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ABSTRACT
Automation using deep learning methods is a useful alternative to manual methods of petrographic segmentation, but often
requires user familiarity with coding and/or algorithms. We examine the DragonflyTM program’s deep learning tools for appli-
cation by userswith a variety of skill levels as amethod for petrographic image segmentation. An image processingmethodology,
bimodal image stacking, was created for low-input-data, high-efficacy training of models which can then be applied to varied
samples. Using backscatter electron images we show that the resulting model segmentations agree with manual segmentation
total and modal crystallinity values within 5 %, and calculated plagioclase crystal size distribution (CSD) values within 2σ, de-
spite limitations in discriminating mafic phases. Model creation and training takes <24 hours, 1–3 hours of which are supervised,
and the resultant model can then be applied to new uncharacterized samples in <15 minutes per image. This allows for non-
experts to create and utilize deep learning models to segment images of variable brightness and texture, at low user-time cost
and resulting in size and shape data which are within uncertainty of manual segmentation. While some limitations are noted
(for example, sieve-textured phases may need manual correction, and different minerals with similar BSE intensity may not be
resolved as separate phases), this methodology can be utilized for general application of models to wide ranges of volcanic
crystalline and bubble textures, and to create a library of models for rapid petrological analysis during volcanic eruptions.

KEYWORDS: Comet Dragonfly™; Deep learning segmentation; Bogoslof volcano; CSD; Basalts.

1 INTRODUCTION
The characterization of bubbles and crystals in volcanic prod-
ucts provides important information about pre-, syn-, and
post-eruptive magmatic systems and processes. Of particu-
lar importance are crystal size and aspect ratio, which record
eruption dynamics [e.g. Wright et al. 2007; Mujin and Naka-
mura 2014; Cashman 2020], thermal and degassing history,
and disequilibrium in the volcanic system [e.g. Wallace and
Carmichael 1994]. These parameters are traditionally calcu-
lated from segmentation of crystal and bubble phases in two-
and three-dimensional images [Cashman 1988; Innocenti et
al. 2013; Valdivia et al. 2022; Preece et al. 2023] captured from
reflected/transmitted light microscopy, backscattered electron
imaging (BSE), compositional mapping by energy or wave-
length dispersive spectroscopy (EDS/WDS), or computed to-
mography (CT). Segmentation can be readily conducted on
chemical maps obtained by EDS or WDS [e.g. Higgins et
al. 2021; Sheldrake and Higgins 2021; Halverson et al. 2024];
however, these methods require significant instrument time
and can be financially costly, resulting in smaller datasets
which provide less robust statistics on the overall sample. In
most cases, the segmentation of these image types is usually
done by image thresholding or manual delineation.
Image thresholding of BSE or reflected light images is
a quick and effective way of segmenting crystal phases in
crystal-poor samples with large amounts of grayscale con-
trast between crystal phases, glass, and bubbles. However,
many samples contain phases which have a similar mean
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atomic number to the surrounding glass, or to other phases,
or may show internal chemical changes within the crystals
themselves. These factors can result in poor separation by
grayscale thresholding and commonly require manual seg-
mentation (outlining and infilling of crystals using tracing or
drawing tools in image editing software), and a significant time
investment. Phase segmentation in volcanic materials is thus
an ideal area to apply deep learning techniques to automate
time-consuming manual tasks.
While deep learning applications for phase segmentation in
geologic samples are becoming more common, applications to
volcanic samples are rare, often limited to individual phases
[e.g. Leichter et al. 2022], segmentation using grayscale values
[e.g. Lormand et al. 2018], or encompassing whole ash grains
[Benet et al. 2024]. A methodology which provides users of
varying skill-levels the ability to apply models to wide ranges
of volcanic crystalline and bubble textures, utilizing smaller
training datasets which are obtainable from limited scanning
electron microscope (SEM) time, or reflected light microscopy,
would be highly valuable for both general use and rapid tex-
tural analysis in volcanic eruption response settings [e.g.
Gansecki et al. 2019].
Here we investigate the utility of a free-for-non-commercial-
use graphical user interface tool for deep learning segmen-
tation of rapidly acquired BSE images in Dragonfly™. We
apply this to a case study from the 2016–2017 eruption of Bo-
goslof volcano, Alaska, which produced an extended series
of violent explosions and effusive periods with a variety of
crystalline eruptive products from basaltic to trachytic com-
position.
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1.1 Imaging and machine learning background

Image segmentation for crystal and bubble morphological
analyses has been utilized in geology for decades [e.g. Cashman
1988; Hammer et al. 1999; Blundy and Cashman 2008; Shea et
al. 2010; Iezzi et al. 2011; Lanzafame et al. 2013; McClinton et
al. 2014; Yasuda and Hokanishi 2022; Preece et al. 2023]. This
is done primarily using microscope images, either from trans-
mitted/polarizing/reflected light or SEM. Both techniques re-
sult in images where crystal phases can be distinguished from
one another and any surrounding glass by a variety of factors,
including brightness, contrast at crystal edges, and internal
and external morphology. In SEM BSE imaging of samples
containing crystal and glass phases with large differences in
mean atomic number, grayscale thresholding segmentation is
a fast and easy method of crystal delineation. In this scenario,
crystal and bubble phases are easily separated from any in-
terstitial glass, and one another, allowing for determination of
their size and shape parameters [e.g. Shea et al. 2010].
However, many samples contain crystals which are com-
plexly zoned or sieved, and/or phases which have similar
atomic-number grayscale values to other phases, including
surrounding glass. This complexity is exacerbated in reflected
light imaging, as the difference in contrast is not determined
by chemical characteristics of the mineral phases, but by their
color and reflectivity. As such, in both SEM and reflected light
imaging, it is common to have pixel values which crossover
between phases, causing overlapping segmentation. Simple
thresholding will then result in large errors in phase selection,
as certain areas are assigned to the wrong phase based on
grayscale values alone.
While manual segmentation is widely used to combat this
issue, it is highly time intensive, resulting in either low robust-
ness in statistics due to small amounts of data collected, or to
a large amount of time designated to this task. In these cases,
deep learning can be very useful.
The term “deep learning” applies to a subset of machine-
learning algorithms which utilize multi-layered neural net-
works to enhance the ability of computers to learn from data
inputs [Sarker 2021]. For the purposes of this paper, we focus
on semantic segmentation models, a subset of deep learning
models. These are built specifically for image classification
and have been used to segment portions of geological samples
based on chemistry, morphology, and spatial relationships [e.g.
Iglesias et al. 2019; Chen et al. 2020; Koh et al. 2021; Liu et al.
2021; Di Martino et al. 2023; Jutzeler et al. 2024]. This is an
automated segmentation method using supervised classifica-
tion to train a neural network to identify objects, such as for
medical imaging or computer vision. This allows discrimina-
tion of phases of interest both spectrally (color, chemistry) and
spatially (shape, spatial relationships). Segmentation is usually
kept to 2–3 phases, and often requires the use of hundreds to
thousands of training frames (subsets within images or en-
tire images within larger datasets) for robust training. This
requires large amounts of user time to manually label train-
ing data, as well as time and computational expense in the
training and application of the models [e.g. Chen et al. 2020;
Koh et al. 2021; Liu et al. 2021; Malik et al. 2022]. For rapid
volcanic textural characterization, however, even with the po-

tential for higher uncertainty, it would be useful to be able to
train and apply deep learning models quickly from limited,
diverse datasets.

1.2 Geological background

We use the Bogoslof volcano 2016–2017 eruption as a case
study because of the diversity of eruptive products and the
critical nature of magma textures in the components of the
eruption and regulating eruption style. Bogoslof volcano is
an emergent back-arc volcano in the Aleutian Islands whose
nine-month long eruption in 2016–2017 consisted of a series
of explosive episodes along with occasional short-lived peri-
ods of dome growth [Waythomas et al. 2020a; b]. The com-
plex nature of the eruptive sequences, as well as the explo-
sive nature and predominantly basaltic composition [Loewen
et al. 2019], provides a series of interesting textural compo-
nents with which to test our models.
Samples from throughout the eruption were collected after-
ward by Alaska Volcano Observatory scientists in 2018 and
2019. These were composed of distinct chemical and mor-
phological endmembers. Loewen et al. (2019) described three
different components of large lapilli/block size: 1) basaltic sco-
ria, 2) light colored trachyte composition pumice, and 3) dense
crystalline older lavas of intermediate trachyandesite compo-
sition.
Here we focus on the dense and scoriaceous basaltic large
lapilli and blocks, juvenile samples whose textural charac-
teristics may record information about storage and eruption
conditions. Four distinct samples were chosen which cov-
ered a range of textural characteristics, whilst containing the
same crystal phases (Table 1; Figure 2). These contain pla-
gioclase, clinopyroxene, orthopyroxene, amphibole, and oxide
phenocrysts, as well as vesicles and glass bearing microlites
of all phases with additional trace rounded olivine microlites
Coombs et al. [2019] and Loewen et al. [2019]. The variety of
size and shape for each phase across the four samples creates
a framework for determining best practices in developing a
segmentation methodology, which will allow for training and
application of low-data, high efficacy models for rapid image
segmentation and petrological characterization.

2 METHODOLOGY
The workflow presented here is a multi-step procedure which
consists of the image acquisition and the bimodal image stack-
ing pre-processing methodology, set-up and training of mod-
els in Dragonfly™, selection of models, and analysis of model
segmentations (Figure 1). A detailed description and standard
operating procedure (SOP) can be found in the supplemental
files for those who wish to deploy these techniques (Supple-
mental Material 1a,b – SOP).

2.1 Image acquisition

2.1.1 Sample choice and preparation
We chose four samples to use as training data for this study,
18CW100-10, 18CW100-16, 18CW100-22, and 18CW100-30
(Table 1). These samples are representative of the basaltic
textures produced by this eruption. The samples all have the
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Table 1: List of samples from the Bogoslof volcano 2016–2017 eruption used in this study. The first four were used for training
and validation of subsequent modal statistics of crystals, while the last two were used to determine model validity in entirely
new samples. See Supplementary Material 3 for schematics of where each image subset is positioned in original mosaic.

Sample name Sample type Subset
used for modal abundances,
aspect ratio, and area used for CSD calculations

18CW100-10 Basaltic scoria with
entrained clasts Image la Image 1b

18CW100-16 Basaltic scoria Image 2a Image 2b

18CW100-22 Dense scoria with in-
termediate enclaves Image 3 Image 3

18CW100-30 Dense basalt Image 4 Image 4

18CW100-11 Dense basalt with
vesicular enclave N/A - Samples used to test model on images

dissimilar to those used to train the model18CW100-13 Dense basalt with
dixytactic enclave

Figure 1: Schematic workflow from sample choice to data analysis of the methodology presented herein.

same assemblage (six phases in BSE images: vesicles, glass,
and four distinguishable crystalline phases), but span the var-
ied textures of those phases seen in the samples (intergrowths,
change in size, etc.). This sample set provides a robust suite
of training imagery for the model, which will enable it to be
applied to a wider range of samples with the same phase as-
semblage.
Cylindrical cores of representative portions of the samples,
1.5 cm wide by 1–3 cm tall, were mounted in epoxy, then cut
into 1.5 cm× 8 mm disks. These disks were then polished and
a 22 nm carbon coat applied for SEM use. While disks were
utilized during this work, any polished sample (thin section,
grain mount, etc.) which can be imaged at sufficient resolution
can be used.

2.1.2 Imaging criteria
We collected images using the BSE detector on a JEOL JSM-
6510 LV Scanning Electron Microscope at the U.S. Geological
Survey Alaska Volcano Observatory’s Tephra Lab. Each im-
age was taken with an accelerating voltage of 20 kV, a work-

ing distance of 12 mm, spot size (~beam current) of 65, and
a resolution of 0.21 µm per pixel. Individual image frames
collected were 4096 by 3072 pixels in size, and we merged
25–35 images using the Automated Photomerge tool in Adobe
Photoshop® to create a mosaic with an average total image
area of ~9.5 mm2.

Where possible, brightness and contrast were adjusted dur-
ing imaging to provide either the highest contrast between
phases at the time of imaging without saturation of any phases,
or skewing the image toward darker values, which could be
more easily modified post-processing. Fluctuation in beam
current over long imaging sessions resulted in small shifts in
the contrast and brightness between images, requiring ad-
ditional post-processing grayscale normalization for mosaics
(detailed in Supplementary Material 1a,b – SOP).

While BSE images were used for this work, images obtained
by any microscopy imaging technique can be used, including
polarized and reflected light microscopy [Halverson andWhit-
tington 2025].
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Figure 2: Example of the Bimodal Image Stack architecture. Each image is 2.7 × 2.5 mm in size, for an area of ~7 mm2.

2.2 Image pre-processing

Due to possible variation between individual images in bright-
ness, contrast, and grayscale values, whether from different in-
struments or users, or instrumental fluctuations, pre-training
processing of images is necessary to ensure models can be ap-
plied to a wide range of images. We developed a methodol-
ogy of image selection and pre-processing the bimodal image
stack, which allows for the use of non-ideal images in segmen-
tation by rapidly trained models (Full SOP of the following
methodology is located in Supplemental Material 1a,b).

2.2.1 Image selection

A suite of images (hereafter referred to as the ‘original’ images)
should be chosen for training which encompass the full range
of phases, grayscale values, and textures seen in the samples
and images the user wishes to segment with the subsequent
model (Figure 2, first row). More training images will result
in more robust models; however, the user should weigh the
time and computational constraints prior to creation. Larger
datasets require more time to create training images, which
is done manually, and result in longer training times for the
models.

We selected four images, one from each sample, which
spanned large enough areas to provide statistical information
on crystal characteristics for model training and validation
purposes, and encompassed all textures seen throughout the
samples. Using these, we created the bimodal image stack
images using the following steps carried out using the FIJI ®
software [Schindelin et al. 2012, ImageJ 1.54f].

2.2.2 Histogram equalization

Histogram equalization is the task by which the brightness
histogram of an image is modified to have an equal distribu-
tion across the whole range of grayscale values. Because most
images of the same material will have similar relationships
between the grayscale values of each phase, regardless of the
brightness of the image, this increases the contrast between
phases.

Using the original image suite, we performed a histogram
equalization on each image in the suite separately. For those
images which were mosaics, we applied the histogram equal-
ization separately on each frame within the mosaic before
stitching them together. The suite of images is then compiled
into the Mode 1 suite for model training (Figure 2, second
row).

2.2.3 Histogram clipping

Histogram equalization is very reproducible, and can enhance
contrast, but often results in aberrations in mosaicked images
where slight changes in brightness and contrast during col-
lection causes variable brightness and contrast across the im-
age. Additionally, this equalization process shifts more pixels
into the higher and lower grayscale values, which can reduce
contrast at the extremities of the grayscale. To counter this
shift, a second suite of images is created using manual his-
togram stretching to clip maximum (brightest) and minimum
(darkest) pixel values. In our samples, the brightest pixel val-
ues belong to Fe-Ti oxides, whereas the darkest pixel values
belong to vesicles. We ensured that neither of these phases
were over- nor undersaturated during imaging. This provides
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a reproducible process to apply to other images that enhances
contrast between phases near the grayscale extremities.
As with the histogram equalization, histogram clipping is
performed on each image from the original suite separately,
and to frames within mosaics prior to stitching into the mosaic.
The newly clipped images are then compiled into the Mode 2
suite for model training (Figure 2, third row).
The two sets of images described above are compiled to
become the two inputs for model training, which doubles the
training data created in essentially the same amount of time.

2.3 Development of image segmentation models

Deep learning often requires significant pre- and post-
processing of data, and a working knowledge of the vocab-
ulary of machine learning applications, and their associated
code. The Dragonfly™ software (version 2022.2 used here;
only available for Windows and Linux; link in Supplemen-
tary Material 1a,b – SOP to the newest 2024.1 version) imple-
ments multiple tools which allow for easy utilization of multi-
ple types of machine- and deep learning models [Makovetsky
et al. 2018]. In particular, the Segmentation Wizard feature
allows users to create, train, and validate models with minimal
user knowledge or input. For non-expert users, sets of models
can be chosen by user-specified characteristics, such as ‘sparse
training data’ or ‘high accuracy.’ Each option includes certain
models which are presented to the user as a package, which
can be trained directly as a set unless otherwise specified.
Here, we use the UNET and UNET++ model architectures
[Ronneberger et al. 2015; Zhou et al. 2018]. These models,
which were written for use in medical imagery, are partic-
ularly useful in image segmentation, as their U-shaped con-
struction allows for convolution of the original image to de-
termine ‘occurrence’ of the assigned objects, but then decon-
volution back to the same resolution as the original, effectively
providing a ‘where’ to the objects, rather than just an ‘if.’ Ad-
ditionally, this model augments image frames during training
with variations in elastic deformation (distortion of lines in
the images) and scaling (changing in scale of the images) to
increase robustness of the output models [Ronneberger et al.
2015; Zhou et al. 2018], which is extremely useful for small
datasets. While the elastic deformation aspect may be consid-
ered problematic for segmentation of crystals with particular
morphologies, we did not find this to be an issue.

2.3.1 Creation of training frames

In the Segmentation Wizard, training frames are created
from the input images, and all pixels within those frames are
assigned to a ‘class’ (discernable crystal types, vesicles, glass,
etc.) chosen by the user. For the best outcomes, each training
frame should contain all phases to be segmented. Three train-
ing frames (each ~0.1 to 0.25 mm2) per image was the min-
imum number that produced acceptable results from train-
ing the models. This may vary depending on size of training
frames, feature size, and the size of the images themselves,
but for the images used here, three was determined to be the
most efficient number of frames for the desired outcome (see
Supplementary Material 1a,b – SOP for more details).

In each sample used here, the images displayed four dis-
cernable crystal phases: a) a dark tabular crystal, b) a bright
white crystal of relatively equant shape, c) a lighter medium-
gray phase, and d) a darker medium-gray phase. To deter-
mine exact phases present, we used point EDS data in each
of these phases. The dark tabular phase was determined to
be plagioclase and the bright white phase Fe-Ti oxide.
However, the two medium-gray phases are more ambigu-
ous. While the spot checks of three random crystals from
each indicated the lighter of the two was orthopyroxene and
the darker of the two was clinopyroxene, cleavage and habit of
some crystals within the darker phase indicated they were am-
phibole. This is expected from these samples, as past research
has determined 3–10% amphibole in basalts from this erup-
tion [Loewen et al. 2019]. Additionally, Loewen et al. [2019]
indicated that some olivine microlites were possible, which
would group under the lighter medium-grey phase. For the
purposes of creating training data, it was impossible to distin-
guish between all the amphibole and clinopyroxene crystals
where neither distinct habit nor cleavage were visible, as well
as between olivine or orthopyroxene microlites. As such, the
medium-gray phases are simply referred to as Mafic 1 (the
darker medium-gray phase containing both amphibole and
clinopyroxene) and Mafic 2 (the lighter gray phase containing
orthopyroxene and possible olivine microlites).
These four discernible crystal phases (Plagioclase, Oxides,
Mafic 1, and Mafic 2) were segmented manually in all train-
ing frames, along with vesicles and glass, to ensure all pixels
within the frames were allocated to one of the crystal phases,
glass, or vesicles.

2.3.2 Training
Once the frames are finalized, model architectures can be cho-
sen. We trained UNET and UNET++ models of 32–128 initial fil-
ter count and 5–7 levels and found that filter sizes of 32–64 and
6–7 levels were optimal for both the segmentation and training
time (~24 hours on a workstation with 98 GB RAM and AMD
Ryzen Threadripper 3960X, for a total of 576 CPU-hours). The
filter size dictates how large, by pixels, the individual portions
of the training data filtered through the architecture are, while
the level number indicates how ‘deep’ the architecture is and
equates loosely to how complex the segmentation criteria are,
with more layers used for more complex segmentation. Both
can greatly affect training time, especially filter size.
Optimization of these parameters was done qualitatively
by applying trained models of varying architectures to dif-
ferent sections of the images than those upon which they
were trained, and to new images, and visually determining
whether they sufficiently segmented the appropriate phases
in a ‘pass’/‘fail’ system. In models with fewer levels, the mod-
els did not capture the crystal edges, nor variation in crystal
type well between images, while higher filter sizes resulted in
no appreciable difference in segmentation, but much longer
training timeframes, and larger model size.
The only quantifiable metric given by Dragonfly™ during
the Segmentation Wizard training to determine validity of
models is the Dice score (also known as an F1-score). This is
calculated as:
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Dice score = 2 𝑇𝑃
2 𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁

(1)

where 𝑇𝑃 is the number of true positives (properly assigned
pixels), 𝐹𝑃 is the number of false positives (model segmen-
tation pixels assigned incorrectly to a phase), and 𝐹𝑁 is the
number of false negatives the model finds (model segmen-
tation pixels assigned to a different phase than manual seg-
mentation had identified. For more details, see Segmentation
Wizard Interface∗). This score acts as an indication of the
precision of the model compared to validation data. While it
is a useful first step metric if comparing differing model archi-
tectures (UNET vs. UNET++ vs. Random Forest, etc.), it should
not be the only criterion used to determine model viability,
as the Dice score will inevitably increase with overfitting to
the data offered. Qualitative determination by model segmen-
tation on new frames (i.e. visual inspection of the segmenta-
tion and judgment of goodness-of-fit), as described above, is
a better method for determination of model validity whilst in
a training/fine-tuning phase. We acknowledge this may not
be the most accurate metric by which to determine model ro-
bustness; however, it is the only rapid way to do so in this
off-the-shelf manner without the need to export the data and
generate confusion matrices by hand.
It can be tempting to train models until they fit the training
data perfectly. However, this can result in overfitting, where
the model becomes too specialized during fine-tuning (train-
ing iterations after initial creation and training of the model),
reducing its generalizability, and thus performing worse on
new, unseen data. Consequently, one training session and
one fine-tuning session are suggested. Here, a ‘training ses-
sion’ refers to the first time that the model is allowed to iterate
for 100 epochs or until a certain ‘loss criterion,’ which is the
difference between training and validation data (areas of the
training frames set aside for comparison), is reached. Any ad-
ditional ‘re-training’ steps after the initial creation and training
of the model are considered to be ‘fine-tuning’ sessions.

2.4 Utilization of segmentation data

Of particular interest for this study is the comparison between
data derived from model and manual segmentation. Textural
information of crystal size and shape is utilized in several ways,
including (i) volume fraction for use in rheological calculations
[e.g. Costa 2005; Cimarelli et al. 2011], (ii) microlite and bub-
ble number density, and crystal size distribution (CSD) graphs
for the purpose of crystal/bubble residence/growth time cal-
culations [e.g. Shea et al. 2010; Cashman 2020], and (iii) strati-
graphic correlations [Jutzeler et al. 2024].
To test model efficacy for such calculations, four new sub-
sets (each 0.26 mm2) of the larger mosaics taken from each
sample are segmented both by the model, and manually
through a combination of tracing crystals and thresholding.
Bulk volume fraction is approximated by area fraction and
calculated by combining all segmented crystal phases. When
internal sieving was seen in plagioclase, we applied the ‘fill
∗https://www.theobjects.com/dragonfly/dfhelp/2024-1/Content/
Artificial%20Intelligence/Segmentation%20Wizard/Segmentation%
20Wizard.htm

holes’ function so that the entire phenocryst was treated as a
single object in the final model segmentation. The area frac-
tion of each phase is reported both before and after this func-
tion is applied (Table 2).
For more detailed crystal characteristics, it is necessary to
separate all non-touching groups of pixels in each class into
separate objects, turning a Region of Interest (ROI; all pix-
els defined as a certain class/phase) into a Multi-ROI (where
all touching pixels in a particular class are grouped individu-
ally, resulting in separate crystals or groups of touching crys-
tals). For each image segmented, the size (measured as the area
(mm2)), long axis (mm) and short axis (mm), and aspect ratio
of the Multi-ROI-divided crystals for each phase were calcu-
lated in Dragonfly™ and output as a .csv file for analysis. We
additionally utilize these data to calculate CSD of plagioclase
crystals, which are well suited to growth time calculations due
to well-constrained growth rates [e.g. Cashman 1988; Shea and
Hammer 2013; Arzilli et al. 2015; 2019; Moshrefzadeh et al.
2023].
To calculate CSD, separate larger subsets from the mosaics
of 18CW100-10 and 18CW100-16 (1.6 and 2.8 mm2, respec-
tively) were used for CSD calculations to ensure inclusion of
the largest phases seen. As these were so large that manual
segmentation would have required tens of hours to segment
all phases, we only used these larger Image 1b and Image
2b frames for plagioclase CSD calculations of those samples.
Image 1a and Image 2a refer to the original 0.26 mm2 subset
frames upon which the rest of the crystal data were calculated
(See Supplementary Material 3). All objects of ten or fewer
pixels were removed [Hammer et al. 1999], to ensure that no
erroneous pixels bias the CSD. In addition, we removed any
object cut off by the boundary of the image, so that no incom-
plete values were included.
The long and short axes data for individual plagioclase crys-
tals were exported from Dragonfly™ and used to estimate
the third dimension in HabitEst3D software [Li et al. 2022].
These dimensions were fed into the CSDCorrections appli-
cation [Higgins 2000], which generates CSD graphs. Different
size populations within the samples are delineated by changes
in slope of the CSD curves. Through each of these regions a
linear regression is fitted, the slopes of which can be used
to calculate the crystallization/residence time (τ) of those size
populations:

τ =
−1

slope × 𝐺𝑇

(2)

where the slope is the slope of linear regression on the CSD
graph for a particular size fraction and 𝐺𝑇 is the growth
rate (mms−1) of the phase in question (in this case, pla-
gioclase) [Marsh 1988; Higgins 2006]. We used four dif-
ferent growth rates of plagioclase in these calculations as
upper and lower bounds for deep-conduit growth for the
larger crystals: 10−6 mms−1 [Shea and Hammer 2013] and
10−7 mms−1 [Arzilli et al. 2015], respectively; and upper and
lower bounds for upper conduit/syn-eruptive growth for the
smaller crystal populations: 10−4 mms−1 [Arzilli et al. 2019]
and 2× 10−5 mms−1 [Arzilli et al. 2015], respectively.
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We created CSD plots and used these to calculate crystal-
lization time for both model and manual image segmentation
on areas at least twice that of the largest crystals seen for each
sample. While detailed petrological interpretation of the sam-
ples would require analysis of larger areas, these images are
large enough to gain information on crystal shape and size
differences between manual and model segmentation, espe-
cially when carried out across four separate samples, which
all contain different textural characteristics (Figure 3).

3 RESULTS
A UNET model with 64 filter size and 7 layers was the best
fitting for the training and validation data, with a Dice score of
~0.95 out of 1 (Equation 1). Training was halted after one fine-
tuning round, with the total time for training and fine-tuning
lasting an average of 12 hours each on the same workstation
described previously.
Two model records are given in Table 2, one directly from
the Dragonfly™ output, and one labeled ‘filled plagioclase’
where the ‘fill holes’ tool was applied. This simple post-
model step resulted in an increased similarity in total crys-
tallinity with the manual segmentation, most strongly seen in
Image 1a. Comparison of the ‘filled plagioclase’ model to man-
ual segmentation shows a very similar crystal area fraction
within 0.5–4% (Table 2) for vesicle normalized calculations.
Additionally, the difference in modal area calculated for each
phase was <5% for all phases except Mafic 2, which has an
average difference of ~25% (Table 2). If Mafic 1 and Mafic
2 are combined into one phase, their average difference in
modal area becomes ~6%.
The ability of the model to provide reasonable shape and
size characteristics for individual crystals in each phase is
equally important. For each phase in each image, the 2D
aspect ratio, minimum and maximum axis length, and total
2D area was recorded, and subsequently compared with the
same values from manual segmentation. Figure 3 showcases
frequency distributions for Mafic 1 crystals in all four images
by their aspect ratio (Figure 3A) and 2D area (Figure 3B). All
the images have similarly increased frequency of low-aspect
ratio (more equant) Mafic 1 crystals segmented by the model
than by manual segmentation, on average ~3 times more by
model segmentation. However, the decay in detections with
increasing aspect ratio appears comparable between manual
and model segmentations per image. This results in very simi-
lar cumulative aspect ratio distributions, with a strong increase
at low aspect ratios and tapering off at high aspect ratios. Im-
ages 2 and 3 have slight deviations, due to gaps in aspect ratio
distributions which differ between model and manual seg-
mentation. All other phases show similar patterns to Image
1a and Image 4 Mafic 1 aspect ratios, with very similar cu-
mulative frequency curves across all images (Supplementary
Material 6).
Crystal area for Mafic 1 shows similar patterns across all
four images, with the model reporting larger amounts of small
crystals (Figure 3; Supplemental Material 6). On average, the
model finds ~5 times more crystals of sizes 1–50 µm2 than
the manual segmentation, resulting in an average of 1.8 times
increase in cumulative area over those sizes. This results in
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Figure 3: Aspect ratio [A] and 2D area [B] histograms of Mafic 1 for Images 1–4. Comparison of model vs. manual segmentation
of this phase indicate that aspect ratios are similar, while many more objects of small areas are segmented by the model than
by manual segmentation. The same graphs for all other crystal phases are available in Supplementary Material 6.
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Figure 4: Plagioclase CSD graphs made from application of the model to new sections of the samples used in model training.
L is the stereologically determined longest dimension of the crystals, the population density is the number of crystals of that
size per volume [Higgins 2000]. Manual segmentation values are in blue, while those from the model are in orange. The dashed
and dotted lines indicate the linear regressions for the larger crystal size populations and smaller crystal size populations,
respectively. The slope of each linear regression is used to calculate growth times for each population and shown in the table
at the base of the figure.

Table 3: Comparison of model versus manual segmentation plagioclase
CSD calculated growth times for the bimodal populations of crystals
seen in each image.

Crystallization/residence time
Days∗ Days∗∗ Minutes† Minutes‡

A - Deeper conduit (Model, Manual) 0.7, 0.8 6.7, 8.0Image 1 B - Shallow conduit/Syn-eruptive (Model, Manual) 1.6, 2.3 8.1, 11.4
A - Deeper conduit (Model, Manual) 1.2, 1.0 12.3, 10.2Image 2 B - Shallow conduit/Syn-eruptive (Model, Manual) 2.5, 2.0 12.5, 9.9
A - Deeper conduit (Model, Manual) 2.0, 1.9 20.3, 19.1Image 3 B - Shallow conduit/Syn-eruptive (Model, Manual) 2.5, 2.8 12.4, 14.2
A - Deeper conduit (Model, Manual) 0.8, 0.6 7.5, 6.2Image 4 B - Shallow conduit/Syn-eruptive (Model, Manual) 1.6, 1.5 7.8, 7.6

∗ Time calculated using growth rate of 10−6 mm s−1;
∗∗ Time calculated using growth rate of 10−7 mm s−1;
† Time calculated using growth rate of 10−4 mm s−1;
‡ Time calculated using growth rate of 2 × 10−5 mm s−1.
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Figure 5: Graphical illustration of model and manual segmentation calculated crystallization times. Upper and lower bounds on
the bars indicate the upper and lower growth rates for each proposed crystal growth depth.

a slightly steeper cumulative distribution of crystals by size,
due to the larger uptick in small crystals found by the model.
These values are strongly weighted in Image 3, where there is
a much larger uptick in detections in these size brackets by the
model over the manual segmentation than the other sample
images.
In the larger crystal sizes, 100 to 1000 µm2, the increase in
detection frequency by the model over the manual segmen-
tation is just ~1.2 times. This results in a decrease in slope
for model cumulative distribution and a slight steepening in
the cumulative curve for manual segmentation. The change in
slope results in overall similarly sloped cumulative size curves,
though less equivalent cumulative aspect ratio distributions.
This pattern of a higher number of small crystals detected by
the model over the manual segmentation is also seen in Mafic
2 and plagioclase (at different rates of increase), though the
opposite is true for oxides, where the manual segmentation
reports higher numbers of smaller size populations (see Sup-
plemental Material 6 for graphs for all phases).
Using Images 1b, 2b, 3, and 4, calculations of the CSD com-
parisons between manual and model segmented plagioclase
are shown in Figure 4. Model values are calculated directly
from the model ROIs, without any post-segmentation man-
ual modification such as filling of plagioclase, or manual seg-
mentation of missed or overestimated crystals. The variance
for each size interval was calculated using the approximation
2σ = 2

√
𝑁 [Higgins 2000; Gualda 2006], where 𝑁 is the crystal

number reported for each size interval from CSDCorrections.
All calculated values for the model and manual segmenta-
tions agree within these uncertainties for Images 1b, 2b, and

4. Image 3 shows a slightly increased population density in
the smaller phases obtained by the model relative to manual
segmentation. The crystallization times calculated from the
slopes of regression lines drawn through the CSD plots are
seen in Table 2. The choice of which points to include in the
linear fits, from which CSDs are calculated, introduces greater
uncertainty into the timescale calculation than any difference
between model and manual segmentation, which is always
less than 20% relative. The largest uncertainty, of about one
order of magnitude, comes from the choice of growth rate
utilized in the calculations (Table 3, Figure 5).
Finally, application of the model to samples not used in
training provided reasonable results (Figure 5 and Figure 6).
Confusion matrices are calculated unidirectionally by:

overlap of phase𝑥 =(
# of pixels of model phase𝑥
intersection with manual phase𝑥,𝑦,𝑧...

)
# of pixels in model phase𝑥

(3)

where the phasex,y,z,... in this case refers to the number of pix-
els the model or manual segmentation assigned to plagioclase,
oxides, Mafic 1, Mafic 2, glass, or vesicles. These matrices
provide quantification of the fidelity between model and man-
ual segmentation in samples upon which the model was not
trained.
In sample 18CW100-13, oxide and Mafic 1 phases have a
true-positive rate of >91%, while that of plagioclase is 85%
with the zoned and sieved centers assigned to glass. Mafic
2 is much more unreliable, with a true-positive rate of 43%,
with 41% assigned as false positives to Mafic 1 (Figure 6).
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Figure 6: Sample 18CW100-13, a basaltic scoria sample which
was not used in training. [A] is the original BSE image, [B] is
the manual segmentation of the image, and [C] is the model
segmentation. [D] A confusion matrix for model and manual
segmentation, where % is the % overlap (Equation 3). For ex-
ample, 92 % of the pixels the model designated as oxides are
true positive, while 3 % of the pixels designated as oxides are
actually Mafic 1, 1 % are Mafic 2, and 2% are plagioclase.)

Sample 18CW100-11 has a similar pattern in the confu-
sion matrix (Figure 7). Plagioclase has a true positive value
of 96.3%, Mafic 1 of 97%, and Oxides of 72.6%. The high
precision of the plagioclase, but the obvious omission of the
interiors of the large plagioclase crystals is due to 96.3% of
model assigned plagioclase overlapping with the manual seg-
mentation plagioclase, but as none of those pixels assigned
to plagioclase by the model overlap with the manually seg-
mented glass, the confusion matrix indicates high fidelity, even
with the large omissions. Instead, the confusion matrix reports
this mismatch in the glass segmentation, where approximately
55% of the glass assigned by the model overlaps with the pla-
gioclase values from manual segmentation.
Mafic 2 has a similar true to false positive rate as 18CW100-
11, where 50.2% are properly assigned, and 44.6% are as-
signed to Mafic 1. This pattern echoes that from the training
images, where oxide and Mafic 1 phases are accurately as-
signed, plagioclase is well segmented around the edges but
may require some small amount of post-processing to fill
holes, and Mafic 2 is the most falsely assigned.
No post-model-application manual segmentation was ap-
plied to these images, to ensure that the resultant values show-
case model efficacy only.

4 DISCUSSION
The automated segmentation model trained on these samples
shows good agreement with manual segmentation when ap-
plied to different areas of the same samples on which it was
trained (Table 1 and 2; Figure 3 and 4). Total crystallinity
shows an average difference of ~3% from manual segmenta-
tion, while individual phases are within <6% of manual seg-
mentation. Shape comparison of individual crystals of each
phase indicates similar distributions of aspect ratios of model
and manual segmentation (Figure 2, Supplementary Material
6), although the model reports higher detections for each as-
pect ratio value than manual segmentation, especially in the
lower aspect ratios. This may be due to anomalous pixel de-
tections, which predominantly add to the small, equant crystal
populations; or loss of edges of crystals by the model in sam-
ples, shortening elongate crystals and resulting in more equant
geometries reported.
A comparison of the 2D area of individual crystals results
in a general trend of a higher frequency of small crystal detec-
tions by the model for all phases, except for oxides, where this
is reversed. The former trend is likely due to some amount
of anomalous pixel detections, although some objects may be
truly segmented due to a heightened sensitivity of the model to
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Figure 7: Sample 18CW100-11 a basaltic scoria sample which
was not used in training. [A] is the original BSE image, [B] is
the manual segmentation of the image, and [C] is the model
segmentation. [D] A confusion matrix for model and manual
segmentation, where % is the % overlap (Equation 3).

pixel-level changes when compared to manual segmentation.
Conversely, the reversal of the trend for oxides may be due to
the thresholding used in manual segmentation, which likely
resulted in the inclusion of non-associated pixels as oxides by
brightness value alone.

Plagioclase CSD calculations using values from the model
result in very clear similarities with the manual segmentation
values, even without post-processing to fill sieved crystals. For
Images 1b, 2b, and 4, values from each size range fall within
error of one another, rendering the graphs statistically iden-
tical. Image 3 shows some separation between the manual
and model segmentation CSD values, predominantly in crys-
tals <0.1 mm. As with the crystal area, this discrepancy may
be due to the two factors of a) anomalous pixel detection by
the model, or b) the sensitivity of the model to pixel-scale ob-
jects. As this sample shows very diffuse edges of the plagio-
clase crystals, the latter would result in the model detecting
smaller objects (e.g. microlites) which could be missed en-
tirely in manual segmentation. When the CSD is propagated
to calculate residence time, there is less than 20% difference in
results from crystal segmentation between model and manual
segmentation in this specific case (Table 3), which is less than
uncertainties from choices in data selected for line fitting and
the assumed crystal growth rate (Figure 5).

Sample 18CW100-13, on which the model was not trained,
shows distinct segmentation of oxides, Mafic 1, and plagio-
clase (Figure 6). However, Mafic 2 is equally likely to be as-
signed as Mafic 1 as it is a true positive. This is echoed in
sample 18CW100-11, where Mafic 2 has a true-positive rate
of 50.2% and a false positive rate with Mafic 1 of 44.6%. The
three other crystal phases show similar true positive rates to
those in sample 18CW10-11, with the added complexity of the
higher amount of intergrowth between plagioclase. In this
case, while much of the manually segmented plagioclase is
designated as glass by the automated model, inspection of the
images indicates that the model may be stronger at delineating
the edges of the intergrown plagioclase crystals around small
glass pockets than the manual thresholding segmentation. As
such, the model trained on these samples may in fact be able to
detect crystal edges in samples with diffuse crystal boundaries
and/or intergrown textures better than manual segmentation
can.

We find that models trained on only a few images, in the
bimodal image stack structure, produce results in close agree-
ment with manual segmentation for total crystallinity, and raw
size and shape statistics. These would also propagate into
analyses using this data, such as calculating the impacts of
crystal textures on viscosity [e.g. Costa 2005].
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4.1 Limitations and considerations

There are a few main limitations and considerations for using
this automated approach (for a more detailed list, see Supple-
mentary Material 1a,b – SOP).

1. Samples with different crystal assemblages must have
their own individual model for detailed image segmentation.
If the model has not been trained on a certain phase, it will as-
sign pixels based on phases it has been trained on, resulting in
a mismatch for that phase. We recommend that a maximum
of one training session and one to two fine-tuning sessions be
carried out to avoid overtraining the models (Supplementary
Material 1a,b – SOP, 2).

2. CNN models are usually trained with significantly more
input data (on the order of 100s to 1000s of images [Zhou
et al. 2018]) than we have provided our models. The more
the input data showcases different views of the same phases
(shapes, grayscale values, sizes, context, etc.), the more robust
the resultant models will be when applied to new images.

3. Anomalous pixel detections by the model often result
in an increased population of small, equant crystal detections.
These are often found as slight variations in greyscale of inter-
stitial glass or interiors of complexly zoned crystals. However,
in some samples, the model may be detecting small, crystals
that were missed during manual segmentation. Both possibil-
ities were seen in the samples used here. This issue may be
alleviated by an increase in image resolution or training data,
or the removal of crystals less than a certain areal threshold
(often <10 pixels—for further explanation, see SOP).

4. The models often failed to properly allocate sieved or
zoned interiors of crystals to their appropriate phase. While
this may prove positive for those users who wish to delineate
zonation patterns or melt inclusions, it is non-ideal for total-
crystal-area calculations. This can be relatively easily fixed us-
ing the ‘fill holes’ algorithm included in Dragonfly seg-
mentation tools. Some user supervision may be necessary,
however, to ensure that (i) no areas bounded by crystals be-
comes filled in and allocated to the phase of the bounding
crystals, or that (ii) no zoned/sieved crystals are not properly
filled, due to truncation of external zonation in 2D from crystal
breakage or angling into/out of the image plane.

5. As noted in the Methodology section, the automated seg-
mentation model developed herein using SEM BSE imagery
resulted in segmentation which was unable to differentiate be-
tween amphibole and clinopyroxene, resulting in the binning
of those phases as Mafic 1. Likewise, the orthopyroxene and
possible olivine microlites are binned under Mafic 2. This
is the result of the training data used, as those phases were
unable to be differentiated using the BSE images when cre-
ating training data using manual segmentation. For the pur-
poses outlined for this particular model, this was an accept-
able and useful outcome. However, this may not be the case
for all users, and so more training data or the inclusion of an
EDS Mode may be useful in future use of this model creation
methodology.

While we have identified a reasonable approach for low-
time, low-input data semantic segmentation, the results are
imperfect, and post-modeling manual segmentation may be
necessary to achieve the desired results, such as correcting for
sieved or zoned plagioclase cores (Figure 4).

4.2 Future work

The crystal-rich basaltic samples from Bogoslof volcano were
used to test the ability of the bimodal image stack methodology
to aid in low-input data and rapid-return sample segmentation
of complex samples. Future work on this methodology should
include testing its utility when applied to more silicic systems.
In these systems, differentiation between crystal phases and
glass may be more difficult, due to similar mean atomic num-
bers.
The ability to utilize images from reflected and transmitted
light microscopy would also prove useful, as these techniques
require less expensive equipment than electron microscopy.
Some preliminary work using basaltic samples from other lo-
calities indicates that the proposed methodology combined
with the UNET or UNET++ [Ronneberger et al. 2015; Zhou et
al. 2018] works equally well in segmentation of reflected light
imaging as the BSE images used here [Halverson and Whit-
tington 2025].
These expansions in the utility of the methodology would
have wider impacts for both academic and governmental sci-
entific institutions, including volcano observatories. One ap-
plication of this method is rapid determination of crystal size
and shape distributions from volcanic rocks in much less user-
required time (<24 hours for model preparation, which can be
done in advance; then 2–20 minutes to apply the model, com-
pared to 2–12 or more hours of manual segmentation, depen-
dent on image size). This approach can facilitate rapid petro-
graphic monitoring of volcanic materials in eruption scenarios
at volcano observatories. To date, rapid petrological monitor-
ing has focused on crystallinity and chemical composition, for
example at K̄ılauea, Hawai‘i, in 2018 [Gansecki et al. 2019], at
Cumbre Vieja, Canary Islands, in 2021 [e.g. Pankhurst et al.
2022], and on the Reykjanes peninsula, Iceland, from 2021–
2024 [e.g. Halldórsson et al. 2022]. Eruptive style of lava can
be more sensitive to changes in texture than to changes in
chemical composition [e.g. Loewen et al. 2021], so the tech-
nique presented here represents a substantial improvement in
real-time petrological monitoring capability for volcanic erup-
tion response. It can also save user time in less time-sensitive
situations. In many cases, volcanoes erupt material with sim-
ilar phase assemblages to prior eruptions, and models can be
trained during quiescent periods, in anticipation of future ac-
tivity.

5 CONCLUSION
We have tested a new pre- and post-processing methodology
for the use of UNET and UNET++ models to segment basaltic
volcanic samples using the free Dragonfly™ software. This
software and application allow for the easy utilization of deep
learning techniques in image segmentation for users who have
no prior knowledge of deep learning or coding techniques.
Our methodology works within this framework to allow for
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the segmentation of a variety of samples with an average
modal abundance agreement of 92% per phase, with one pre-
trained model.
We have shown that this methodology, combined with

UNET and UNET++ architectures, allows for the creation of mod-
els which can segment multiple mineral phases and gener-
ate total crystallinity values along with phase-specific size and
shape data that are broadly applicable to studies of magmatic
and volcanic processes and rheology. Furthermore, utilizing
CSD calculations, we have shown that the segmentation done
by the model is able to match calculated values from manual
segmentation within uncertainty. It could be used to create a
library of deep learning models trained for different magma
compositions and textures in anticipation of rapidly analyzing
a variety of sample types for time-sensitive applications such
as volcanic crises.
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