

to rock types of relatively low porosity. 
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Figure 26: Raw CMI image log data compared to whole-core image for CT2 (depth 1216.96 m to 1217.9 m). 

 

Figure 27: Raw CMI image log data compared to whole-core image for CT3 (depth 1216.0 m to 1216.96 m). 

 



 

Integration of log and core data  | B-39 

In an identical fashion to CT1, the horizontally-averaged x-ray attenuation is plotted atop the x-ray 

attenuation image in Figure 28 (i). To determine the location of individual rock types, the multi-

scale segmentation algorithm is applied to the average x-ray attenuation, see Figure 28 (ii). Again, 

the boundaries between adjacent rock types determined by the multi-scale segmentation 

algorithm show good agreement with those that can be located visually, demonstrating the 

applicability of the multi-scale segmentation algorithm.  

 

 

Figure 28: CT2 and CT3: (i) Horizontally-averaged attenuation; (ii) Segmented attenuation; (iii) Averaged CMI; (iv) 

Segmented CMI. 

The horizontally-averaged CMI conductance data corresponding to the interval containing the CT2 

and CT3 data sets is also plotted in Figure 28 (iii), and the segmented representation is shown in 

Figure 28 (iv). As for the CT1 data set, a comparable number of rock types of comparable thickness 

is predicted using the CMI conductance data, with good agreement between the predicted 

boundary locations and those that can be observed in the x-ray attenuation. 

5.1.3 CT4 

The raw CMI data and a vertical slice through the whole-core CT data for the CT4 data set are 

shown in Figure 29. In contrast to the two previous cases, this data is relatively homogeneous at 

this length scale, with little visible differences in large sections of this interval.  

This observation is supported by plotting the horizontally-averaged x-ray attenuation in this data 

set, as shown in Figure 30 (i). Unlike the previous cases, there is little deviation in much of the 

sample. Applying the multi-scale segmentation algorithm to this data, we find that comparatively 

few rock types are predicted, in contrast to the previous cases. In fact, the top half could 

realistically be considered as a single rock type with little increase in error.  
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Figure 29: Raw CMI image log data compared to whole-core image for CT4 (depth 1174.33 m to 1175.2 m). 

 

Similarly, the horizontally-averaged CMI data corresponding to this section varies slowly, see 

Figure 30 (iii), and the segmented representation contains fewer rock types than the other cases, 

with comparatively many thick rock types.  
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Figure 30: CT4: (i) Horizontally-averaged attenuation; (ii) Segmented attenuation; (iii) Averaged CMI; (iv) Segmented 

CMI. 

 

5.1.4 CT5 and CT6 

For completeness, analogous results for the CT5 and CT6 are presented in Figure 31, Figure 32 and 

Figure 33. Like the previous cases, we find that application of the multi-scale segmentation 

algorithm to the CMI conductance produces a comparable number of rock types as to the case 

where the x-ray attenuation is used. 
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Figure 31: Raw CMI image log data compared to whole-core image for CT5 (depth 1164.0 m to 1165.0 m). 

 

Figure 32: Raw CMI image log data compared to whole-core image for CT6 (depth 1163.0 m to 1164.0 m). 

 



 

Integration of log and core data  | B-43 

 

Figure 33: CT5 and CT6: (i) Horizontally-averaged attenuation; (ii) Segmented attenuation; (iii) Averaged CMI; (iv) 

Segmented CMI. 

 

5.2 Workflow to propagate rock types 

In the preceding section, it was shown that the high-resolution CMI data could be used to identify 

boundaries between adjacent rock types at a comparable scale to the x-ray attenuation. This is in 

contrast to the normal wireline log data, whose resolution was observed to be insufficient to 

determine boundaries between rock types at the whole-core scale. Consequently, we propose a 

workflow that uses the high-resolution CMI data to effectively bridge the disconnect in length 

scales from rock types at the whole-core scale to those at the log scale. 

When propagating rock types from a small length scale to a much larger one, some form of 

upscaling or averaging of properties is required. By definition, this results in a loss of information, 

as the detailed description at the whole-core scale, where rock types may vary on the centimetre 

scale, is transferred to a much coarser description of the reservoir at the log scale, where 

individual rock types may vary on the metre scale. This is further complicated by the fact that 

detailed information at the whole-core scale may only be available at a limited number of 

locations, requiring the use of statistical methods to populate the rock properties at the log scale.  

This presents a challenge using traditional wireline logging tools, which have a vertical resolution 

that is too coarse to effectively identify rock types at the whole-core scale. An example of this was 

presented in Figure 23, where only a single log-derived electroclass or rock type was identified in 

the entire whole-core interval. Therefore, in order to integrate rock types at the whole-core scale 

to the log-derived electroclasses at the log scale, all of the information at each whole-core location 

would need to be immediately upscaled. Consequently, all of the localised detail at the whole-core 

scale is discarded. 



B-44   |  Integration of log and core data 

While this may be an acceptable practice at the locations of the whole-core data (provided a 

suitable upscaling method is used to preserve the required characteristics), it poses a significant 

problem in the regions where no whole-core data is available for a log-derived rock type. In these 

areas, which may be the majority of the log-derived rock types due to the typically limited number 

of locations where detailed whole-core data is available, statistical methods must be used to 

populate the unknown rock types through correlation. Unfortunately, the majority of the 

information at the whole-core scale was discarded through the application of upscaling before the 

correlation step. The consequence of this is that the statistical correlation must be performed 

using only a small subset of the original information, which can significantly reduce the reliability 

or robustness of the statistical analysis, and increase the uncertainty in subsequent reservoir 

modelling. 

Ideally, the statistical correlation would be performed prior to any upscaling, so that all available 

information at the whole-core scale could be propagated throughout the entire reservoir, 

resulting in a continuous model of the geology at the whole-core scale. This detailed description 

can then be upscaled to the log-derived electroclasses using an appropriate methodology. In this 

case, information is only discarded through upscaling after it has been used to create a continuous 

statistical description of the entire reservoir.  

In order to achieve this goal, the high-resolution CMI data is used as an intermediate data source. 

Starting with the log-scale reservoir description provided by the log-derived electroclasses, each 

electroclass can be divided into numerous rock types at successively smaller scales using the multi-

scale segmentation algorithm, right down to a scale comparable to the whole-core description of 

the rock types. Examples of this were presented in the preceding section, where it was found that 

the multi-scale segmentation of the CMI conductance data provided rock types of comparable 

scale to the whole-core rock type characterisation. However, unlike the whole-core derived rock 

types, the rock types determined using the CMI data are available along the entire length of the 

reservoir.  

Following this, the rock properties available at the selected whole-core locations can be populated 

throughout the entire reservoir using a statistical regression with the continuous whole-core scale 

rock types determined using the CMI data.  

As each whole-core scale rock type identified using the multi-scale segmentation algorithm is a 

child of a single log-derived electroclass (which follows from the fact that no boundaries are 

destroyed as the signal is locally refined using this algorithm), rock properties can be easily 

upscaled by coarsening the CMI data using upscaling techniques appropriate for the problem, 

which depends on what properties are to be preserved. 

A summary of this proposed workflow is presented below: 

1. Define electroclasses at the log-scale; 

2. Using this description as the initial description, use the multi-scale algorithm and the high-

resolution CMI data to subdivide each electroclass into a number of rock types at a scale 

comparable to the whole-core rock types; 

3. Correlate the known whole-core scale rock types to the CMI rock types, resulting in a 

continuous whole-core scale description of the reservoir; 



 

Integration of log and core data  | B-45 

4. Upscale relevant rock properties from the whole-core scale CMI rock types to the original 

electroclass scale, using the fact that each whole-core scale CMI rock type belongs to a 

single log-derived electroclass. 

 

5.3 Example of propagation workflow 

Although no high-quality whole-core rock properties are available, it is instructive to illustrate this 

proposed workflow using a synthetic reservoir model. In this example, a permeability curve is 

generated using the horizontally-averaged x-ray attenuation data for the whole-core data sets as 

follows: 

1. First, the horizontally-averaged x-ray attenuation is used to generate a porosity curve in 

the whole-core regions using the following transform: 

 𝜙 =  0.05 +   0.3 ∗  tanh (
𝑥−𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥−𝑥𝑚𝑖𝑛
); 

2. A synthetic permeability curve is then constructed in these regions using a simple linear 

regression between porosity and permeability 

𝑙𝑜𝑔10(𝑘) =  16.1𝜙 − 2.7; 

3. The permeability curve is then segmented using the multi-scale segmentation algorithm in 

an identical fashion to the horizontally-averaged x-ray attenuation curve in Section 5.1; 

4. The permeability is then correlated to the segmented CMI conductance data using a simple 

non-linear regression 

𝑙𝑜𝑔10(𝑘) =  0.09 − 6.63 𝑥𝑐𝑚𝑖 , 

where 𝑥𝑐𝑚𝑖  is the value of the CMI conductance in that segment. A small amount of 

random noise is added to perturb the synthetic permeability trace; 

5. The continuous permeability distribution is then upscaled to the coarse, log-derived 

electroclass representation of the reservoir. For simplicity, horizontal permeability is 

averaged using the arithmetic mean, while vertical permeability is averaged using the 

harmonic mean.  

 

This process is illustrated in Figure 34. Using the synthetic permeability calculated in the 

whole-core sections (the shaded regions in Figure 34 (i)), a continuous synthetic permeability 

curve has been generated along the entire Precipice Formation using the correlation between 

the segmented synthetic permeability and segmented CMI data (the comparison is nearly 

identical to the comparison between x-ray attenuation and CMI conductance presented for 

each of the whole-core data sets presented in Section 5.1. 
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Figure 34: Example of propagating permeability from the whole-core scale to the coarse log scale. (i) Synthetic 

permeability trace. The shaded regions indicate the location of the whole-core data; (ii) The vertical and horizontal 

permeability at an intermediate resolution; (iii) The vertical and horizontal permeability at the electroclass scale. Also 

shown are the arithmetic and harmonic means of the raw permeability data (dashed lines). 
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The CMI data can be coarsened to any level up to the electroclass representation using the multi-

scale segmentation algorithm to provide rock properties at any intermediate scale. An example of 

this is shown in Figure 34 (ii). In this example, the horizontal and vertical permeabilities in each 

segment are calculated using the arithmetic and harmonic means, respectively. As expected, we 

see that the horizontal permeability is typically several orders of magnitude larger than the 

vertical permeability.  

This coarsening can be continued to the log-derived electroclass scale, see Figure 34 (iii). At this 

scale, we note that much of the vertical variation in permeability has been averaged out, as 

expected, although significant deviations between successive rock types can still be observed. Also 

shown are the arithmetic and harmonic means of the raw, whole-core scale permeability data. As 

expected for this synthetic example, the upscaled horizontal and vertical permeabilities at the log 

scale closely match the true average permeabilities. In fact, if the log-scale permeabilities 

presented in Figure 34 (iii) are averaged to provide a single value for permeability, the error 

introduced in the upscaling using the CMI data is only 12% for the horizontal permeability and 17% 

for the vertical permeability. We expect that the methodology would provide reasonable results 

for this synthetic case, as much of the uncertainty is removed during the construction of the 

synthetic permeability curve.  

It is illustrative to also consider the case where no CMI data is available, in which case the rock 

properties must be upscaled before regression is used to propagate the properties throughout the 

reservoir’s height. Results from this approach are presented in Figure 35. In this case, using the 

same synthetic permeability curve but without using the CMI data to propagate the rock types 

results in dramatically different permeabilities in the electroclasses, cf. Figure 35 (ii) and (iii). Most 

strikingly, the coarse permeabilities calculated by upscaling to the log-scale before regression to 

fill the unknown permeabilities significantly reduces variation in the permeability values (at the 

plotted scale the differences are imperceptible). This is a direct consequence of discarding 

information at the whole-core scale before regression. In this case, the upscaled permeabilities do 

not capture the vertical variability, and have introduced significant differences compared to the 

true average values. In fact, both the horizontal and vertical permeabilities predicted in this case 

are nearly one order of magnitude different than the average values. 
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Figure 35: Example of propagating permeability from the whole-core scale to the coarse log scale. (i) Synthetic 

permeability trace. The shaded regions indicate the location of the whole-core data; (ii) The vertical and horizontal 

permeability at the electroclass scale using the CMI data to upscale; (iii) The vertical and horizontal permeability at the 

electroclass scale when no CMI data is available. Also shown are the arithmetic and harmonic means of the raw 

permeability data (dashed lines). 
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B-6. Summary 

The ability of propagate petrophysical properties at several scales is essential during construction 

of computational models. The use of reliable and robust techniques can limit the uncertainty in 

numerical simulations, and hence the uncertainty in predictions obtained. Traditional regression 

analysis of the wireline log data for the West Wandoan 1 well to develop a permeability model of 

the Precipice Formation was shown to lead to spurious predictions at the log-scale, as evidenced 

by the extreme permeability values calculated in several locations. The uncertainty in this 

approach is primarily due to the small number of single property values that can be measured on 

core samples, and the lack of reliable methods to to propagate these rock properties to larger 

scales. 

A goal of this project was to reduce the uncertainty in integrating rock properties from the core 

scale to the log scale. To this end, a workflow for a consistent, unbiased approach for propagating 

rock properties at the core scale to the log scale was presented. A multi-scale segmentation 

algorithm was described. Importantly, this algorithm was shown to be capable of refining a coarse-

scale description of the reservoir in a consistent fashion, with new edges found as each segment is 

locally refined, but no edges destroyed. This provides an intuitive approach for scaling fine-scale 

features back up to the coarser scale, as each fine-scale feature belongs to a single coarse-scale 

segment. 

It was then shown that the raw high-resolution CMI conductance could be used to successfully 

identify boundaries in adjacent rock types at the whole-core scale, providing a means for 

generating a continuous, core-scale description of the reservoir, in stark contrast to the limited 

whole-core CT data. 

Using a synthetic example due to the unavailability of whole-core data of sufficient quality, the 

workflow was illustrated and compared to the case where no high-resolution CMI data was 

available. In this comparison, the use of CMI data as an intermediate step was shown to preserve 

the variability and average of the permeability as it was coarsened from a whole-core scale curve 

to a log-scale electroclass description of the rock types.  

Further testing of this approach is required once high-quality whole-core rock property data can 

be calculated. In particular, it remains to be seen how well the CMI conductance data can be 

correlated to the whole-core rock property data, and how much uncertainty may be introduced in 

this step. 
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Appendix A  Core data 

Core data used in the simple core-log integration analysis was supplied by Weatherford, and is 

summarised in Table A.1. 

Apx Table A.1 Core data supplied by Weatherford. 

SAMPLE DEPTH 

(M) 

POROSITY 

(%) 

GRAIN DENSITY 

(G/CM3) 

PERMEABILITY 

(MD) 

P2 1168.0 20.2 2.63 11.3 

P3 1170.0 14.3 2.61 0.2 

P5 1174.0 16.2 2.64 2.42 

P6 1176.0 22.5 2.64 487 

P7 1178.23 18.6 2.64 194 

P8 1180.38 18.6 2.64 198 

P9 1182.0 19.3 2.64 64 

P10 1184.0 23.7 2.64 2039 

P11 186.0 22.9 2.64 2181 

P12 1188.0 22.6 2.64 2714 

P13 1190.2 22.1 2.64 1593 

P14 1192.0 21.9 2.64 347 

P15 1194.0 21.9 2.64 2040 

P17 1200.0 22.9 2.64 1050 

P19 1204.0 17.3 2.63 126 

P20 1206.0 23.0 2.63 2644 

P21 1207.88 13.6 2.62 0.14 

P22 1210.0 22.2 2.64 238 

P23 1212.0 16.5 2.65 6.8 

P24 1214.0 17.2 2.64 416 

P28 1224.9 23.7 2.64 4141 

P29 1227.0 22.1 2.65 988 

P30 1229.1 24.2 2.65 5895 

P31 1231.0 21.3 2.64 2154 

P32 1233.1 21.8 2.64 1680 

P33 1235.0 22.6 2.65 1001 
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Appendix B  Log data 

The full list of wireline logs taken in the West Wandoan 1 well is presented in Table B1. 

Apx Table B.1 List of wireline logs. 

OPERATOR TYPE LAS FILE NAME 

Weatherford Density-neutron, PE Run 1 - CTSCo_WEST_WANDOAN_1_MPD_MDN_CXD_MAINLOG 

Weatherford Density-neutron, PE  

Weatherford Compact cross dipole  

Weatherford Hole volume  

Weatherford VpVs Run 1 - CTSCo_WEST_WANDOAN_1_CXD_Semblance_38_254 

Weatherford Density-neutron, PE Run 2.1 - CTSCo_WEST_WANDOAN_1_MPD_MDN_MAIN 

Weatherford Density-neutron, PE  

Weatherford Compact cross dipole Run 2.1 - CTSCo_WEST_WANDOAN_1_CXD 

Weatherford Hole volume  

Weatherford Verticality analysis Run 2.1 - CTSCo_WEST_WANDOAN_1_VERT 

Weatherford CMI image log Run 2.1 - CTSCo_WEST_WANDOAN_1_CMI 

Weatherford VpVs Run 2.1 - CTSCo_WEST_WANDOAN_1_CXD_Semblance_DTS_260_712 

Coal Seam Wireline Borehole caliper survey Run 2.2 - CTSCo_WEST_WANDOAN_1_3ARM_CALIPER_1cm 

Coal Seam Wireline Deviation survey  

Weatherford Resistivity, density-neutron Run 3 - CTSCo_WEST_WANDOAN_1_MAIN 

Weatherford Resistivity, density-neutron  

Weatherford Compact cross dipole Run 3 - CTSCo_WEST_WANDOAN_1_CXD_Semblance 

Weatherford CMI image log Run 3 - CTSCo_WEST_WANDOAN_1_CMI_Run7 

Weatherford Hole volume Run 3 - CTSCo_WEST_WANDOAN_1_MAIN 

Weatherford MFT Run 4 - CTSCo_WEST_WANDOAN_1_MFT_LAS 
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C.1 Introduction 

With the availability of three-dimensional imaging techniques such as micro x-ray computed 

tomography (µ-CT) it is becoming common practice to determine fluid flow properties in reservoir 

and aquifer rocks through direct image-based simulation (Bell 2001; Turner et al. 2004; Blunt et al. 

2013; Riepe et al. 2011). In µ-CT imaging, field of view and image resolution are directly related 

through the number of voxels in each dimension in the reconstructed tomogram (Sakellariou et al. 

2004). Lower resolution images provide greater sample coverage and capture more sample 

heterogeneity, but do not adequately represent the pore structure and cannot be used for direct 

permeability computation. On the other hand, images with higher resolution permitting direct 

computation of fluid flow properties, have correspondingly smaller fields of view. These small 

images, though high in resolution, only cover a representative volume for the most homogenous 

rocks and are very different in scale from core plugs used in conventional experiments. 

 

Several authors have shown that absolute and relative permeability, both key petrophysical 

parameters, are strongly dependent on pore space geometry (Doyen 1988; Fredrich, Greaves, and 

Martin 1993; Pape, Clauser, and Iffland 1999) therefore, reliable simulation results can only be 

achieved from images that accurately represent all major flow paths within the rock’s pore space. 

This work focuses on developing a workflow to predict and map absolute permeability variations 

over the large fields of view obtainable from lower resolution tomographic images, such as images 

of whole core samples.  The approach is based on statistical correlations between low-resolution 

characteristics and high-resolution computed permeability. Such a permeability map can 

ultimately be used as input for permeability upscaling at the whole core scale and beyond. Multi-

phase transport properties will be the subject of future work. 

C.1.1 Image Resolution and Property Computation 

Figure C-1 is a qualitative diagram showing the theoretical effect of image resolution on phase 

proportions and the ability to compute absolute permeability. Consider a two-component system 

comprising one solid phase (grains) and one air phase (pores). With modern 3D scanning systems 

achieving micron- and nanometer-scale imaging resolution (Metz et al. 2009; Varslot et al. 2010; 

Cnudde and Boone 2013) the two components are well differentiated and a histogram of gray 

scale intensities shows only two peaks, one gray scale value for each component. As image 

resolution decreases (e.g. for imaging larger fields of view), an increasing fraction of the voxels lie 

on the surfaces between grain and pores and thus take intermediate gray-scale values, since the 
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volume sampled by those voxels includes both grain and pore (the ‘partial volume effect’). With a 

further decrease in image resolution the proportion of intermediate gray scale voxels increases 

and the proportions of voxels representing the original two components decrease. At some pore 

size dependent resolution the interconnections within the pore space (i.e. pore throats) start to be 

represented by intermediate gray scale values and direct transport modeling becomes 

impossible.  Extracting information from images in this regime, where transport pathways cease to 

be fully resolved, is the focus of this work.  

 

At even lower resolution, the spatial averaging associated with each voxel covers such a large 

volume that all geometric information is lost.  It is normally considered that medical CT scanning, 

with a resolution of around 500µm/voxel, falls into this last category. With a complete absence of 

geometric information, CT scanning of core is not used to predict permeability, and it seems most 

unlikely that worthwhile information for predicting transport properties could be extracted. 

 

Peng et al. (2012) study the effect of µ-CT image resolution on quantifying porosity, pore size, and 

hydraulic radius of a Berea Sandstone sample. Their comparison of mercury injection porosimetry 

(MIP) data and data obtained from low- and high-resolution images (12.7 and 0.35µm/voxel 

respectively) indicate that the low-resolution image overestimates pore size relative to the high-

resolution data, which is comparable to the MIP result. 

Archie (1942) described the formation resistivity factor (𝐹) of porous material in terms of its 

porosity (𝜙) and the cementation exponent (𝑚) with the equation 𝐹 = 𝜙−𝑚.  Berg (2012) and 

Zhang and Knackstedt (1995) evaluate electrical conductance and highlight the importance of pore 

geometry and flow path tortuosity. Here we compute the formation factor by numerically solving 

Laplace’s equation using a finite element or finite difference formulation to solve for the potential 

in an applied electrical field. Arns et al. (2001) investigate the effects of image resolution and 

associated discretization (segmentation) errors, such as poor representation of pore geometry, on 

the computation of electrical conductivity. For a single sample represented by a range of image 

resolutions, they observed systematic over-estimation of formation factor with decreasing image 

resolution.  
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FigureC-1: The effect of image resolution on phase identification. High-resolution images resolve pore 
space geometry with high fidelity while at low resolution pores are represented partially or completely by 
intermediate gray scale values. 

 

Archie (1942) described the formation resistivity factor (𝐹) of porous material in terms of its 

porosity (𝜙) and the cementation exponent (𝑚) with the equation 𝐹 = 𝜙−𝑚.  Berg (2012) and 

Zhang and Knackstedt (1995) evaluate electrical conductance and highlight the importance of pore 

geometry and flow path tortuosity. Here we compute the formation factor by numerically solving 

Laplace’s equation using a finite element or finite difference formulation to solve for the potential 

in an applied electrical field. Arns et al. (2001) investigate the effects of image resolution and 

associated discretization (segmentation) errors, such as poor representation of pore geometry, on 

the computation of electrical conductivity. For a single sample represented by a range of image 

resolutions, they observed systematic over-estimation of formation factor with decreasing image 

resolution.  

Permeability simulations in this study are based on the Lattice-Boltzmann method for solving the 

Navier-Stokes flow equation, where the fluid is represented as generalized particles (Arns et al. 

2004) and placed under a pressure gradient by a body force throughout the volume (Ferréol and 

Rothman 1995), or by constant-pressure boundary conditions. Martys et al. (1999) were among 

the first to identify the need for sufficient imaging resolution in their experiments with 

Fontainebleau sandstone. Generally permeability simulations only return useful results if the 

image resolution is sufficiently high to represent flow pathways in the pore system with at least 4 
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open voxels, i.e. the voxel size needs to be 4 times smaller than the diameter of the smallest pore 

throats that lie on percolating flow paths. This is dictated by the no-slip conditions at the solid-

fluid interfaces: with four voxels spanning a pore throat only the inner 2 voxels allow significant 

fluid flow. In lower resolution images the pore throats are depicted by intermediate gray scale 

voxels (rather than open pore voxels) and consequently do not allow flow during simulation: the 

simulated permeability will therefore be zero regardless of the actual permeability. Apourvari and 

Arns (2014) assess the effect of sub-resolution porosity on permeability and use a Lattice 

Boltzmann method modified with the Brinkman approach (Brinkman 1949) that includes regions 

of sub-resolution porosity in the permeability computation by applying Darcy's law to such 

regions.  This approach suffers the shortcoming that one must estimate the permeability of the 

sub-resolution porosity, often without knowledge of the pore space geometry. 

 

In studying the effect of image resolution on permeability simulation, Peng, Marone, and Dultz 

2014) found that two µ-CT images of Berea Sandstone with resolutions of 1.85 and 5.92µm/voxel 

return nearly identical permeability, indicating that the latter is high enough resolution to capture 

the main flow paths for that rock, and that the smaller pores need not always be resolved. Zhang 

et al. (2000) investigated the scale dependency of the so-called representative element volume 

(REV), a range of physical sample volumes for which a measured quantity such as permeability 

does not change. Their results show that the REV for a Brent Triassic Sandstone sample is 

considerably larger than that of a sample of crushed glass beads, because of the increased degree 

of heterogeneity of the sandstone. In the context of image resolution and field of view, and 

depending on the sample heterogeneity, it is clear that for any given sample volumes that fall in 

the range of an REV may not always have sufficient resolution to allow permeability simulation. 

 

C.1.2 Permeability Prediction 

Predicting the permeability of aquifer and reservoir rocks based on laboratory measurements of 

rock characteristics has long been a topic of interest. The Kozeny-Carman equation (Carman 1956; 

Chapius and Aubertin 2003) is a well known method of estimating permeability for porous 

material and forms the basis for subsequent work by (Van Baaren 1979; Paterson 1983; Walsh and 

Brace 1984). Their method is based on the theory of fluid flow through a set of capillary tubes 

where permeability is described as a function that includes the pore space specific surface 

area, the void ratio, and a constant taking into account channel shape and tortuosity. Swanson 
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(1981) was among the first to investigate the use of parameters derived from a capillary pressure 

curve to estimate permeability, suggesting that the point defining the maximum mercury 

saturation to pressure ratio defines the effective connecting porosity. Katz and Thompson (1986) 

continued the use of the capillary pressure curve but instead use it to derive a pore system length 

scale, called the characteristic length (𝑙𝑐). They propose an expression that relates permeability to 

a universal constant (𝐶), the characteristic length and the electrical conductivity (𝜎/𝜎𝑜) (eq. 1). 

 𝑘 = 𝐶𝑙𝑐
2 (

𝜎

𝜎0
) = 𝐶

𝑙𝑐
2

𝐹
= 𝐶𝑙𝑐

2𝜏 (1) 

The characteristic length is determined from the capillary pressure inflection point on the mercury 

intrusion curve, which is suggested to correspond with the establishment of a connected mercury 

cluster. The electrical conductivity is the inverse of the formation factor (1/𝐹), and can be 

expressed in terms of tortuosity (𝜏) (Clennell 1997).  Formation factor captures the connectedness 

of the pore system, or the number of different flow pathways. Berg (2014) provides an excellent 

summary of works related to permeability estimation in the context of characteristic length, 

tortuosity, and porosity. 

In the context of detailed 3D imaging, the characteristic length can be given a precise geometric 

definition as the diameter of the largest sphere that can pass through the pore system. Arns, 

Knackstedt, and Martys (2005) use parameters computed from µ-CT images to predict 

permeability using empirical methods, including Kozeny-Carman and Katz-Thompson, and 

correlate the results with Lattice Boltzmann simulated permeability. They conclude that for 

resolutions where it is possible to compute, the characteristic length provides the best measure of 

length scale to predict permeability. 

More recently Khalili et al. (2013) focus on carbonate reservoir rock and investigate the use of 

porosity-permeability relationships derived from µ-CT images to estimate permeability in larger 

scale lower resolution µ-CT images.  

 

Benavente et al. (2015) propose permeability prediction in sandstones and carbonates through a 

series of statistical models based on the relationships between laboratory measurements of 

permeability and capillary imbibition, porosity, and pore structure. Their recommended models 

include the capillary absorption coefficient and connected porosity, but not mean pore radius, 

which does not improve the statistical fit of their regression models. 
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C.1.3 Contributions of this work 

This paper explores the fundamentals of predicting the spatial variations in absolute permeability 

of heterogeneous sandstone from high field of view tomographic images whose resolution is not 

sufficient to allow direct permeability computation. We present a workflow to predict 

permeability of small homogeneous regions by statistically correlating the computed permeability 

with rock characteristics determined from high- and low-resolution images respectively. 

Segmentation of lower resolution images (binarizing the image) typically eliminates much of the 

gray scale information related to pore geometry. In addition to macro-scale quantities such as 

porosity, this work explores the use of a segmentation technique that preserves gray scale 

information and allows the computation of characteristics that incorporate image gray scales. 

Such characteristics should have the potential to correlate well with geometry-dependent 

properties like permeability.  

 

Absolute permeability is computed directly on high-resolution images using the Lattice Boltzmann 

method, while characteristics such as pore fraction and pore size are calculated from low-

resolution images and used as predictor variables of permeability in statistical models. Computed 

formation factor, though technically a petrophysical property, can take into account image gray 

scales and is calculated as a rock characteristic from low-resolution images and used as a predictor 

variable. To better understand their predictive ability each characteristic is correlated with 

permeability in a series of ordinary least squares (OLS) models. The most promising characteristics 

are then combined and correlated with permeability in multiple linear models, which we use to 

estimate absolute permeability for rock volumes where it cannot be computed directly.  

 

The essential steps in the proposed workflow are: 

1. Acquire a low-resolution (LR) 3D image of a core sample that spans a relatively large 
volume of the rock (in this work: 25mm diam. x 80mm long). 

2. Acquire a high-resolution (HR) image of one or more sub-samples of the core, and compute 
directly the permeability on homogeneous regions within each image.  In total, the sub-
samples should span the bulk of the rock variability. 

3. Digitally align the low- and high-resolution images to locate the overlap region, which is 
used to calibrate the statistical model. 

4. Calibration: determine statistical correlations between permeability (from HR image) and 
rock characteristics (from the aligned overlap region of the LR image). 

5. Prediction: calculate rock characteristics for the LR image of the whole core plug from step 
1 and predict permeability using the statistical correlations from step 4. 
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Optionally, the workflow may include more than two levels of imaging to span a larger range of 

length scales. In the context of reservoir-scale modeling and simulation the predicted 

permeabilities obtained from this workflow for individual rock units can ultimately be used to 

compute effective permeability at the core scale by means of Darcy simulation techniques (Kløv et 

al. 2003).  

 

C.2 Methodology 

C.2.1 Sampling and Imaging 

This study uses core plugs from the Precipice Sandstone in the Surat Basin, Australia, which can be 

considered a good example of relatively clean siliciclastic aquifer rock. It is highly porous and 

permeable, with generally less than 10% clay, and limited silica redistribution. Deposited by a low 

sinuosity braided river system, the Precipice Sandstone contains fine- to coarse-grained 

laminations ranging from one millimeter to several centimeters in thickness. In this work we apply 

the previously described permeability prediction workflow to a single 25mm diameter 80mm tall 

core plug. The full plug was imaged rapidly as part of a bundle with other cores to produce a low-

resolution image, after which an intermediate resolution image was acquired through a high-

fidelity scan of the core plug in isolation. Finally, a high-resolution image was acquired through 

physical coring and imaging of a 8mm diameter 15mm long sub-plug of the original core plug 

(table C-1). The sub-plug was specifically selected to contain a wide range of rock textures from 

fine to coarse-grained. Since the images were not constructed through a digital down-sampling 

procedure, they all contain real imaging artifacts such as noise and blur. 

 

Table C-1: Core samples and image resolution 

Sample Image Resolution 

1) 25mm x 80mm Plug ~64µm/voxel (low resolution) 

2) 25mm x 80mm Plug ~16µm/voxel (intermediate resolution) 

3) 8mm x 15mm sub-plug ~5µm/voxel (high resolution) 

 

 

The three images are aligned to one another using a distributed-memory parallel cross-scale 3D 

image registration algorithm. Only in the overlap regions between the images does one have 
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information at all three resolutions; therefore, the statistical calibration step is restricted to the 

domain of image 3. Figure C-2a shows registered 2D slices of the 8mm sub-plug in the low-, 

intermediate-, and high-resolution images. Figure C-2b shows gray scale histograms and intensity 

profiles of select regions of the registered images. The reduction in image resolution causes 

significant smoothing of the intensity profile and the inability to capture smaller features is 

evident. Furthermore, the intensity histogram of the 64µm/voxel image shows an overall increase 

of intermediate gray scale values due to spatial averaging (blurring), which results in many regions 

of the pore space, most notably the pore throats, being completely occupied by intermediate gray 

scale values.  

 

The resolution of images 1 and 3 differ by a factor of 13, corresponding to a reduction in 

volumetric sampling density of over 2000, i.e. image 1 can cover a volume 2000 times larger that 

image 3, given an image of the same number of voxels. 

 

 

 

Figure C-2a: Registered 2D slices taken from the three different resolution images, showing the region of 
the 8 x 15 mm sub-plug of the Precipice sandstone. The yellow squares at the top indicate the location of 

close-up images in figure 2b. 
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FigureC-2b: Close-up regions taken from the three different resolution images. Each image has an 
accompanying gray scale histogram above and intensity profile below (indicated by the yellow lines). 
Note how the change in resolution is reflected in the smoothing of the intensity profile. The red arrows 
indicate a narrow pore space, which is resolved in the high-resolution image, but represented by 
intermediate gray scale values in the low-resolution image. 

 

C.2.2 Image Segmentation 

Conventionally the 65535 grey levels in the 16-bit gray scale images are partitioned into a smaller 

number of phases, with each phase representing a different class of material. Typically the 

segmented phases are: pore, intermediate phase (clays), and solid phase (framework minerals). 

However, segmentation generally causes a loss of geometric information contained in the image 

gray scales. Figure C-3a and C-b show how pore throats may be closed during segmentation and 

how corners and crevasses of pores are not always accurately represented by a segmented image, 

especially at low-resolution. Here we make use of a two-stage segmentation method. First, using 

the converging active contour method (Sheppard, Sok, and Averdunk 2004), the gray scale values 

are divided into three main phases: low, intermediate, and bright gray scale values. Second, a 

‘soft’ thresholding segmentation procedure (micro-porosity segmentation) allocates 100 gray 
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levels to intermediate intensity voxels to build a porosity map, which includes sub-resolution pores 

within the intermediate phase (figure C-3c). Each voxel in the intermediate phase is assigned a 

value based on a linear interpolation between a minimum and maximum attenuation value 

corresponding to 100% pore and 100% grain respectively (Sok et al. 2009). This process assumes 

that the intensity of each intermediate-phase voxel in the image is linearly related to the porous 

fraction of that voxel.  This is a tolerable assumption for the very simple mineralogy of the 

Precipice Sandstone studied here; however, for more complex rock types it would be necessary to 

perform reliable porosity mapping through a multi-image wet/dry imaging workflow (A. Sheppard 

et al. 2014). 

 

 

 

Figure C-3: 2-dimensional slices from a 16µm/voxel gray scale tomogram (a), the equivalent segmented 
(binarized) image showing the loss of gray scale and geometric information associated with 
segmentation (b), and the inclusion of gray scale information with the micro-porosity segmentation 
method for intermediate intensity voxels (c). 

 

 

C.2.3 Image Unitization 

Figure C-4 shows that the sample used for this study contains significant heterogeneity with fine-, 

medium-, and coarse-grained bands. To improve the probability of identifying correlations 

between rock properties and absolute permeability a unitization procedure was developed to 

identify internally homogeneous zones, or units, for individual characterization. The method 

makes use of the gradients of grain size, calculated from covering radius transform (CRT) data 

(Hazlett 1995), and open pore fraction logs to identify points of maximum change along the length 

of the core sample. These points of maximum change are considered potential transitions from 

one unit to the next. The method iteratively compares and merges adjacent units based on a user-

adjustable threshold (Botha et al. 2014). The result is a series of units in which the grain size and 
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pore fraction of each unit are distinct from its neighbors’. For the overlap region between all three 

images the unitization procedure identified three units based on grain size. The pore fraction log 

has too little variation to warrant subdivision into units. 

 

To increase the number of data points for the statistical correlations each unit is subdivided into a 

series of approximately cubic sub-volumes. Absolute permeability and predictor rock 

characteristics are computed for each sub-volume, and, therefore, each unit separately. The top 

and bottom boundaries for the sub-volumes for each unit are chosen to match those from the 

unitization procedure, while the x and y dimensions are chosen to approximate a volume that is 

representative of that unit (figure C-4). 
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Figure C-4: Unitization results for the 8 x 15 mm sub-plug (i.e. the field of view of the highest resolution 
image). Horizontal red lines indicate boundaries identified from the grain size log. The yellow boxes 
indicate the subdivision of each unit into smaller sub-volumes for individual permeability simulation and 
calculation of predictor characteristics.  Identical sub-volumes are used in computations at all three 
resolutions. 

 

C.2.4 Statistical Modeling 

Ordinary least squares linear regression provides statistical correlations between predictor 

characteristics and a response variable, in this case, absolute permeability. The coefficient of 

determination (𝑅2), used as a measure of how well a statistical model fits the data, is the 

difference between 1 and the ratio of the total sum of squares (SStot) and the residual sum of 

squares (SSres) (eq. 3).  

 

 𝑅2 = 1 −
𝑆𝑆𝑡𝑜𝑡

𝑆𝑆𝑟𝑒𝑠
 (3) 

 

SStot is equal to the sum of the squares of the difference between the observed values and the 

mean of the observed values (response variable). SSres is equal to the sum of the squares of the 

difference between the observed values and the predicted values of the model. 𝑅2 ranges 

between 0 (no correlation between the predictors and the response variable) and 1 (the predictor 

characteristics perfectly describe the variability in the response variable). We make use of 𝑅2 as a 

measure of the predictive capability of individual rock characteristics, and to assess their 

contribution to predicting permeability in multiple linear models combining select characteristics. 

 

C.3 Results and Discussion 

C.3.1 Limits to Permeability Computation 

Whenever possible, one would determine permeability directly; indirect methods are required 

only when direct computation is impossible. Figure C-5 shows how the loss of geometric 

information impacts the permeability computation. It is clear that permeability computation in the 

16µm/voxel image yields unreliable results. The permeability computation at 16 µm/voxel 

compares well to the 5µm/voxel permeability for values higher than approximately 2000mD.  At 

lower permeabilities the computation at 16 µm/voxel yields poor estimates. 



Milestone 6.4: Integrate pore to plug to core to log upscaling methods for static and dynamic properties   Page C-16 

 

 

Figure C-6a shows the good correlation between permeability computed using the Lattice- 

Boltzmann method and the Katz-Thompson equation for the 5µm/voxel image. The resolution is 

sufficiently high to accurately represent the largest connecting pore throats and to allow 

reasonable estimates of the pore system critical length, and therefore its permeability, using the 

Katz-Thompson method. Computing the 𝑅2 statistic for the 1:1 line (an indication of how closely 

the data points fall on the line passing through zero with a 45o angle) yields a value of 0.86, 

indicating the Lattice Boltzmann and Katz-Thompson computations match one-another closely. 

Figure C-5b shows the permeability using the Lattice-Boltzmann method for the 5µm/voxel image 

against the permeability computed using Katz-Thompson for the 16µm/voxel image. Note how the 

Katz-Thompson results for the 16µm/voxel image returns zero permeability for several volumes. 

The lower image resolution is not sufficient to capture the permeability-controlling flow pathways, 

leading to zero critical length values and zero computed permeability. 

 

 

 

Figure C-5: Simulated permeability using the Lattice-Boltzmann method for the 5 and 16µm/voxel 
images, showing how the computation falters in low-resolution images. 
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FigureC-6: a) The correlation between permeability from the Lattice-Boltzmann method and Katz-
Thompson permeability computed for the 5µm/voxel image; b) Plotting permeability from the Lattice-
Boltzmann method for the 5µm/voxel image against Katz-Thompson permeability computed from the 
16µm/voxel image. Several computation volumes in the 16µm/voxel image have zero critical length, and 
therefore, zero computed permeability. 

 

C.3.2 Statistical Calibration: Single Linear Models 

In developing the permeability prediction workflow we made use of two stages of statistical 

calibration based on the 8mm sub-plug region in the three images. The first involves the 

computation of several rock characteristics (the predictor characteristics) from the low- and 

intermediate- resolution images and correlating them with the simulated permeability from the 

high-resolution image. Linear models between the logarithm of each characteristic and the 

logarithm of permeability show the predictive capability of the individual characteristics (table C-

2). The second stage of statistical calibration is combining individual characteristics into multiple 

linear models (see section C-3.3) to provide a more complete statistical description of 

permeability. 

 

TableC-2 The coefficient of determination from ordinary least squares modeling of each calculated 
characteristic (from the 5µm/voxel, 16µm/voxel, and 64µm/voxel images) with Lattice Boltzmann 
permeability from the 5µm/voxel image. 

Characteristic 

𝑅2 for log (k) vs. 

log (5µm/voxel 

characteristics) 

𝑅2 for log (k) vs. 

log (16µm/voxel 

characteristics) 

𝑅2 for log (k) vs. 

log (64µm/voxel 

characteristics) 

Rock Fabric    

Grain Size 0.114 0.018 0.206 

Grain Sorting 0.556 0.544 0.275 
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Clay Fraction 0.612 0.763 0.175 

Pore System    

Porosity Fraction 0.612 0.780 0.221 

Open Pore Size (µm) 0.564 0.332 0.216 

Open Pore Sorting 0.103 0.019 0.033 

Formation Factor (m=2) 0.770 0.932 0.871 

Formation Factor (m=2.5) 0.754 0.931 0.850 

Formation Factor (m=4) 0.740 0.928 0.875 

Minkowski Functionals    

Open Pore Fraction 0.567 0.841 0.899 

Surface Area 0.071 0.770 0.643 

Mean Curvature 0.555 0.729 0.478 

Euler Number 0.187 0.762 0.631 

 

 

C.3.2.1 Rock Fabric 

In unconsolidated sands, grain size, grain sorting, and packing structure have fundamental control 

over the pore system, and have shown strong correlation with permeability (Krumbein and Monk 

1943; Berg 1970; Chapman 1981; Detmer 1995). However, diagenetic and lithification processes, 

such as chemical dissolution, recrystallization of minerals, and compaction alter the flow 

properties in consolidated systems (Hayes 1979). Table C-2 shows that Precipice Sandstone grain 

properties are unreliable predictors of its permeability. This is not surprising since rock fabric 

characteristics such as grain size and sorting and overall clay fraction are not directly related to 

fluid transport.  In the remainder of the paper, we focus on those characteristics that relate more 

directly to the pore system. 

 

C.3.2.2  Open Pore Fraction, Pore Size, and Formation Factor 

Table 2 shows that the characteristics correlating best with permeability, for both 16 and 64 

µm/voxel images, are open pore fraction and formation factor. Open pore fraction (the ratio of 

resolved void space to total volume of the gray scale image) is the first of the so-called Minkowski 

Functionals, a set of additive morphological measures representing, for three-dimensional objects, 

volume, surface area, mean curvature, and the Euler characteristic (Mecke 1996; Arns et al. 2001). 

The data in table 2 show that the 𝑅2 for the correlation between open pore fraction and 

permeability is lower in the 5µm/voxel image, compared to the 16 and 64µm/voxel images. Figure 

C-7a and b plot simulated permeability versus open pore fraction for the 16 and 64µm/voxel 
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images of the 8mm sub-plug. The correlation is relatively poor at high image resolutions since 

relevant factors such as the length scale and connectedness of the pore system make no direct 

contribution to the open pore fraction characteristic. 

 

At lower image resolutions open pore fraction is no longer a direct measure of sample porosity, 

but rather the resolved fraction of the larger actual pore volume; i.e. pores larger than some 

resolution-dependent length cutoff.  Figure C-7b demonstrates an excellent correlation between 

open pore fraction and permeability in the 64µm/voxel images. We postulate that when the 

resolution is such that the length cutoff is close to a controlling length scale of the pore system 

(e.g. the critical length), then the fraction of open pore space correlates well to the number of 

transport pathways relevant for permeability. 

 

Open pore size is computed from volume-weighted size distributions and expressed in number of 

voxels. After converting the size classes to equivalent sphere diameter (ESD) (Jennings and Parslow 

1988), and assuming a log-normal distribution, a cumulative logarithmic ESD size distribution curve 

is used to determine the median pore size in microns (Krumbein 1934). The correlation coefficient 

for pore size shows that it is a stronger predictor characteristic in the 16µm/voxel image, which 

retains more geometric information compared to the 64µm/voxel image (table C-2 and figure C-7c 

and d). 

 

Formation factor is typically used as an expression of electrical conductivity; however, in low-

resolution images, where electrical flow paths are poorly characterized, formation factor 

computations do not provide reliable information on the electrical properties of the rock. Arns et 

al. (2001) investigate the effect of image resolution and demonstrate that the computed 

conductivity decreases with decreasing image resolution. In this study we see similar results with 

higher computed formation factor for lower resolution images. Additionally, the correlation 

coefficient between formation factor computed on the 5µm/voxel image and that from the 16 and 

64µm/voxel images is 0.5 and 0.3 respectively, indicating that formation factor is poorly correlated 

with itself between image resolutions. Here the formation factor computation is tuned to take into 

account the scaled micro-porosity information contained in the gray scale value of each 

intermediate voxel. The electrical conductivity (𝑆) of each gray scale voxel is given by Archie’s law 

𝑆 = 𝜙𝑚 where 𝑚 is the cementation exponent and 𝜙 the porosity. Computation results with 𝑚 = 
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2, 2.5, and 4 show only minor differences in the correlation coefficients when modeled against 

permeability. For each value of 𝑚 the correlation coefficient for formation factor is lowest in the 

5µm/voxel image and highest in the 16µm/voxel image.  In the lower resolution images, the 

formation factor computation appears to incorporate some measure of connecting channel size 

from image gray scales and therefore becomes a reasonable predictor of permeability (figure C-7e 

and f).  

 

 

 

 

Figure C-7: The correlations between permeability and open pore fraction (a and b), open pore size (c and 
d), and formation factor (e and f) calculated from the 16 and 64µm/voxel images. 
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C.3.2.3 Sensitivity to Segmentation Parameters 

Open pore fraction is dependent on the image gray scale segmentation threshold, so the 

sensitivity of this promising correlation to the threshold parameter should be explored. Figure C-

8a and b show open pore fraction from the 64µm/voxel image and its correlation with 

permeability as a function of simple gray scale thresholding. As the threshold increases the open 

pore fraction and its range increase indefinitely as more voxels are included in the segmented 

pore phase. The correlation coefficient with permeability increases to a maximum and 

subsequently decreases. The maximum 𝑅2 of 0.915 is very similar to the 𝑅2 of 0.899 (used for 

statistical calibration) reported in Table C-2, indicating that the component of the pore system that 

correlates well with permeability can be captured over a relatively large range of gray scale 

thresholds. This result indicates that the predictive model based on open pore fraction is relatively 

independent of the segmentation parameters used for the low-resolution image. 

  

 

 

Figure C-8: a) Open pore fraction as a function of the gray scale threshold value; b) The correlation 𝑹𝟐 
between permeability and open pore fraction as a function of the gray scale threshold. The shaded areas 
show the range of gray scale values over which permeability remains highly correlated to open pore 
fraction, indicating that the statistical model is relatively independent of the image segmentation 
parameters. 

 

 

C.3.3 Statistical Calibration: Multiple Linear Models 

Combining predictor characteristics into multiple linear models has the potential to improve 

predictive capabilities and serves as the second step in calibrating the statistical models. Table C-3 

shows five multiple models and their 𝑅2 values for correlations using characteristics from the 5, 

16, and 64 µm/voxel images.  The two best individual characteristics are open pore fraction and 
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formation factor, and a multiple linear model containing both (model 1) provides an excellent 

description of permeability, especially in the 16µm/voxel image. Even though pore size alone does 

not appear to contain any significant predictive capability (table C-2 above), adding it to model 1, 

to produce multiple model 2, significantly increases the correlation coefficient in the 16µm/voxel 

image. This is not true for the 64µm/voxel data, where adding pore size to model 1 only increases 

the 𝑅2 by 0.004. This indicates that at low-resolution pore size no longer has any predictive 

capability, showing that the 64µm/voxel image contains no direct geometric information that 

contributes to a model for permeability. Instead the pore geometry is now represented by 

intermediate gray scale values and is accounted for by the formation factor, which incorporates 

gray scales during computation. 

 

As individual characteristics the Minkowski functionals generate promising 𝑅2 values, particularly 

for the 16µm/voxel image (table C-2 above). However, when combined into model 3, the 

correlation coefficient is less impressive at 0.8, 0.78, and 0.67 for the 5, 16, and 64µm/voxel 

images respectively. Only when open fraction or formation factor is added to surface area, mean 

curvature and the Euler number in models 4 and 5 does the 𝑅2 improve. We therefore identify 

models 1 and 2 for use in predicting permeability in the 25mm 64 and 16µm/voxel images 

respectively. 

 

Multiple Model 

𝑅2 for log (k) vs. 

log (5µm/voxel 

characteristics) 

𝑅2 for log (k) vs. 

log (16µm/voxel 

characteristics) 

𝑅2 for log (k) vs. 

log (64µm/voxel 

characteristics) 

1) Opor, F 0.843 0.932 0.908 

2) Opor, OPS, F 0.965 0.963 0.912 

3) SurfA, Curv, Euler 0.800 0.781 0.669 

4) Opor, SurfA, Curv, Euler 0.911 0.945 0.921 

5) SurfA, Curv, Euler, F 0.939 0.956 0.882 

 

The coefficient of determination alone, though a valuable measure of precision, can’t be used to 

determine the quality of a model. Model residuals (the differences between the predicted and 

observed values) should ideally show a random distribution around zero with no clustering of the 

data points and no clearly discernable patterns, the presence of which may point to some 

systematic bias in the model (Draper and Smith 2014). Figure C-9a shows the simulated 
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permeability from the 5µm/voxel image plotted against the predicted permeability from the 

16µm/voxel image using multiple linear model 2 (open pore fraction, open pore size, and 

formation factor). Figure C-9b shows the model residuals plotted against the predicted values. 

Figure C-9c and d show similar data for the 64µm/voxel image obtained from model 1 (open pore 

fraction and formation factor). The residuals in figures C-9b and C-9d show reasonably random 

distributions indicating that a linear model is unbiased and appropriate for the data. There are a 

few data points at lower permeabilities with higher residual values, which we suggest is a 

consequence of the low-permeability data being more scattered. It also shows the difficulty of 

predicting lower permeability values (<1000 mD) from such low-resolution images. 

 

 

 

Figure C-9: Calibration of statistical models over the small field of view of the highest resolution image. 
The simulated permeability from the 5µm/voxel image plotted against the predicted permeability from 
the multiple model containing open pore fraction, open pore size, and formation factor from the 
16µm/voxel image (a) and open pore fraction and formation factor from the 64µm/voxel image (c). 
Multiple linear model residuals plotted against the predicted permeability values have no apparent 
systematic bias (b and d). 
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C.3.4 Predicting Permeability in the 25mm Core Plug 

The last step in the workflow is to predict permeability from the images of the full 25 x 80mm core 

plug. Using the statistical calibration of model 1 (open pore fraction and formation factor) for the 

64µm/voxel image and model 2 (open pore fraction, open pore size, and formation factor) for 

16µm/voxel image, figure C-10 shows the predicted absolute permeability for the 25mm core plug 

from both image resolutions. As before, the predictor characteristics are computed on several 

sub-volumes within each unit separately. Figure C-10 shows a single value permeability for each 

rock unit, which is the average of the predicted permeability of the sub-volumes. Certain sections 

in the core plug such as 2-7mm, 11-16mm, and 72-78mm show relatively high permeability, 

despite their fine grained rock fabric and apparently closed pore systems compared to that at 40-

55mm.  

 

The best imaging resolution that could be achieved over the full 25 x 80mm volume was 

16µm/voxel, a dataset of 1800x1800x5000 voxels, which was insufficient to allow direct simulation 

of permeability. In the absence of accurate direct simulations, and having achieved excellent 

statistical permeability predictions from the 16µm/voxel calibration data (figure C-9a), we use the 

predicted permeability over the full 25 x 80mm volume as a proxy for directly computed 

permeability.  Comparisons between predicted permeability for the 8mm sub-plug and 25mm core 

plug are shown in figure C-11a and b. The 1:1 𝑅2 values (a measure of how closely two datasets 

match one another) show that predictions from the low resolution 64µm/voxel image are an 

excellent match for the predictions from the 16µm/voxel image, for both the 8 x 15mm calibration 

and over the as-yet-unexplored 25 x 80mm volume (0.93 and 0.90). This is an exciting result since 

two different statistical models, applied to two images with different resolutions, predict very 

similar permeabilities. As a word of caution we emphasize that the high-resolution data from the 

8mm sub-plug underpins the permeability predictions made over the full 25 x 80mm volume from 

the 16 and 64µm/voxel images. If significant extrapolation of the statistical model is required 

beyond the range of rock characteristics captured in the 8mm sub-plug, uncertainties in the 

predicted permeability are bound to increase. 
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Figure C-10:  The predicted permeability of the 25mm core plug computed from multiple linear model 2 
(open pore fraction, open pore size, and formation factor) for the 16µm/voxel image, and multiple linear 
model 1 (open pore fraction and formation factor) for the 64µm/voxel image. Blue horizontal stippled 
lines indicate the boundaries between rock units and the yellow box indicates the approximate location 
of the 8mm sub-plug. 

 

 

Figure C-11: Comparing the predicted permeability for the 8mm sub-plug (a) and the 25mm core plug (b) 
computed from multiple linear model 2 (open pore fraction, open pore size, and formation factor) for the 
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16µm/voxel images, and multiple linear model 1 (open pore fraction and formation factor) for the 
64µm/voxel images. 

 

C.4 Data Requirements 

The workflow has been applied to another core sample of similar character from the Precipice 

formation. Figure C-12 shows statistical calibration data for the 16µm/voxel (figure C-12a) and 

61µm/voxel (figure C-12b) images. Notably the R2 of the models are not as high as for the first 

sample; however, they appear good enough to suggest that the low-resolution images contain the 

relevant information on the pore system to allow permeability prediction. 

 

 

 

Figure C-12: Calibration of statistical models for sample B. The simulated permeability from the 
5µm/voxel image plotted against the predicted permeability from the 16µm/voxel image (a) and the 
61µm/voxel image (b). Comparing the predicted permeability for the 8mm sub-plug (c) and the 25mm 
core plug (d). 

 

 

We suggest that the main cause of the poor correlations is related to the quality of the high-

resolution image used for permeability computation. Here the high-resolution image was not 

collected on a physically cored sub-plug, but rather as a “region of interest scan”, which means 

that the high-resolution image was collected by physically positioning the original large scale 

sample closer to the x-ray source, thereby reducing the field of view and increasing the image 

resolution. However, this technique reduces the contrast-to-noise ratio in the high-resolution 

image (figure C-13a), directly impacting image segmentation. Most notably the pore space 

contains isolated groups of non-pore voxels (figure C-13b), which in turn impact the permeability 
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computation because non-pore voxels do not allow fluid flow. The result is less reliable 

permeability data for calibration leading to poorer statistical correlations.  

 

To test this hypothesis we compute a new set of permeability data using a micro-porosity 

segmented image; specifically we set the first 26 gray scale values of the 100 intermediate gray 

scale voxels to permit fluid flow as if they were open pore voxels, thereby removing the negative 

effect of some of the isolated non-pore voxels (figure C-13c). The calibration results using this new 

set of permeability data show significant improvement and give R2 values of 0.93 and 0.91 for the 

16 and 61µm/voxel images respectively (figure C-14a and b). The 1:1 comparisons of the predicted 

permeability data are nearly as good as for the first sample (figure C-14c and d), showing that two 

16 and 61µm/voxel models produce similar predicted permeability values. This result 

demonstrates that image quality and the resultant computed permeability directly impact the 

statistical calibrations and the quality of the predicted data 

 

 

Figure C-13: A 2D slice from the original tomogram showing the presence of noise (a), the segmented 
image of the same area showing isolated clusters of non-pore voxels in the pore space (b), a slice of the 
micro-porosity segmented image where the first 26 gray scale values are set to permit fluid flow (c). 
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Figure C-14: The simulated permeability from the 5µm/voxel image plotted against the predicted 
permeability from the 16µm/voxel image (a) and the 61µm/voxel image (b) making use of a micro-
porosity segmentation to adjust the permeability computation. Comparing the predicted permeability for 
the 8mm sub-plug (c) and the 25mm core plug (d). 

 

C.5 Conclusions 

We show that it is possible to use rock characteristics, namely open pore fraction, open pore size, 

and formation factor in a multi-scale statistical modeling workflow to make good indirect 

predictions of permeability variation in lower-resolution digital images where it cannot be 

computed directly. Rocks such as the Precipice Sandstone require appropriately large fields of 

view during µ-CT imaging to capture sample heterogeneity, which results in insufficient resolution 

for direct permeability computation. The workflow involves the use of high-resolution images of 

small volumes to compute permeability using the Lattice-Boltzmann method solving the Navier-

Stokes flow equation. We calibrate statistical models based on correlations between rock 
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characteristics and permeability computed from overlapping low- and high-resolution images 

respectively. The calibrated statistical models are then used to predict permeability in the large-

scale low-resolution images covering larger sample volumes. 

 

It can be inferred from our results that the open pore fraction and formation factor characteristics 

appear to capture critical aspects of the pore system when computed on images with relatively 

low resolution. The resolution is, in fact, far lower than that required to capture the full pore 

system in black-and-white. Open pore fraction is no longer a measure of porosity in these lower-

resolution images and appears to relate to the number of transport pathways critical to fluid flow. 

Critically, the correlation coefficient of the statistical model between permeability and open pore 

fraction remains relatively unchanged over a reasonable range of gray scale thresholds used for 

image segmentation. Formation factor, because of the use of gray scale information in its 

computation seems to incorporate some measure of pore system length scale and connectedness.  

 

It is likely that there is a relatively narrow range of image resolution for which these characteristics 

are effective predictors of permeability for a given rock. If resolution is too high then open pore 

fraction and formation factor don’t contain information on channel sizes; if resolution is too low 

then pore system geometric information is lost altogether.  Nevertheless, the approach presented 

here allows for permeability estimation for images of significantly lower resolution than was 

hitherto possible, and opens up the possibility of estimating permeability for whole-core digital 

images, since scanners exist today which can image whole core of 100mm diameter at the 

64µm/voxel resolution used in this study. 

 

In more complex rocks with more varied clay mineral composition and where the pore system 

connects in a different way, it is possible that the characteristics used in this study lose some of 

their value as predictors of permeability. For example, intermediate gray scale values representing 

pore throats and those representing clay minerals could easily be confounded, potentially 

compromising the statistical models. In the workflow presented here, these cases would be 

identified by poor cross-scale correlations during the statistics calibration stage. We also show that 

image quality and the associated quality of the reference computed permeability values are of 

critical importance to the reliability of the predicted permeability. 
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