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ABSTRACT
Quantitative textural attributes, such as crystal size distributions (CSDs) or crystal aspect ratios, provide important constraints
upon the thermal history of rocks. They facilitate the investigation of crystal nucleation, growth and mixing as well as the
cooling rate. However, they require large volumes of crystal segmentations and measurements often obtained with manual
methods. Here a deep learning-based technique, instance segmentation, is proposed to automate the pixel-by-pixel detection
of plagioclase crystals in thin section images. Using predictions from a re-trained model the physical properties of the detected
crystals, size and aspect ratio, are rapidly generated to provide textural insights. These are validated against published results
from manual approaches to demonstrate the accuracy of the method. The power and efficiency of this approach is showcased
by analysing an entire sample suite, segmenting over 48,000 crystals in a matter of days. The approach is available as MinDet1
software for users with moderate expertise in Python. Widescale use of MinDet may facilitate significant developments in
igneous petrography and related fields.

KEYWORDS: Deep Learning; Segmentation; Petrography; Timescales.

1 INTRODUCTION
The textures of igneous rocks provide direct observational
contraints upon the physics of magmatic processes [Cashman
1990; Higgins 2010b; Askaripour et al. 2022]. Petrologists have
long made use of quantitative descriptions of rock texture such5

as crystal size distributions (CSDs) [Cashman and Ferry 1988;
Marsh 1988; Mangan 1990; Marsh 1998; Higgins 2000; Armi-
enti 2008] and crystal shapes [Jerram 2003; Hersum andMarsh
2006; Holness 2014] as powerful methods for interrogating the
thermal history of rocks and the timescales of processes affect-10

ing them. Due to the relative ease of direct observation, de-
tailed petrographic descriptions of igneous rocks, often made
using thin sections, are among the first steps in most petro-
logical studies. In some cases the entire observational record
from a study is petrographic. The understanding gained from15

this primary analysis enables petrologists to target the most
useful parts of the rock for further, often more resource in-
tensive, analyses. Therefore, the development of rapid and
accurate textural tools may allow for further streamlining of
future studies.20

Plagioclase feldspar is the most abundant mineral in the
Earth’s crust [Smith and Brown 1988]. As a major primary
igneous phase over a wide compositional range, it has found
extensive use as a reliable tracer for determining igneous ther-
mal history [Cashman 1993; Higgins 1996; Neave et al. 2017;25

Holness et al. 2020] with crystal shapes shown to vary with
crystallization time [Lofgren 1974]. A simple parameterization
of crystallisation time, 𝑡 and mean crystal aspect ratio, 𝐴, was
developed by Holness [2014] where log10 (𝑡), is linearly re-
lated to 𝐴. This calibration was based on observations from a30

set of basaltic sills with varying thicknesses, quantifying prior
observations that apparently tabular feldspars record slower
cooling than crystals with higher aspect ratios. This relation-
ship provides a direct method of determining the timescales of
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cooling of plagioclase-bearing igneous rocks from simple two- 35

dimensional observations alone, albeit that this calibration is
restricted to sills and other magmatic environments with im-
pinging plagioclase networks. More recent work by Mangler
et al. [2022] took this idea further and looked at plagioclase mi-
crolites in intermediate melts to study how plagioclase crystals 40

change their crystal shape in three dimensions as a function
of size during crystallisation. As part of this work, Mangler
et al. [2022] built on and corrected previous methods used to
determine most likely 3D crystal morphology from 2D slice
observations [Morgan and Jerram 2006]. This method makes 45

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). 50

So far almost all work has been based either on threshold-
ing RGB or grayscale values for images acquired using op-
tical or electron microscopes, to provide approximate crystal
masks, or more often on manual crystal segmentation which is
a labour intensive and time consuming task. Electron micro- 55

scopes are a rich source of semantically strong datasets using
EDS or WDS detectors to capture X-rays that can be directly
related to mineral chemistry. Image segmentation methods
have long been successfully utilised for these datasets using a
wide variety of techniques [Ortolano et al. 2014; Lormand et 60

al. 2018; Sheldrake and Higgins 2021; Tung et al. 2023; Visalli
et al. 2023]. However optical microscopy is significantly less
expensive and less labour intensive in terms of sample prepa-
ration. It is therefore vital that similar methods are developed
for optical image segmentation as well. 65

Superpixel segmentation methods for human-computer col-
laborative tasks are readily employed for optical image seg-
mentation [Yu et al. 2023], but they still require extensive
human effort for large-scale studies as they heavily rely on
stacked images with different light polarization. To overcome 70
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this significant effort, a number of approaches have been pro-
posed based on machine learning. One of the first examples
of such work using optical microscope images are a set of clas-
sification methods based on convolutional neural networks
(CNN) to predict the rock type shown in images [Alférez et75

al. 2021; Patro et al. 2022]. Such a task is merely a demonstra-
tion of past capabilities, but it is not of obvious quantitative use
in petrological or petrographic analysis. One promising opti-
cal method was developed for sandstone grain segmentation
using the popular U-Net semantic segmentation model [Das et80

al. 2022], but these models can only predict phase labels and
individual grains are not segmented. The most effective meth-
ods for phase segmentation in rock sections have been based
on electron microscopy rather than optical microscopy, where
EDS-derived compositional maps were used to classify pixels85

as mineral phases either 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 because phase classification based on pixel chemistry90

can also only provide semantic labels.
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 are95

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 the100

limitations of semantic-only segmentation techniques and are
ripe for use in geological applications.
We refer to the approach as MinDet and provide links to
the software in the Data Availability section. This first version
of the software, MinDet1, is exclusively developed for pla-105

gioclase detection. The MinDet1 models presented here are
trained on datasets of manually segmented plagioclase crys-
tals and the ability of these trained models to rapidly generate
accurate large scale data is demonstrated in the following sec-
tions. MinDet provides a ten-fold speedup in segmentation110

time using CPU’s for processing, as opposed to GPU’s which
would be even faster, whilst maintaining comparable accu-
racy to manual segmentation methods. Rapid insights into
the crystallisation timescales of different plagioclase popula-
tions are for the first time possible. This is demonstrated using115

over 38,000 segmented crystals from an entire sample suite of
volcanic igneous rocks from Iceland.

2 METHODS

2.1 Image acquisition

All images used for training and inference for the example120

presented here were acquired using a ZEISS Axio Imager.A2
optical microscope. The images were acquired using both
linear polarizing filters crossed at 90 degrees and circular po-
larizers to remove the crystal orientation dependence of bire-
fringence colour intensity [Higgins 2010a]. Each image was125

acquired with identical light sources to eliminate any effects

on colour. Large thin section scans were performed using the
panorama imaging mode where each tile was acquired us-
ing identical imaging conditions. Images were captured using
one of two different objective lenses as deemed suitable for 130

the crystal size within the sample; spatial resolution for these
images were either 1.38 or 2.76 µ𝑚/pixel. The proprietary
ZEISS file formats were exported as .jpg images with as little
loss of quality from compression as possible. These .jpg files
can be used directly by the deep learning models. 135

2.2 Instance Segmentation Models

Instance segmentation is a subset of image segmentation meth-
ods that aims 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) 140

models trained on ground-truth labels. Convolutional neural
networks are ideally suited for image processing as they can
effectively combine both image channel (eg. RGB) and spatial
information. Furthermore, deep neural networks, as opposed
to more conventional machine learning models, go a step fur- 145

ther with the ability to learn their own features through their
optimisation process [LeCun et al. 2015]. This diminishes the
need for precise feature engineering, where the user attempts
to create new features manually, as the model will automati-
cally learn the best set of features for the given task as long as 150

they are trained well. Therefore all images in the present work
are input to the model in RGB colour space as acquired directly
from the microscope camera with no other features identified
manually. Any other colour space can be reproduced by the
model’s feature extraction stage if it is deemed suitable during 155

model training. A key disadvantage of this approach is that
neural networks inherently produce black box models and it
is not possible to justify all of the models’ actions. Explainable
AI is a major area of ongoing research within the deep learn-
ing community. 160

A schematic view of the operation of such models for the
segmentation of plagioclase feldspar is shown in Figure 1. In-
put images are first processed by deep convolutional layers
to generate a stack of feature maps. These feature maps, as
explained above, are a result of complex mathematical func- 165

tions applied to all image channels with additional spatial in-
formation from the convolutional operation over a range of
lengthscales. In the models used in the present manuscript
this is done by pooling spatial information together from up
to 322 pixel2 area which allows the model to learn from more 170

regional contexts, but it often leads to loss of information at
the smallest lengthscales. The effect of this pooling operation
will be the subject of discussion in the performance evalua-
tion section. Based on these features, composed of RGB and
spatial information, the model proposes a large number of re- 175

gions of interest. The calculated regions are then evaluated
based on a trained scoring strategy for the given application,
and any region below a threshold score is discarded. For the
particular method described in this paper, regions with low
scores would be those not containing plagioclase. Surviving 180

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
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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 (CSD) and aspect ratio (AR) distributions. Specific terms used to indicate the type of
segmentation results such as bounding box or mask is indicated as appropriate for clarity.

resulting segmentation. From here on these will be referred to
as detection scores. There is a temptation to use these as prob-185

ability values but this should be avoided because this model,
in contrast to Bayesian Neural Networks, is not conditioned
over a distribution of parameters. The score simply reflects
the confidence of the model in its results as a score between
0 and 1.190

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.
Bounding box approaches are used universally in object de-195

tection tasks where exact pixel-by-pixel location and shape
of objects are not important, but their number and approxi-
mate location within an image is of interest. For the present
application, the image masks generated are more useful and
are identical in form to segmentation generated through most200

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 established image processing techniques [Schneider et al.
2012].205

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 210

[Chen et al. 2019a] 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. HTC and DetectoRS are later modifications to Mask R- 215

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 220

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 225

R-CNN on the rock samples used for training here.
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Figure 2: Overview of the approach developed for detection on large area section scans and the post-processing step for re-
moving overlapping segmentations. (a) The input image is initially sliced into the desired tiles with overlaps between them; the
individual tiles are used for the detection to reduce the computational power required, which are stitched together to produce
the final segmented image.(b) Schematic overview of the NMS (Non-Maximum Suppression) approach used in the present work
compared to the standard version most often utilized for object detection. Intersection-over-union (IoU) scores are introduced
as the primary way to calculate overlaps in images. Standard NMS algorithm uses bounding boxes to check for object overlap
and suppresses highly overlapped segmentations according to that. In the present case, bounding boxes are not a suitable met-
ric, therefore mask-based NMS is employed where IoU of masks are calculated to support suppression of objects. Overlapping
segmentations are in general assigned to the object with the highest detection score; this are is removed from any other object.
The subscripts G, B and R refer to the green, blue and red colours of the areas shown.

2.3 Inference Software Implementation

We designed the bulk of the software written for this paper
to provide a user-friendly interface between the deep learn-
ing model and its geological application. The main aim is230

to make the method accessible for researchers with moderate
Python experience as well as enabling its incorporation into
pre-existing subroutines or methodologies. This approach
will allow other researchers to custom-build on top of the ba-
sic textural analysis performed in this paper. Popular and re-235

liable Python tools for image processing from the scikit-image
[Van der Walt et al. 2014] library are heavily utilized to anal-
yse the results and build directly onto the inference routines
in the MMDetection API. High-throughput use of the present
method is enabled by custom tiling and stitching routines of240

entire thin section scans as well as a custom post-detection
processing algorithm that was developed for more realistic
detection results. Panorama images of entire thin sections

imaged at close to micrometer resolution have image sizes on
the order of 20,000×20,000 pixels. Segmentation of these large 245

images with the deep learning models, known as inference,
would require exceedingly large amounts of memory, on the
order of 100GB or more. Therefore, a custom tiling strategy
is employed during inference; a simple schematic is shown
in Figure 2(a). Each panorama image is sliced into separate 250

overlapping tiles according to the user’s preferred size - for
example 1,000×1,000 pixels with 100 pixel overlap on each
side. The model performs inference on each tile image in se-
ries and the results are stitched together resulting in the same
panorama image as before, but with each plagioclase crystal 255

segmented.
We employ a very simple stitching strategy, with the core
aim being to avoid over-segmenting crystals that lie across
multiple tiles. Each tile is taken in turn to be stitched together
row-wise until we have a complete set of all rows stitched 260
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