Automated fracture detection and characterization from unwrapped
drill-core images using Mask R-CNN
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SUMMARY

Drill cores provide the most reliable fracture information
in subsurface formations as they present a clear and direct
view of fractures. Core observation and image log
interpretation are usually integrated for fracture analysis of
underground layers. There has been a strong move
towards developing automated fracture detection methods,
however, the focus has been on extracting fracture
information from log images, such as acoustic or
resistivity image logs. Such efforts using core images are
significantly less. This study presents a machine learning-
based approach for automatic fracture recognition from
unwrapped drill-core images. The proposed method
applies a state-of-the-art convolutional neural network for
object identification and segmentation. The study also
investigates the feasibility of using synthetic fracture
images for training the model by creating two types of
synthetic data using masks of real fractures and creating
sinusoidal shaped fractures. The trained model is then
used to detect fractures in real core images from two
different boreholes and achieved a precision of 94.80%.
The identified fractures are further analyzed and compared
to manually segmented fractures in terms of fracture dip
angle and dip direction, which achieved average absolute
errors of 2.18° and 10.58°, respectively. Overall, the study
presents a novel application of an advanced machine
learning algorithm for fracture detection and analysis from
unwrapped core images.
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INTRODUCTION

Fracture analysis for subsurface formations is crucial in many
geological, geotechnical and petroleum related applications. It
is important for geological modelling, oil and gas reservoir
characterization, borehole stability, and assessing rock quality
for subsurface engineering. Fracture analysis is performed
based on information obtained from well log data and drill cores
(Nian et al., 2016; Fernandez-lbafiez, DeGraff and Ibrayev,
2018; Lai et al., 2021). The conventional procedure of fracture

analysis is laborious and time-consuming, therefore, there is a
need for fast and reliable approaches to automate it.

Drill cores provide accurate and reliable fracture analysis
Fernandez-lbafiez et al. (2018) as they present a detailed and
direct view of fractures. With the recent trend towards digital
archiving of core data (Betlem et al., 2020; Tiwari et al., 2017);
fractures can be identified from the digital images of cores. The
unwrapped core images, in particular, show detailed fracture
features of the entire core. Studies based on analyzing
unwrapped core images are limited although they provide
valuable fracture information.

Previous attempts to identify fractures—such as Lemy et al.
(2001) and Ozturk and Saricam (2018)-used core tray images
that show the core from only one angle, moreover, the methods
were based on image processing methods that have limited
generalization and robustness.

In this work, we demonstrate an innovative approach for
fracture characterization whereby a Mask R-CNN model (He et
al., 2017) was used for fracture detection from unwrapped core
images. We used the model to detect and segment fractures in
core images. We then fit a sine wave to the detected fracture
points to obtain depth, dip angle and dip direction. We tested
the model on 88 m of core from two boreholes; the total
processing time was 5 minutes. Our calculations assumed a
case of a vertical core where the objective was to compare the
model results to those from manual detection whereas
providing a geological interpretation of the region was beyond
our scope.

METHOD AND RESULTS

Data preparation

The data included unwrapped core images from two boreholes
and synthetic fractured-core images created with two types of
fractures (Table 1). We obtained the unwrapped core images
from Lundin Energy company, Lysaker, Norway. We created
the synthetic data by adding fracture masks to background
images of cores with no fracture, using fracture masks obtained
from shapes of real fractures and from a sine function. We
created the training dataset mainly (~94%) from synthetic
images and used the majority of the real images for testing.
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Fracture detection from core images using Mask R-CNN

Table 1. Number and type of images used in building and
testing the model, including images with two types of
synthetic fractures.

Image by fracture Training | Validation test
type dataset dataset dataset
Real fractures 62 35 88 m
Synthetic fractures A 531 58
Synthetic fractures B 525 52
Total No. of images 1,118 145
Total No. of fractures 1,649 218 243

Methodology

The main steps of our workflow were segmenting fractures in
the input images and analyzing the extracted fractures (Figure
1). For fracture segmentation, we used Mask R-CNN (He et
al., 2017), which is a state-of-art instance segmentation model
extended from Faster R-CNN  (Girshick, 2015). Mask R-
CNN predicts a category, bounding box, and a segmented
binary mask for each object in the input image. In our work,
we relied on the binary masks to extract fracture details.

To apply the model on our fracture dataset, we modified several
structure and training parameters. We increased the size of the
input images to have 2000 pixels on the large edge, instead of
the default size of 1333 pixels. We also modified sizes and
height-to-width ratios of the anchors in the region proposal
network (RPN). As Mask R-CNN is a region-based model, it
uses RPN to propose regions of the image containing candidate
objects. We defined large anchors of up to 1024 pixels? and
height-to-width ratios of 3:4, 1:1, and 2:1. Mask R-CNN uses
a deep CNN for feature extraction, called a backbone. We used
ResNet-50 with a feature pyramid network (FPN) (Lin et al.,
2017) as the backbone for our model. During training, the
model calculates the loss as a summation of the classification
loss, bounding box regression loss, and mask segmentation loss.
We multiplied the segmentation loss by a factor of 1.5 to
improve the segmentation, as proposed by Xu et al. (2020).

We started the training from a pretrained model on the
MSCOCO dataset of natural images (Lin et al., 2014). To avoid
overfitting, we trained the last three blocks of the backbone
through four stages for a total of 60 epochs. We used an initial
learning rate of 0.005 in the first two stages and a smaller
learning rate of 0.001 in the last stages. Other training and
structure parameters were according to the default.

The second step of the workflow was estimating fracture depth,
dip angle and dip direction using the segmented fracture masks
(Figure 1, bottom). The main operations applied on each mask
were extracting fracture skeleton, sine wave fitting, and using
the parameters of the fitted sine wave to obtain fracture details
according to the equations from Elkington and Assous (2017).
To accelerate the calculations involved in these operations, we
first downsampled the masks by a factor of 0.25. We obtained
fracture skeleton using morphological image processing from
Scikit-image (Van Der Walt et al., 2014). We then fitted
skeleton points to a sine wave through two fitting stages with
wave lengths of 0.5- 2w and w, respectively, where w is the
mask width. As demonstrated in Figure 1, we obtained fracture
location, from the centerline of the fitted wave. We calculated
the dip angle from the amplitude of the sine function and core
diameter as

tan(0) = 24 %, ¢Y)
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where 6 is the dip angle, A the amplitude of the sine wave and
w is the mask width.

Finally, we obtained the dip direction from the minimum point
of the sine wave (Rider, 1996). We calculated the dip direction
only for fractures with more than 5° dip angles; for lower dips
the location of the minimum was uncertain especially when the
fracture path did not represent a sine wave.
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Figure 1. Workflow of the proposed method. Fractures in
the unwrapped core image were segmented using Mask R-
CNN, and fracture details were calculated by analyzing the
segmented fracture masks.
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Results

To evaluate the detection results, we first calculated the
precision and recall- which are common evaluation metrics for
object detection—as below:

TP
P 2
Precision TP+ FP 2)
TP
- 3
Recall = 7o Fw )

where TP, FP, and FN are the numbers of true positives, false
positives, and false negatives, respectively. We decided on TP,
FP, and FN based on the depths of the detected fractures to
those obtained from manual segmentation.

The model achieved accurate detection from the test images of
both boreholes despite being trained on synthetic images; it
resulted in average precision of 94.80% and average recall of
86.67%. A test image with different factures and its detection
results from the model are presented in Figure 2.

Dip angle calculations from both boreholes are shown in Figure
3. They resulted in an average error of 2.18° for a total of 210
detected fractures; approximately 98% of the fractures had
errors less than 10°, including 93% with less than 5° errors.

Figure 2. Fracture detection by the model, input image is
shown on the left and detected fractures are shown in red
on the right.
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Dip direction were less accurate than dip angle results, as shown
in Figure 3. Because dip directions depend on the minimum of
the sine wave, they were highly sensitive to the sine fitting and,
in turn, to the fracture segmentation. Consequently, the dip
direction calculations obtained average absolute errors of
10.58¢ for a total of 186 detected fractures from both boreholes;
74% of the fractures had errors less than the average, and only
5% had errors greater than 40°.
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Figure 3. Error analysis for all fractures in the test images
based on the results of dip angle and dip direction.

CONCLUSIONS

The study offers a fully automated workflow to provide detailed
fracture characterization from unwrapped core images. The
workflow was developed based on an advanced machine
learning model for instance segmentation, Mask R-CNN.

The model was trained mostly on synthetic data and tested on
real core images from two different boreholes. The test images
included a total of 88 m of core with 243 fractures. The model
achieved average detection precision and recall of 94.80% and
86.67%, respectively. For the characterization of the detected
fractures, we relied on the segmented fracture masks by fitting
a sine wave to the detected fracture points. The parameters of
the resulting sine wave were used to calculate fracture depth,
dip angle and dip direction. Fracture characterization achieved
excellent results from dip angle calculations with an average
absolute error of 2.18° only. Although dip direction had a
higher average error of 10.58°, most calculated directions were
in agreement with those based on manual segmentation. The
total processing time depended on the image resolution, on
average it was 4 seconds per meter.
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