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ABSTRACT

Textural information, such as crystal size distributions (CSDs) or crystal aspect ratios are powerful tools in igneous petrography
for interrogating the thermal history of rocks. They facilitate the investigation of crystal nucleation, growth and mixing as well
as the cooling rate of the rock. However, they require large volumes of crystal segmentations and measurements that are
often obtained with manual methods. Here a deep learning-based computer vision technique, termed instance segmentation,
is proposed to automate the pixel-by-pixel detection of each plagioclase crystal in thin section images. Using predictions from
a re-trained model the physical properties of the detected crystals, such as size and aspect ratio, can be rapidly generated to
provide textural insights. The present segmentations are validated against published results from manual approaches to prove
the method’s accuracy. The power and efficiency of this automated approach is showcased by analysing an entire sample
suite, segmenting over 48,000 crystals in only a matter of days. Widescale use of this method is expected to drive significant
developments in the igneous petrography and related fields.
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1 INTRODUCTION More recent work by Mangler et al.[2022] took this idea further

The textures of igneous rocks provide direct observational
contraints upon the physics of magmatic processes [Cashman
1990; Higgins 2010; Askaripour et al. 2022]. Petrologists have
long made use of quantitative descriptions of rock texture such
as crystal size distributions (CSD’s) [Cashman and Ferry 1988;
Marsh 1988; Mangan 1990; Marsh 1998; Higgins 2000; Armi-
enti 2008] and crystal shapes [JERRAM 2003; Hersum and
Marsh 2006; Holness 2014] as powerful methods for inter-
rogating the thermal history of rocks and the timescales of
processes affecting them. Due to the relative ease of direct ob-
servation, detailed petrographic descriptions of igneous rocks,
often made using thin sections, are among the first steps in
most petrological studies. In some cases the entire observa-
tional record from a study is petrographic. The understanding
gained from this primary analysis enables petrologists to tar-
get the most useful parts of the rock for further, often more
resource intensive, analyses. Therefore, the development of
rapid and accurate textural tools may allow for further stream-
lining of future studies.

Plagioclase feldspar is the most abundant mineral in the
Earth’s crust [Smith and Brown 1988]. As a major primary ig-
neous phase over a wide compositional range, it has found
extensive use as a reliable tracer for determining igneous
thermal history [Cashman 1993; Higgins 1996; Neave et al.
2017; Holness et al. 2020] with crystal shapes shown to vary
predictably with crystallization time [Lofgren 1974]. A sim-
ple parameterization of crystallisation time, # and mean crys-
tal aspect ratio, A, was developed by Holness [2014] where
log(t), is linearly related to A. This calibration was based
on observations from a set of basaltic sills with varying thick-
nesses, quantifying prior observations that apparently tabular
feldspars record slower cooling than crystals with higher as-
pect ratios. This relationship provides a direct method of de-
termining the timescales of cooling of plagioclase-bearing ig-
neous rocks from simple two-dimensional observations alone.
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and looked at plagioclase microlites in intermediate melts to
study how plagioclase crystals change their crystal shape in
three dimensions as a function of size during crystallisation.
As part of this work, Mangler et al. [2022] developed a method
to determine most likely 3D crystal morphology from 2D slice
observations. This method makes use of forward models of
ideal cuboidal crystal slicing.

All large-scale textural studies are faced with a common
problem: What is the best approach to generate statistically
acceptable quantities of data with the least observational effort
(e.g. time spent manually tracing digital photomicrographs).
So far almost all work has been based either on image thresh-
olding, where possible, to provide approximate crystal masks,
or more often on manual crystal segmentation which is a
labour intensive and time consuming task. To overcome this
significant effort, a number of approaches have been proposed
based on machine learning. The simplest, and perhaps least
relevant in this case, were classification methods based on
convolutional neural networks (CNN) to predict the rock type
shown in images [Alférez et al. 2021; Patro et al. 2022]. Such
a task is merely a demonstration of past capabilities, but it is
not of obvious quantitative use in petrological or petrographic
analysis. One promising optical method was developed for
sandstone grain segmentation using the popular U-Net seman-
tic segmentation model [Das et al. 2022], but these models
can only predict phase labels and individual grains are not
segmented. The most effective methods for phase segmenta-
tion in rock sections have been based on electron microscopy
rather than optical microscopy, where EDS-derived composi-
tional maps were used to classify pixels as mineral phases ei-
ther using machine learning classification [Leichter et al. 2022]
or through a database matching approach [Neave et al. 2017,
Bell et al. 2020; Schulz et al. 2020]. Even this sort of SEM
approach cannot automatically separate touching grains be-
cause phase classification based on pixel chemistry can also
only provide semantic labels.
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Here, we present a new automated method that capitalises
upon modern advances in Deep Learning (DL) computer vi-
sion technologies. Specifically, region-based instance segmen-
tation models [Hafiz and Bhat 2020] are employed as they are
able to generate both semantic (object class) and localization
labels thereby not just segmenting plagioclase from everything
else, but also providing individual crystal segmentation. These
results may then be used for appropriate quantitative textural
analyses. Instance segmentation can therefore overcome the
limitations of semantic-only segmentation techniques and are
ripe for use in geological applications. The models presented
here are trained on datasets of manually segmented plagio-
clase crystals and the ability of these trained models to rapidly
generate accurate large scale data is demonstrated in the fol-
lowing sections. Overall using the present method, a ten-fold
speedup in segmentation time is reported only using CPU’s for
processing, whilst maintaining comparable accuracy to man-
ual segmentation methods. Rapid insights into the crystallisa-
tion timescales of different plagioclase populations are for the
first time possible. This is demonstrated using over 38,000
segmented crystals from an entire sample suite of volcanic ig-
neous rocks from Iceland.

2 METHODS

2.1 Image acquisition

All images used for training and inference for the example pre-
sented here were acquired using a ZEISS Axio Imager.A2 op-
tical microscope. All images were acquired using both linear
polarizing filters crossed at 90 degrees and circular polarizers
to remove the crystal orientation dependence of birefringence
colour intensity. Each image was acquired with identical light
sources to eliminate any effects on colour. Large thin sec-
tion scans were performed using the panorama imaging mode
where each tile was acquired using identical imaging condi-
tions. Images were captured using one of two different objec-
tive lenses as deemed suitable for the crystal size within the
sample; spatial resolution for these images were either 1.38
or 2.76 pm/pixel. The proprietary ZEISS file formats were
exported as .Jpg images with as little loss of quality from com-
pression as possible. These files can now be used directly by
the deep learning models.

2.2 Instance Segmentation Models

Instance segmentation is a subset of image segmentation meth-
ods that aim to detect each instance of an object as well as
its boundaries within an image. Popular implementations in-
volve multi-stage deep convolutional neural network (CNN)
models trained on ground-truth labels. A schematic view of
the operation of such models for the segmentation of plagio-
clase feldspar is shown in Figure 1. Input images are first
processed by deep convolutional layers to generate a stack
of feature maps. Based on the calculated features, the model
proposes a large number of regions of interest. These regions
are then evaluated based on a trained scoring strategy for the
given application, and any region below a threshold score are
discarded. For the particular method described in this pa-
per, regions with low scores would be those not containing

plagioclase. Surviving regions of interest are passed to the
segmenter network which generates the final segmentation
results. These results are also scored from 0 to 1 to quantify
the model’s confidence in the resulting segmentation. From
here on these will be referred to as detection scores; note that
these are strictly not probability values.

The two different segmentation results produced by in-
stance segmentation models are also highlighted in Figure 1
- bounding boxes and crystal masks. Bounding boxes show
the best-fit rectangular region for an instance of an object.
It is used universally in object detection tasks where exact
pixel-by-pixel location and shape of objects are not important,
but their number and approximate location within an image
is of interest. For the present application, the image masks
generated are most useful and in fact they are in the iden-
tical form as segmentation generated through most manual
methods. Masks show the segmented boundaries of objects,
thereby pointing to the exact pixel-by-pixel locations. Crystal
shapes and sizes may then be rapidly calculated using well es-
tablished image processing techniques [Schneider et al. 2012].

There are a large number of different instance segmentation
models and architectures developed and available for custom
training. In the present work region-based multi-stage seg-
mentation models are considered only, more specifically the
three models trained are Mask R-CNN [He et al. 2017], HTC
[Chen et al. 2019] and DetectoRS [Qiao et al. 2020]. These
were chosen as Mask R-CNN is one of the most popular and
well-tested models that performed exceptionally in all image
segmentation competitions even though it is a relatively simple
model. HT'C and DetectoRS are later modifications to Mask R-
CNN, hence they are expected to perform better. HTC specif-
ically makes use of a significantly more complex segmentation
stage to improve on the final results. DetectoRS goes one step
further by also altering the model backbone - the stage that
generates the stack of feature maps. Their philosophy relies
on the idea that improved feature production should improve
the results of any subsequent stage of the model. Whilst the
modified models were shown to perform better on standard
datasets such as ImageNet [Deng et al. 2009] or COCO [Lin
et al. 2014], it is not guaranteed they will outperform Mask
R-CNN on the rock samples used for training here.

2.3 Training

The term training is used to define the optimisation proce-
dure of models in machine learning. The training of neu-
ral networks is primarily done using and iterative methods
called Stochastic Gradient Descent (SGD) and backpropaga-
tion on a defined objective function, termed loss function, to
find the best fit parameters for a given task. In the case of
instance segmentation a multi-task loss function is defined as
L = Lp.g + L1>¢ + L<os: to direct model performance for
each task of classification, bounding box detection and mask
segmentation. Note in the present case that because there is
only one class segmented, plagioclase, Lo:g is not an important
term. To configure the SGD process one must choose a con-
figuration of the learning mechanism external to the machine
learning models, universally referred to as hyperparameters.
The most important of them is the learning rate which de-
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Figure 1: Overview of the proposed region-based deep learning method for plagioclase feldspar detection. Deep learning models
necessarily transform the input into large stacks of feature maps that are used for further processing; next the model proposes
regions of interests that are evaluated on whether there are any plagioclase crystals present. Regions that survive the evaluation
process are taken individually and each crystal present is segmented out as binary phase masks which can be turned into textural
information such as crystal size and aspect ratio distributions. Specific terms used to indicate the type of segmentation results
such as bounding box or mask is indicated as appropriate for clarity.

fines the effective step size during the parameter update step
of SGD. Larger learning rates tend to converge to minima in
fewer steps, but if too large then SGD can overshoot the min-
imum or lead to divergent behaviour and fail to converge; if
learning rates are to small, SGD will take significantly longer
to converge. Therefore it is vital to find the best values for
learning rate during training by setting up identical training
runs and varying the learning rate or some other hyperpa-
rameter to find the best performing model and training regime
configuration.

The training dataset was compiled from over 20 igneous
rock thin sections of basaltic compositions of varying textures
from porphyritic volcanic rocks to gabbros with varying min-
eral assemblages and plagioclase abundance; see examples in
Figure 2(a). Some tolerance was given to varying acquisition
parameters to ensure no crystals were over-saturated in any
section. Plagioclase crystals were segmented individually by
tracing the edges of crystals using the open-source python soft-
ware Labelme [Wada no date]. The final set of training images
consisted of over 8000 segmented crystals. The resulting an-
notations, stored in separate JSON files for each image, were
converted to the popular COCO [Lin et al. 2014] format using
the software labelme2coco [XCRobert 2019] with a training-

test split of 80%. Examples of manually segmented plagioclase
crystals are presented in Figure 2(b).

Model training is performed through the MMDetection
open-source object detection toolbox [MMDetection Contrib-
utors 2018] that provides flexible and easy-to-use implemen-
tations of the most popular object detection, semantic seg-
mentation, instance segmentation and many more types of
models. All three instance segmentation models considered
in the present work are implemented and readily available
for training on a custom dataset. Training was performed us-
ing Stochastic Gradient Descent (SGD) [Kiefer and Wolfowitz
1952] with variable learning rates and fixed default values for
momentum and gradient decay. Data augmentation is readily
performed by MMDetection and throughout the training pro-
cedure. Random resize, random flipping and random crop-
ping were performed during all training procedures to effec-
tively enlarge the size of the training dataset and help avoid
overfitting models.

To optimise the training of the final model, a methodical ex-
periment was set up across all three models that were trained
using three different learning rates: 0.1, 0.01 and 0.001, each
trained for 600 epochs. Testing scores for each model and
learning rate during training are shown in Figure 2(c); there
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