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ABSTRACT

Melt inclusions provide valuable insights into magmatic systems, allowing the study of otherwise inaccessible melts. Trapped

volatile contents, commonly in the form of bubbles within melt inclusions, allow direct sampling and study of magmatic volatiles

that are otherwise lost due to saturation and degassing. Quantifying magmatic volatiles such as CO2 is a complex process re-

quiring multiple different analytical methods to extract volatile contents from poly-phase inclusions (glass and vapour bubble). 15

These techniques use inclusion and bubble volumes to generate CO2 contents. At present, melt inclusion and bubble volumes

are usually determined using 2D optical measurements, assuming a simple geometry and requiring an estimate for the third

dimension. This study applies X-Ray Computed Tomography (XCT), a non-destructive, three-dimensional imaging technique,

to produce more representative melt inclusion volume measurements for a large suite of olivine-hosted melt inclusions. We

compare this method with conventional two-dimensional methods for assuming inclusion geometry and volume, showing that 20

volume quantification can be significantly improved by using XCT. At best, optical methods are likely to overestimate bubble

volumes by 14-40%, however, this is dependent on a multitude of factors that are likely to significantly increase these errors.

Adopting a three-dimensional approach, XCT both improves the accuracy of inclusion volumes whilst also allowing for the de-

termination of uncertainty, using repeat analysis and variable processing. This allows for better accuracy of inclusion volume

estimates, ultimately improving CO2 reconstructions that aremade from thesemeasurements. In general, overestimation of melt 25

inclusion volumes results in an underestimate of bubble CO2 concentrations generated from melt inclusion analysis. The im-

provement afforded by including XCT melt inclusion studies allows for better data and ultimately, more correct interpretation of

melt inclusion-derived data, such as magmatic volatile contents, magma storage depths and pressure-temperature conditions.
KEYWORDS: Melt inclusions; X-ray computed tomography; Co2; 3d volumes; Magmatic volatiles; Barometry.

1 INTRODUCTION 30

Melt inclusions, small droplets of silicate melt trapped within crystals, are a valuable petrological tool used widely in studies of

magmatic processes [Anderson 1976; Roedder 1979; Lowenstern 1995; 2003; Rose-Koga et al. 2021; Wallace et al. 2021]. They
∗Q ee18hrt@leeds.ac.uk
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provide a unique opportunity to sample otherwise inaccessible melts from within a magmatic system, preserving primitive

magma compositions and dissolved volatile species that are otherwise lost during magma evolution, mixing, ascent, and

degassing [Roedder 1979; Cannatelli et al. 2016; Wallace et al. 2021].35

Primary melt inclusions are generally accepted to form during crystal growth, due to a small droplet of melt adhering to

the surface of a growing crystal [Roedder 1979]. This likely occurs due to irregularities in growth conditions such as rapid

skeletal growth, dissolution and crystal regrowth, or as the result of the attachment of an immiscible phase to the growing

crystal edge [Roedder 1979; Welsch et al. 2014; Wallace et al. 2021]. As the crystal continues to grow, the adhering droplet

becomes fully enclosed, resulting in a melt inclusion that is largely isolated from subsequent physicochemical changes in the40

host magma body [Lowenstern 2003].

Many studies have utilised melt inclusions to provide insights into the architecture and dynamics of magmatic systems,

constraining processes such as magma generation, crystallisation and fractionation, mixing, contamination, pre-eruptive volatile

contents, and storage pressures [Anderson 1976; Jackson and Hart 2006; Rose-Koga et al. 2012; Mann et al. 2013; Barker et al.

2020; Wieser et al. 2021; Esposito et al. 2023]. The determination of pre-eruptive volatile contents (CO2, H2O, S, Cl etc.),45

has been particularly impactful on the study of volcanic systems and geological volatile cycles (e.g. [Lowenstern 1995; 2003;

Wallace 2005; Metrich and Wallace 2008; Hartley et al. 2014; Miller et al. 2019; Plank and Manning 2019; Allison et al. 2021;

Feignon et al. 2022].

1.1 Reconstructing magmatic CO2 contents from melt inclusions

A key goal for many volcanic studies is the quantification of magmatic CO2, facilitated by the study of melt inclusion volatile50

contents. Accurate determination of inclusion CO2 contents is critical for applications such as magma storage depth inves-

tigation via inclusion barometry [Anderson 1976; Wieser et al. 2021], understanding pre-eruptive dissolved volatile and gas

contents of magmas [Hartley et al. 2014; Allison et al. 2021; Feignon et al. 2022], and constraining the magmatic flux of deep

earth volatiles and cycling at subduction zones [Miller et al. 2019; Plank and Manning 2019; Wong et al. 2019; Lopez et al.

2023]. The solubility of CO2 in basaltic melts is strongly dependent on pressure, with most magmas almost entirely degassed55

by the time they are erupted at the surface [Anderson 1976; Pan et al. 1991; Shishkina et al. 2014]. Melt inclusions provide

access to magmas that were trapped before complete CO2 exsolution. This thereby allows the constraint of the CO2 budget of

magmatic systems and magma storage depths via melt inclusion barometry, usually in combination with H2O data [Anderson

1976; Lowenstern 1995; 2003; Mann et al. 2013; Wieser et al. 2021].

Melt inclusions can form in any magmatic mineral, however, most studies target olivine. This is due to its near ubiquity in60

basaltic and basaltic-andesite magmas, well-established elemental partitioning and diffusion behaviours, and the high likelihood

of capturing inclusions of primitive melts as an early-crystallising magmatic phase [Danyushevsky et al. 2000; Danyushevsky

et al. 2002; Rasmussen et al. 2020; Wallace et al. 2021]. Inclusions can range in size and shape, but are usually between

50-250µm. They may undergo post entrapment modifications (PEM), such as the formation of one or more bubbles, internal

crystallisation or devitrification of the inclusion glass, crystallisation of the host mineral onto the inclusion walls, diffusive65

exchanges of Fe-Mg with the host crystal, and diffusive loss of H2O [Danyushevsky et al. 2000; Danyushevsky et al. 2002;
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Newcombe et al. 2014; Maclennan 2017; Brahm et al. 2021; Wallace et al. 2021]. These modifications must be accounted for

to correctly reconstruct magmatic compositions and volatile contents from inclusions. In general, to reduce the necessity for

extensive corrections, studies target large, glassy melt inclusions that have been quenched rapidly and are therefore relatively

chemically homogeneous. 70

Dissolved volatile contents in melt inclusion glass and composition can be determined by a variety of microanalytical

techniques, including Secondary Ionisation Mass Spectrometry (SIMS) or Fourier Transform Infrared Spectroscopy (FTIR).

Many naturally glassy melt inclusions also contain one or more vapour bubbles (often termed as shrinkage bubbles), which

must also be taken into account. These form from the post-entrapment exsolution of volatiles within an inclusion as a result

of the reduction of internal pressures, often due to differential thermal contraction of the host crystal and melt along with 75

other PEM processes [Lowenstern 2003; Moore et al. 2015; Rasmussen et al. 2020]. Such bubbles are very common in glassy,

olivine-hosted melt inclusions and typically contain a significant fraction of the total inclusion CO2 contents, in some cases

>90% [Moore et al. 2015; Wallace et al. 2015; Aster et al. 2016; Maclennan 2017; Rasmussen et al. 2020; Wieser et al. 2021]. In

the last decade, the significance of the CO2 content in inclusion bubbles has become widely recognised, therefore highlighting

the necessity to measure CO2 contents in both the glass and vapour phases of poly-phase inclusions. There is also emerging 80

evidence that, in some cases, carbonate minerals precipitated on the bubble walls may play a significant role in sequestering

inclusion CO2 [Venugopal et al. 2020; Buso et al. 2022; Feignon et al. 2022].

1.2 Bubble-bearing melt inclusions

There are a variety of methods that have been adopted to quantify the CO2 budget of bubble-bearing melt inclusions [Lowen-

stern 2003; Wallace et al. 2015; Rose-Koga et al. 2017; Rasmussen et al. 2020]. Experimental homogenisation has been applied 85

in multiple studies, allowing for eventual analysis of only the (homogenised) glass phase. This approach can be problematic,

with difficulties associated with dissolving original bubbles and/or nucleation of new bubbles upon quenching [Mironov et al.

2015; Rasmussen et al. 2020]. Other difficulties with this method include the diffusive loss of H2O during homogenisation,

over dissolution of olivine on the inclusion walls, and the loss of petrological information such as mineral and inclusion zoning

[Wallace et al. 2015; Rasmussen et al. 2020; Wieser et al. 2021; Buso et al. 2022]. Another approach is to calculate a theoretical 90

bubble CO2 content using equations of state (EOS), assuming melt-bubble chemical equilibrium before quenching [Anderson

and Brown 1993]. This requires estimation of both the inclusion and bubble volume. The bubble volume is either estimated

as an assumed proportion of the total inclusion or measured optically [Anderson and Brown 1993; Tucker et al. 2019]. While

simple to apply, this approach can result in erroneously high CO2 contents due to late-stage bubble expansion that can occur

upon eruption with no concurrent CO2 addition [Maclennan 2017; Rasmussen et al. 2020; Wieser et al. 2021]. 95

An alternative method is the measurement of CO2 density within the inclusion bubble via Raman Spectroscopy (e.g.

[Esposito et al. 2011; Hartley et al. 2014; Aster et al. 2016; Lamadrid et al. 2017; Mironov et al. 2020; Venugopal et al. 2020;

Wieser et al. 2021; Feignon et al. 2022]. The density of CO2-rich bubbles can be determined by measuring the distance between

the two primary CO2 peaks in Raman spectra (the Fermi diad). Peak separation is dependent on CO2 density [Esposito et al.

2011; Aster et al. 2016; Lamadrid et al. 2017; Mironov et al. 2020]. The derived CO2 density can then be converted into a 100
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concentration via mass balance between the bubble and inclusion, requiring the volumes of both the glass (inclusion) and

vapour (bubble) phases, and the density of the inclusion glass (Equation 1). The total inclusion CO2 can then be calculated

by summing this with CO2 concentration data from the inclusion glass, obtained by methods such as SIMS or FTIR. This

technique has been successfully applied (using calibrated Raman instruments) in several recent inclusion studies [Lamadrid

et al. 2017; DeVitre et al. 2021; Wieser et al. 2021; Van Gerve et al. 2024].105

[CO2]bubble = 106 ×
(
ρCO2bubble ×𝑉bubble

)
(ρmelt ×𝑉melt)

(1)

1.3 Estimating melt inclusion volumes

The determination of total melt inclusion CO2 contents using Raman Spectroscopy or the EOS method requires accurate

quantification of inclusion and bubble volume. In general, these volumes are estimated using two-dimensional measurements

and the assumption of a simplified geometry, commonly ellipsoidal and spherical for the inclusion and bubble, respectively

(Figure 1) [Miller et al. 2019; Hanyu et al. 2020; DeVitre et al. 2023; Van Gerve et al. 2024]. The long and short axes of an ellipse110

or circle, fitted around an intersected inclusion and/or bubble, are measured using images obtained using optical microscopy

or scanning electron microscopy (SEM). The third, depth dimension for the inclusion can then be estimated, assuming a simple

three-dimensional geometry [Esposito et al. 2014; Hartley et al. 2014; Aster et al. 2016; Tucker et al. 2019; Wieser et al. 2021].

For the best volume estimation, the crystal should be oriented so that the longest inclusion axis is parallel to the polished

surface; however, in reality, this can be difficult to control due to challenges associated with mounting and manipulating loose115

crystals (Figure 1). It is also possible to attempt to double polish crystals around the inclusion on two orthogonal surfaces to

constrain the depth dimension [Mironov et al. 2020; DeVitre et al. 2023]. If multiple inclusions are exposed along the same

surface, a compromise to the optimal intersection angle is likely to be necessary.

While commonly available and easily accessible, these conventional optical methods can lead to a significant oversim-

plification of inclusion geometries, resulting in large volume errors [Tucker et al. 2019; Hanyu et al. 2020; Van Gerve et al.120

2024]. They also require physical removal of material via polishing to expose and view inclusions. Often, this can result in

the destruction of other inclusions and the host crystal to reach the target inclusion, removing spatial context for inclusion

analysis. Very few inclusions reflect a perfect ellipsoidal shape, with degrees of faceting common along with other surface

irregularities causing deviation from a true ellipsoidal geometry (Figure 1). In conjunction with geometrical oversimplification,

variation in the angle of intersection and therefore measurement has a significant impact on these estimated volumes, with best125

estimates likely to overestimate ellipsoid volumes by around 40% [Tucker et al. 2019]. Improvements can be made if a depth

measurement is taken using a calibrated microscope, focusing on the top and base of the inclusion, respectively [Mironov et al.

2020; DeVitre et al. 2023]. However, double polishing can improve the viewing angle for more irregular shapes; simplification

to an ellipsoidal geometry will still significantly affect these estimates [Mironov et al. 2020; DeVitre et al. 2023]. These factors

result in large, unquantifiable errors for melt inclusion volumes calculated using two-dimensional methods. When used in130

CO2 calculations, these erroneous volumes significantly affect subsequent inclusion CO2 determinations. It is becoming in-

creasingly evident that better volume quantification methods are required, where real, three-dimensional inclusion geometries

Page 4



dr
af
t
fo
r
re
vi
ew

VOLC

V

NIC

V

1–34.

a

c

b

Ideal intersection plane for best MI volume 
estimates - cutting through inclusion centre at 

the longest axis
Intersection at an angle to the 

longest axis can result in 
significant deviation from true 

volumes 

Intersection away from object centre can result 
in significant underestimation of volumes

Typical intersection planes that may arise from 
polishing and orientation by hand.  

Triaxial Ellipsoid - theoretical inclusion 
geometry  

a ≠ b ≠ c

Depth dimension (c) must be 
assumed or estimated  

Olivine crystal 

Typical intersection 
plane  

Target melt inclusion 

Figure 1: Schematic diagram showing an olivine crystal containing melt inclusions, along with ellipsoid intersection planes and
the variety of 2D sections that these can produce. This introduces significant errors and uncertainty into volume errors estimated
from two-dimensional measurements.

can be considered and uncertainties can be quantified [Miller et al. 2019; Tucker et al. 2019; Hanyu et al. 2020; DeVitre et al.

2023; Van Gerve et al. 2024; Jorgenson et al. 2025].

In this study, we demonstrate the use of X-Ray Computed Tomography (XCT) to determine the three-dimensional volumes 135

of a large sample suite of melt inclusions and bubbles, hosted in volcanic olivine crystals. Geometrical and orientational data are

also collected and evaluated to investigate inclusion characteristics and populations within crystals from a variety of volcanic

eruptions. We demonstrate that XCT is a viable, and indeed valuable, tool for the study of melt inclusions and, in particular,

can greatly improve the accuracy and precision of CO2 reconstructions from bubble-bearing inclusions. While a handful of

previous studies have applied this method to extract inclusion volumes for CO2 reconstructions [Miller et al. 2019; Hanyu et al. 140

2020; Van Gerve et al. 2024], these have only used XCT for a small subset of crystals. Here, we provide a basic workflow that

can be adapted and applied to a large number of inclusions. We also include a method that can be applied to quantify the

errors associated with this imaging technique and subsequent processing, so that this can be incorporated into future studies

and their subsequent CO2 reconstructions.
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Pick crystals 
containing melt 

inclusions 

Mount crystals inside 
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Dimensions may limit 
spatial resolution

Image crystals in XCT 
machine (e.g. cone beam 

configuration) 

X-Ray C
one Beam

Detector

Rotating Stage

Olivine 
Crystal

Melt 
inclusion/

embayment

Import data and separate data into individual crystals

Subvolume

Filter

Anisotropic 
Diffusion

Import data for 
image 

processing

Segmentation

Watershed 
Thresholding

Isolate phases 
of interest

Mask, Remove 
Small Spots

Analysis, 
quantification 

and 
identification

Label Analysis, 
Surface/Volume 

Rendering

Remove 'salt and pepper' noise, retain edge contrast

Visually constrain maximum, minimum and ideal greyscale ranges 
for phase of interest (MI glass). Input into Watershed Algorithm. 
This computationally thresholds the image data using distance 

maps and seed filled regions, reducing thresholding errors 
acquired from exclusively manual thresholding.

Each phase of interest is 
separated into a dataset 

(separate colours)

Remove objects that cannot be reliably quantified at the spatial 
resolution of the voxelised data

Create a crystal mask. Use 
this so that only internal 

phases are analysed

Label each inclusion and generate data (i.e. volume, shape, 
surface area, aspect ratio, orientation). This data can then be 

exported and analysed further. Surfaces and volume rendering 
allow for inclusion identification. 

Image data processing (example 
workflow using Avizo©)

Sample preparation 
and data acquisition 

X-Ray Point Source

Sample

Projections acquired as 
sample rotates around 360o

Figure 2: A generalised workflow showing the steps necessary to analyse melt inclusions using XCT. A typical image processing
workflow is also shown for use in Thermo ScientificTM Avizo © image processing software, however, this can be adapted and
applied to other software packages.
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2 METHODS 145

2.1 Sample selection and preparation

The inclusion-bearing olivine crystals in this study were selected from loose scoria samples collected fromMocho-Choshuenco,

an arc volcano in Southern Chile. Mocho-Choshuenco volcanic complex has been frequently active since the last regional

glaciation of Southern Chile and Patagonia (∼18ka: [Hulton et al. 2002; Bertrand et al. 2008; Glasser et al. 2008; Fontijn et al.

2016; Alloway et al. 2022]. The volcano has produced a large volume of compositionally variable eruptions with notable 150

differences in explosivity and eruption style, geochemical signatures, and signs of elevated CO2 contents [McMillan et al. 1989;

Rawson et al. 2015; 2016a; b; Feignon et al. 2022; Mallea-Lillo 2022; Moreno-Yaeger et al. 2024]. Samples for this study were

collected from 10 of the main post-glacial eruptive units, as defined in Rawson et al. [2015], with olivine crystals picked from

loose scoria and pumice deposits. The units were chosen to sample a variety of eruption styles and compositions. Comparison

of melt inclusion populations will facilitate the investigation of magma system dynamics that may influence eruptive style, 155

such as volatile content and storage conditions.

Olivine crystals bearing large, glassy melt inclusions (where visible) were separated by hand to be prepared for imaging via

XCT. In total, 147 viable crystals were selected with sizes ranging from 0.5–1.5mm, including a variety of crystal and inclusion

morphologies. Of these, only the scans of 92 crystals have been processed for this study. This reduction is due to a range of

factors, including lack of viable melt inclusions for analysis, cracking and/or devitrification of crystals and melt inclusions, and 160

over-complexity of inclusion geometries beyond the spatial resolution of the technique used.

Between 10–20 olivine crystals were mounted on the inside of a small plastic straw, secured with double-sided tape and

photographed for reference and identification. The straw was then re-rolled and secured with tape (Figure 2a). Overall, sample

dimensions of 3mm × 3mm (straw height × diameter) were chosen to obtain an ideal XCT spatial resolution of approximately

3µm × 3µm × 3µm (voxel size). Higher spatial resolution is possible, however, this would require smaller sample sizes, 165

limiting the number of crystals per scan, necessitating more scans and instrument time.

2.2 X-Ray Computed Tomography

X-Ray Computed Tomography (XCT) is a non-destructive technique that can provide three-dimensional imaging of the internal

density structure of materials at micrometre to sub-micrometre resolution [Withers et al. 2021]. Previous studies have used

this technique to image and quantify geological samples, including studies of fluid and melt inclusions [Nakashima et al. 1997; 170

Cnudde and Boone 2013; Créon et al. 2018; Richard et al. 2019]. XCT uses the penetrative power of X-rays to produce three-

dimensional models of objects, recording the signal of the X-rays as they are attenuated by the sample (X-ray attenuation

coefficient) into photons of visible light. The X-ray attenuation within a heterogeneous sample varies as a function of the

atomic number and density of the material [Cnudde and Boone 2013; Pankhurst et al. 2014]. There are various geometries

of XCT systems. In this study, a cone-beam geometry was used, with the sample placed in the path of the X-ray beam on 175

a rotating stage moving around 360°, multiple radiographs (or projections) were collected as the sample rotated (Figure 2a).

These projections are then reconstructed to produce a three-dimensional model of the sample, where each pixel (or voxel

in 3D) contains information about the attenuation coefficient, and therefore density of the sample [Cnudde and Boone 2013;
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Withers et al. 2021]. This three-dimensional dataset, constructed from voxels, is converted to greyscale values that represent

the internal variation in X-ray linear attenuation coefficient. This can then be processed to identify distinct phases [Nakashima180

et al. 1997; Schlüter et al. 2014; Lin et al. 2015]. The density contrast between olivine, silicate glass inclusions, and vapour

bubbles causes sufficient variations in X-ray attenuation contrast to make XCT a viable method to distinguish between olivine

crystals and their internal melt inclusions [Nakashima et al. 1997; Créon et al. 2018; Richard et al. 2019; Jorgenson et al. 2025].

In total, twelve XCT scans were collected, imaging 147 olivine crystals. The data were collected on a cone-beam Zeiss

Versa Xradia 410 X-Ray Microscope hosted at the University of Leeds, School of Civil Engineering. To maximise the X-ray185

attenuation contrast between olivine crystals, melt inclusion glass and vapour bubbles, low X-ray energies were used (50 kV)

and a beam power of 7 or 10 W. Exposure times varied between 4 to 10 seconds per projection, depending on the sample,

and power binning of two was used. Between 1301 and 1601, projections were collected over 360° without frame averaging.

Similar imaging conditions were used for each sample to keep the data as consistent and comparable as possible. For this

reason, the same objective lens was also used (4X), producing reconstructed pixel sizes between 3.6–5.7 µm.190

The acquired image data were then reconstructed using the proprietary Zeiss software associated with the XCT machine

(Reconstructor). No beam hardening correction or image calibration was applied. Image data was reconstructed and saved

as 32-bit data to avoid loss of image quality and pixel information.

2.3 XCT data and image processing

The data acquired from twelve XCT scans were processed using Thermo ScientificTM Avizo © software. A standard image195

processing workflow was implemented to identify and analyse the different phases of interest, identified by greyscale variation

(see Figure 2b).

The image datasets were separated into isolated ’sub-volumes’, each incorporating an individual crystal for further process-

ing. This was done to accommodate variation in greyscale intensities between crystals, the result of varying scan conditions,

sample preparation, and, more importantly, variation in olivine composition (see Figure 3b and c). This can be resolved well200

in XCT data, and has even been partially quantified for rapid petrological characterisation of magmatic olivine compositions

in Pankhurst et al. [2014]. Each subvolume, containing a single olivine crystal, was processed separately to ensure effective

segmentation and to take into account this variety in greyscale intensity.

A minimal edge-preserving filter was applied to each subvolume to reduce noise within the image data. The Anisotropic

Diffusion function was applied with low to minimal thresholding values (1500), using a single iteration to reduce the chance205

of oversmoothing [Perona and Malik 1990; Schlüter et al. 2014]. Segmentation of the main phases of interest within the filtered

data was carried out using the Watershed Thresholding Algorithm [Beucher and Lantuéjoul 1979; Beucher and Meyer 1993;

Roerdink and Meijster 2001; Schlüter et al. 2014]. Greyscale ranges for each phase of interest were selected manually from

the histogram and refined from visual inspection (Figure 3c) and Figure 4). These are used as an input for the Watershed

Algorithm, which treats the dataset as a topographical map with highs and lows, and regions with higher gradients are identi-210

fied as boundaries. These highs and lows are based on the visually determined greyscale ranges, and are progressively ’filled’

accordingly from seed regions as the algorithm progresses through the image dataset [Beucher and Meyer 1993]. This algo-
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rithm provides more robust computational segmentation than manual segmentation using only visually determined greyscale

thresholding. Once complete, the process produces a separate dataset for each segmented phase that can then be analysed

and manipulated independently. The subvolumes were thus segmented into four classes: olivine, melt inclusion glass, bubble, 215

and spinel (where present,Figure 3d). These new datasets were then refined, separated and labelled, allowing identification of

individual melt inclusions and bubbles (where present), and quantification of their volumes and 3D geometries.

In this study, only fully isolated and complete inclusions were considered to reduce the likelihood of loss of CO2 from

degassing and re-equilibrium with the carrier melt through embayment necks and cracking. To do this, an olivine ’Mask’ was

created and applied to isolate only phases internal to the olivine crystals. In this way, features such as embayments and cracked 220

inclusions that were in contact with the edges of the crystal were excluded from analysis. To remove unwanted noise, or

objects too small to accurately resolve and quantify, the data was further filtered to remove features smaller than three voxels

using the ’Remove Small Spots’ function. Geometrical and volumetric data for inclusions and bubbles were extracted from

the filtered data using the ’Label Analysis’ function in Avizo. For each processed crystal subvolume, the following parameters

were saved for both the melt inclusion and any associated bubbles: volume, long and short dimensions, surface area, aspect 225

ratio, shape, and orientation. Three-dimensional renderings of the crystals and internal phases (melt, bubbles and spinels)

were also generated for visualisation purposes, and to allow for further identification of crystals and inclusions for subsequent

targeted geochemical analyses (Figure 2b).

2.4 Quantifying errors associated with XCT-generated melt inclusion volumes

Melt inclusion and bubble volumes derived from XCT are subject to both systematic and random errors [Lin et al. 2015]. 230

These can be quantified and mitigated, and it is important to consider these to improve the quality and precision of the data

produced from this technique.

Random errors are associated with the position of the sample within the scan voxel grid and the effect this has on the

positioning of boundaries. This is referred to as the ‘partial volume effect’, and is a function of the XCT spatial resolution

(voxel size), and the size of the object of interest, assuming sufficient contrast between phases has been achieved from scan 235

conditions. The random error associated with volume quantification of an object smaller than 8 voxels has been shown to be

larger than the volume of the object itself, with this reducing to around 10% for any object up to 260 voxels in size [Lin et al.

2015]. For objects larger than this, random errors will have a minimal effect on volume quantification.

To account for random errors within this study, any objects smaller than 3 voxels were discarded completely. Ideally,

only inclusions larger than 260 voxels should be analysed to reduce the impact of random errors, however, a compromise 240

between sample size and scan resolution was necessary to enable sufficient data collection. For inclusion volumes, the smallest

objects considered were >50 voxels. Vapour bubbles were generally much smaller, and therefore, the random errors associated

with the bubble volumes attained from this study are significant. Due to the more regular, spherical habit of most bubbles

in inclusions, estimating these volumes from optical imagery may likely be sufficient. To investigate this, a subset of melt

inclusion bubbles were measured optically and compared to the XCT-generated bubble volumes. 245
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100µm

MI GlassVapour Bubble

Glassy MI

Olivine

Olivine - zoned

Spinel

Bubble

Watershed 
Thresholding: 

MI Glass

Segmented 
Dataset

a) b)

c) d)

Figure 3: a) Photomicrograph of a glassy melt inclusion containing a bubble. b) 2D projection of olivine, melt inclusion and
bubble showing variation in greyscale associated with X-ray attenuation contrast. c) Orthoslice showing visually the process of
thresholding and segmentation. Greyscale values associated with melt inclusion glass are selected, and the voxels are high-
lighted to separate the data into the phases of interest. d) Segmented dataset (red: olivine, dark blue: melt inclusion glass, pale
blue: air and vapour bubble, green: spinel).

Systematic errors typically relate to scan conditions and image processing, such as the choice of thresholding algorithm

and segmentation greyscale values. These can be quantified and minimised by repeat scans and processing [Lin et al. 2015].

To quantify systematic errors associated with the choice of thresholding values in this study, repeat processing was adopted

for melt inclusion glass thresholding. The Watershed Segmentation algorithm was applied three times: 1) ideal thresholding

- visual confirmation of the optimum greyscale range for melt inclusion glass, 2) maximum thresholding - the largest feasible250

greyscale range for inclusion glass, yielding the largest volumes, 3) minimum thresholding - the smallest greyscale range for

melt inclusion glass, yielding the lowest reasonable volumes for inclusions (Figure 4). The volumes attained from each of these

rounds of processing were compared to give a percentage uncertainty for the melt inclusion volumes.

To allow for consistency and repeatability between subvolumes and scans, the upper and lower bounds for the thresholding

values of melt inclusion glass were adjusted as relative percentages of the total greyscale range for each subvolume. Visual255

confirmation showed that increasing or decreasing the thresholding greyscale range for inclusion glass by ±2% altered inclusion

sizes without incorporating large amounts of internal noise within the crystal (Figure 4). This was problematic for some of

the smaller inclusions, particularly where they are in close proximity to crystal edges or each other. Overall, however, this
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Figure 4: Idealised schematic diagram showing the distribution of voxels and greyscale intensity within an XCT subvolume
containing an olivine crystal with melt inclusion, bubble and spinel. The melt inclusion greyscale range is stretched and reduced
by ±2%, and thresholding is repeated with these new values to account for systematic errors in inclusion volumes derived from
incorrect thresholding values. The panel above shows visually how this appears when performed on a single melt inclusion.

provided a consistent and repeatable method that could be applied to all crystal subvolumes, providing a maximum and

minimum volume for melt inclusions and therefore allowing for a rudimentary systematic error quantification. This is likely 260

to be a significant overestimation of errors, however, our approach provides a consistent workflow that can be applied to

each scan and subvolume to categorically constrain melt inclusion volumes within a reasonable range of uncertainty. Another

technique that could improve the error quantification further would be the addition of a volume calibration into each sample,

such as a tungsten sphere as in Hanyu et al. [2020], however, this was not implemented in this study.
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3 RESULTS265

In this study, a total of 92 olivine crystals from 10 different eruption units were successfully imaged and processed. All crystals

contained at least one inclusion, with some containing over 15 inclusions large enough to be resolved and quantified with the

scan conditions used. In total, 350 inclusions were identified and analysed. Over half of these (194) contained a bubble larger

than 3 voxels in size. While, the majority of inclusions contained one singular bubble, a small number hosted two or more.

In some scans, there was evidence that some inclusions may have contained multiple bubbles; however, these were smaller270

than the 3-voxel threshold required for quantification.

Melt inclusion volumes vary by several orders of magnitude, with the largest around 1.8×107 µm3 (ca. 135,000 voxels)

and the smallest inclusion considered in this study around at 7.75×103 µm3 (56 voxels) (Figure 5). Most inclusions were large

enough that random errors have little impact on the volumes; however, 27 of the 350 inclusions are below the 260-voxel

threshold, which may result in random errors of >10% for these volumes [Lin et al. 2015].275

In contrast, bubble volumes are much less certain and would require a higher scan resolution to accurately quantify. Of

the 194 bubbles considered here, 38 are larger than the 260-voxel threshold, above which random volumetric errors are lower

than 10%. The rest are smaller than this and will therefore be significantly impacted by random errors. Six bubbles are smaller

than eight voxels, resulting in a volumetric error larger than the bubble itself [Lin et al. 2015] and have been removed from our

dataset. The largest bubble recorded in this study is 2.0×105 µm3 (1538 voxels), and the smallest still retained in the dataset280

is just 438µm3 (8 voxels). The majority of bubbles have volumes that are subject to uncertainties >10% of the bubble volume,

however, they have been included in the results of this study for completeness. To improve bubble volumes determined using

XCT, smaller sample dimensions and therefore better voxel resolution would be required. Due to the more regular, often

spherical, geometry of most bubbles, optical microscopy appears to be a better technique for determining accurate bubble

volumes compared to the scan resolution used here. To investigate this, a subset of 29 melt inclusion bubbles were measured285

optically. Results show that on average, XCT underestimated the bubble volume by almost 20%, in comparison to using optical

measurements and the assumption of a spherical bubble geometry (Figure 6).

Using XCT-derived volumes, bubbles make up an average of 2.95% of the total inclusion volume, however, this varies

significantly from 0.2 to 29%. The size of the inclusion does not appear to have an influence on the bubble volume proportion

(Figure 5). A total of seven bubbles have volumes greater than 10% of the inclusion volume, suggested to indicate heterogeneous290

trapping of a vapour phase, present in the magmatic system at the time of inclusion formation [Moore et al. 2015; Aster et al.

2016; Steele-MacInnis et al. 2017]. When discounted, this reduces the average bubble volume percentage to 2.37% of the total

inclusion volume.

As described in the methods section, systematic errors associated with thresholding were quantified by repeat analyses,

varying segmentation by ±2% of the total greyscale range within each filtered subvolume. In general, the change in thresholding295

resulted in an average variation in the inclusion volume of ±25%. Larger thresholding errors are associated with smaller

inclusions, where a thresholding change has a larger effect on the volume, and where the voxel number is lower (Figure 7).

There are also cases where greyscale values for different inclusions vary significantly within a single crystal, likely due to
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Figure 5: A scatter graph showing bubble volumes against melt inclusion volumes from this study. Bubbles commonly occupy
around 2% of the total inclusion volume, irrespective of the melt inclusion size, however there are many outliers. Bubbles larger
than 10% of the inclusion may indicate the presence of a vapour phase during entrapment [Moore et al. 2015; Aster et al. 2016;
Steele-MacInnis et al. 2017].

different inclusion compositions. Where possible, repeat processing was carried out to optimise the thresholding for each of

the main inclusions. While these errors may appear fairly large, it is important to note that other conventional techniques, such 300

as optical microscopy, cannot directly quantify volumetric errors due to the combination of uncertainty in intersection angle,

simplification of geometry and depth assumptions. Simulations show that errors for the volume of an ellipsoid generated

from such two-dimensional measurements can be as large as 40% [Tucker et al. 2019]. However, this cannot account for

irregularities in inclusion geometries, which would significantly increase these uncertainties. XCT reconstructs the true 3D

geometry of melt inclusions, allowing for quantification without assumption of overly simplistic geometry. Combined with the 305

capability to quantify uncertainty, this can significantly improve volume quantification of melt inclusions and their application

to the study of magmatic processes, such as the investigation of volatile concentrations.
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Figure 6: A subset of melt inclusion bubbles were measured optically to compare against XCT-generated bubble volumes. The
histogram shows the percentage deviation of XCT-derived bubble volumes from optically derived and measured bubble volumes,
assuming the geometry of a sphere. This shows the limitation of using XCT for bubble volumes at the spatial resolution of this
study, as most XCT volumes are underestimating the true bubble volumes by an average of arouns 15 - 20%.

4 DISCUSSION

4.1 Comparison with 2D Melt Inclusion Volume Estimates

Melt inclusion volumes are typically derived from measurements taken using optical microscopy and the assumption of an310

ellipsoidal geometry. The long and short axes of an ellipsoid are measured from a ’best fit’ ellipse drawn around the imaged
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Figure 7: A scatter graph showing systematic error quantification for XCT-derivedmelt inclusion volumes. Changing thresholding
values by ±2% of the total greyscale range for each subvolume results in an average variation of around ±25% for melt inclusion
volumes. This is lower for larger inclusions and higher for smaller inclusions.

inclusion (as shown in Figure 1) [Tucker et al. 2019; Mironov et al. 2020; DeVitre et al. 2023; Van Gerve et al. 2024]. Using these

long and short dimensions (a and b), a third, vertical (depth) dimension (c) is assumed, and used to calculate the theoretical

volume of an idealised inclusion [Tucker et al. 2019; Hanyu et al. 2020; Wieser et al. 2021; Van Gerve et al. 2024]. The most

common assumptions used to calculate this third dimension are: 315

1) c is the arithmetic mean of the measured dimensions (a and b) [Moore et al. 2015; Tucker et al. 2019; Wieser et al. 2021;

Van Gerve et al. 2024]

𝑐 =
𝑎 + 𝑏

2
(2)

2) c is equal to the shortest axis (b) - spheroidal geometry [Hartley et al. 2014; Neave et al. 2014; Tucker et al. 2019; Hanyu

et al. 2020; Van Gerve et al. 2024]

𝑐 = 𝑏 (3)

3) c is equal to the geometric mean of the two measured dimensions [Ni et al. 2017; Tucker et al. 2019] 320

𝑐 =
√
𝑎𝑏 (4)

To explore which of these is likely to provide the best approximation of inclusion geometry, and therefore volume, Tucker

et al. [2019] performed simulations of randomly oriented inclusions with a triaxial ellipsoidal geometry (a ≠ b ≠ c) sliced by
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a planar surface. Their results show that determining the third dimension can be extremely problematic. They ultimately

favoured using the arithmetic mean, partly due to its relatively symmetric, Gaussian-like error distribution. The estimated

uncertainties in the resultant volume were significant, around ±40%. This approach has since been adopted in several studies325

for estimating inclusion volumes (e.g. [Wieser et al. 2021; Van Gerve et al. 2024], however, it is important to note that in their

simulations, the intersection plane always cuts the inclusion through the centre. In reality, this may not occur, and it is also

possible that the inclusion geometry may not reflect a triaxial ellipsoid, making these errors likely to be a minimum at best.

DeVitre et al. [2023] and Mironov et al. [2020] show that volume errors can be reduced if a depth dimension is measured, rather

than assumed, using a microscope with a calibrated focus. Additionally, it is possible to rotate polished samples by 90◦ and330

re-polish to provide a clearer view of the third dimension of an inclusion. This is a destructive process that requires significant

time and crystal manipulation; however, for ’regular’ inclusion geometries it can reduce volume errors to <20% [Mironov et al.

2020; DeVitre et al. 2023].

To compare XCT-derived volumes with those estimated using the above 2D methods, we calculated volumes for each

inclusion in this study using the assumption of an ellipsoidal shape. We extracted the long (a) and short (b) axes of inclusions335

from XCT data. The c axis was calculated using the three assumptions listed above (Equation 2, Equation 3, and Equation 4). It

is important to note that XCT-derived dimensions are the true longest and shortest axes of the inclusions, and are not affected

by inclusion and intersection plane orientation, as would typically be the case if imaged optically. Therefore, these represent

a best-case scenario for 2D-based volume estimates. The results of this comparison, shown in Figure 8, demonstrate that for

most inclusions, 2D methods overestimate inclusion volume by around 13-40%, but sometimes much more.340

For the samples studied here, inclusion geometry appears to conform more closely to that of a spheroid (a > b ≈ c) than a

triaxial ellipsoid (a ≠ b ≠ c) (Figure 8). Volume estimates generated using this assumption (Equation 3), are significantly closer

to XCT-generated volumes than those using the other assumptions, with an overall deviation of <14%. In comparison, volumes

generated using a depth dimension calculated from Equation 2 and Equation 4, are, on average, almost 40% larger than XCT-

generated volumes; however, in the most extreme cases, this can extend to >200%. These extreme cases generally occur for345

melt inclusions that have higher aspect ratios (Figure 9). Of the 350 inclusions scanned, most have an aspect ratio between

1 and 2. Volumes calculated for inclusions with more elongate geometries deviate significantly from XCT-derived volumes,

particularly when using dimensions generated from Equation 2 and Equation 4. Again, assuming a spheroidal geometry

appears to more accurately recreate XCT-generated inclusion volumes, particularly at these more extreme geometries.

Our results suggest that conventional methods may be regularly overestimating inclusion volumes, possibly by larger350

values than those determined by Tucker et al. [2019]. For the inclusions we analysed, the assumption of a spheroidal, rather

than triaxial ellipsoid geometry, would provide a better representation of inclusion shape, and would generally produce more

robust volume estimates from 2D measurements. Whilst the most accurate method, this can still overestimate inclusion

volumes by up to 50%. Furthermore, the comparisons shown in Figure 8 and Figure 9 do not take into account the variation in

measured dimensions resulting from the inclusion intersection angle, introduced during polishing. The percentage deviation355

from XCT-generated inclusion volumes in this study is therefore a best-case scenario, with actual 2D volume estimates likely

to be significantly more uncertain.
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Figure 8: Histogram and boxplot showing the distribution in melt inclusion volumes generated from the three main 2D methods
compared to XCT-generated melt inclusion volumes.In general, all assumptions resulted in an overall overestimate of inclusion
volume. Using the shortest axis as the depth dimension resulted in the best volume estimates, only overestimating volumes by
around 14% in comparison to XCT-derived values. Medians used due to the skewed distribution.

For ’regular’ inclusion geometries, it is possible to improve optical volume determinations by taking additional steps, such

as using a calibrated microscope and double polishing crystals at right angles to directly measure, rather than infer, the third

depth dimension. Using such techniques DeVitre et al. [2023] were able to recreate XCT-generated melt inclusion volumes to 360

within ∼ 10-20%, however, they note that for inclined inclusions and more ’irregular’ geometries, such as those with extreme

aspect ratios, the results will be less accurate. Therefore, while it is possible to improve optical volume estimates, at least

for some inclusions, preparing large sample sets for such analysis would be very time-consuming. If available, XCT analysis

would therefore be both preferable and more accurate. Furthermore, using XCT analysis avoids additional complications that

may reduce the accuracy of optically derived volumes, such as inclusion faceting or the presence of additional mineral phases 365

(e.g. spinel) within the inclusion. If collected at a sufficient resolution, XCT data can accurately constrain complex inclusion
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Figure 9: Scatter graph showing the deviation from XCT-derived melt inclusion volumes compared with inclusion aspect ratio.
More extreme aspect ratios generally result in larger errors for inclusion volume; however, using the shortest axis as a depth
dimension appears to be the most robust representation for melt inclusion geometry and generally produces melt inclusion
volumes close to XCT-derived volumes.

geometries, and the thresholding of the data removes any internal mineral phases from the array of voxels used to calculate

volumes.

4.2 Melt Inclusion Volume Error and CO2 Reconstructions

To explore how inclusion volume errors can affect reconstructed CO2 concentrations, we generated a simulated geochemical370

dataset to test inclusion volumes generated from the conventional, 2D methods in this study against the true inclusion volumes

generated from XCT analysis. Random numbers were generated within a reasonable range for the parameters required to

reconstruct CO2 in an inclusion bubble from Raman Spectroscopy analysis (Equation 1). These values were derived from

a combination of recent melt inclusion studies that have successfully applied Raman Spectroscopy to determine total melt

inclusion CO2 contents. These include a range of samples from a variety of geological and tectonic settings to encompass the375

likely range of all parameters within reasonable limits [Hanyu et al. 2020; Wieser et al. 2021; Feignon et al. 2022; Van Gerve

et al. 2024].
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Numbers were randomly generated from a uniform distribution for CO2 densities in the vapour bubble between 0.05 and

0.5g-1cm3 [Hanyu et al. 2020; Feignon et al. 2022; Van Gerve et al. 2024]. These were assigned at random to the inclusions

containing a bubble, as it has been suggested that there is no correlation between inclusion or bubble size and CO2 density 380

[Hanyu et al. 2020]. Similarly, melt densities between 0.26 and 0.28g-1cm3 were used to reflect minor differences within a

generally basaltic melt composition, as this is the most likely composition of melt to be trapped during olivine formation

[Stolper and Walker 1980]. For bubble volumes, the XCT value was used throughout. Using these simulated parameters,

changing only the inclusion volume, a bubble CO2 concentration was calculated for each technique (using Equation 1).

Table 1: Parameters used to generate bubble CO2 concentrations using Equation 1

Parameter Values

ρCO2bubble 0.05 - 0.5 g-1cm3
𝑉bubble XCT Bubble Volume
ρmelt 2.6 - 2.8 g-1cm3
𝑉melt XCT-generated and 2D methods inclusion volume

The results of this simulation, shown in Figure 10, demonstrate how the errors in inclusion volumes arising from two- 385

dimensional measurements can result in significant underestimations of bubble CO2 concentrations. Bubbles, where present,

can contain >90% of the overall inclusion CO2, and therefore this can have a significant impact on total magmatic CO2

estimates [Moore et al. 2015]. Overall, inclusion volume was consistently overestimated by the various two-dimensional

methods applied in this study, resulting in underestimation of bubble CO2 concentration in comparison to those calculated

from XCT-derived inclusion volumes. For example, an average overestimation of around 50% in inclusion volume results in a 390

∼30% underestimate in bubble CO2 concentration. Although less common, underestimates in inclusion volumes have a much

larger impact on bubble CO2 reconstruction, due to the effect this has on the ratio between bubble and inclusion volume. A 20%

underestimate in melt inclusion volume results in ∼35% overestimate in bubble CO2. The only 2D method that consistently

underestimated inclusion volume in this study was the most conservative approach, assuming that the inclusion depth is equal

to the shortest measured axis (Equation 3 - spheroidal inclusion geometry). This method underestimated the volume of ∼20% 395

of the inclusions in this study (75 of 350 inclusions). In general, however, despite the tendency to underestimate volumes, this

method almost always provides the closest approximation to actual inclusion volumes. This must therefore be considered if

using optical measurements and assumptions to determine inclusion volumes for CO2 reconstructions, as there are competing

factors affecting the suitability of the various methods.

When considering the systematic errors in inclusion volumes generated from XCT, an average deviation of ±25% in inclu- 400

sion volume results in bubble CO2 estimates that deviate by -20 to 30% for over- and under-estimation of inclusion volumes,

respectively. We can consider these to be a maximum uncertainty range in inclusion volume and respective reconstructed

bubble CO2 concentrations. XCT allows for this quantification of uncertainty in inclusion volume estimates that can not be

derived from two-dimensional, optical inclusion measurements alone. This therefore allows for the propagation of error and

uncertainty through the reconstruction of bubble CO2 concentration, resulting in better quality of data from melt inclusion 405

analyses.
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Figure 10: Scatter plot illustrating the effect of over- or underestimation of melt inclusion volume on calculated vapour bubble
CO2 concentrations (Equation 1). The impact of melt inclusion volume estimation using three 2D methods is compared to
volumes measured using XCT. Underestimating the melt inclusion volume leads to overestimation of CO2 contents. The most
conservative 2D volume approach, using the short axis as the third unmeasured dimension, leads to substantial overestimates
of vapour bubble CO2. In contrast, less conservative approaches lead to slightly smaller underestimations in vapour bubble CO2.

These large differences in bubble CO2 concentrations, the result of varying and uncertain melt inclusion volumes, can lead

to significant geological implications. For example, calculated storage depths from inclusion barometry using CO2 saturation

pressures can vary significantly. For an inclusion containing just 1000ppm of CO2, relatively conservative uncertainties of

just ±25% (introduced from melt inclusion volume errors), results in pressure differences of around 50Mpa (calculated using410

VolatileCalc [Newman and Lowenstern 2002], - see Table 2 ). This would equate to uncertainties in magma storage depths of

±2km (for magma storage in basaltic crust, density: 2.7g-1cm3). This is comparable with similar calculations by DeVitre et al.

[2023], who note that assumption-based inclusion volumes can result in large and unpredictable errors of a similar magnitude

to this study. The scatter and effect that this has on saturation pressures can be significant for geological interpretation, and it

is therefore essential that these errors are sufficiently quantified to improve this. XCT provides a method that both improves415
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the accuracy of melt inclusion volumes and therefore subsequent CO2 concentrations, and allows for uncertainty quantification

that can be incorporated into further melt inclusion analyses.

Table 2: Parameters used in VolatileCalc Calculations

Parameter Values

Melt Inclusion wt.% SiO2 Typical basaltic melt (49.0 wt.% SiO2a)
Melt Inclusion wt.% H2O Typical arc water content (4.0 wt.% H2Ob)
Temperature (◦C) Typical basaltic melt (1250◦C c)
CO2 Concentration (ppm) 1000 ppm (±25%)
aStolper and Walker [1980]. bPlank et al. [2013]. cMourey
and Shea [2019]

4.3 Melt Inclusion Populations and Characteristics

Another valuable aspect of the application of XCT for melt inclusion studies is the ability to analyse all inclusions within a

crystal. This allows for a better understanding of inclusion population characteristics, such as the number of inclusions within 420

a crystal, overall size distributions, common shape characteristics (faceted, elongated, crystallised etc.), spatial location within

a crystal, and bubble volume proportion. It is also possible to analyse large inclusion datasets relatively rapidly, without

extensive sample preparation [Jorgenson et al. 2025]. Differences in inclusion characteristics may relate to differences in

magma storage conditions and system dynamics, along with volatile content, composition and eruption dynamics [Jorgenson

et al. 2025]. Different eruption units were sampled in this study to investigate the magma dynamics at Mocho-Choshuenco 425

Volcano. Differences in melt inclusion population characteristics are identifiable between the eruption units sampled. We

discuss some of these features briefly in the sections below.

4.3.1 Bubble Volume Proportions between different eruption units

Bubble formation and entrapment can be affected by a range of factors. It has been suggested that bubble size does not

correlate with CO2 density [Hanyu et al. 2020], however, systematic differences between eruptions may indicate variation in 430

post-entrapment modification processes (PEM), inclusion entrapment history and ascent [Moore et al. 2015; Rasmussen et al.

2020; Jorgenson et al. 2025]. The bubble volume proportion can also provide an insight into features such as heterogeneous

entrapment, indicating the presence of a fluid/vapour phase, coeval with olivine growth and inclusion entrapment [Steele-

MacInnis et al. 2017].

In this study, bubble volume proportion varied between melt inclusions and also between eruption units. On average, 435

bubbles made up 2.95% of total inclusion volume, however, this reduces to 2.37% when bubbles larger than 10% are discounted

(Figure 5). This is generally quite low in comparison to studies such as Hanyu et al. [2020] and [Van Gerve et al. 2024]. Of the

188 segmented bubbles, 7 had a volume proportion of >10%, indicating the possibility of heterogeneous entrapment [Steele-

MacInnis et al. 2017]. These inclusions were spread across 5 different eruption units, indicating that this may be a common

occurrence within the magmatic system at the volcano studied (Figure 11). 440

Average bubble volume varies slightly between eruption units, with some containing what appear to be proportionally

smaller bubbles compared to the melt inclusion volumes. The distribution of bubble volume proportions is also distinctive
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Figure 11: Bubble volume proportion distributions within different eruption units from Mocho-Choshuenco. Differences indicate
the possibility of heterogeneous entrapment, along with highlighting common characteristics between some of the eruptions.
Eruptions are labelled using shortened notation from the Rawson et al. [2015] and Mallea-Lillo [2022] studies of the volcano:
MC4 (Neltume), MC5 (Pirehueico), MC9B (Huilo B), MC10 (Grupo Fui), MC15 (Enco), MC21 (Pilmaiquen), MC23 (Arauco), MC25
(Rinihue), CC (Chanchan cones), FN (Fui Norte cones).

between eruptions (Figure 11). Sampled units: MC5 (Pirehueico), MC21 (Pilmaiquen), MC23 (Arauco), CC (Chanchan cones)

and FN (Fui Norte Cones), contain bubbles larger than 10% of total inclusion volume, however three of these eruptions also

contain some bubbles with volume proportions around 7-10%. This may suggest the presence of a vapour or fluid phase445

during inclusion entrapment, resulting in larger bubbles [Moore et al. 2015; Aster et al. 2016; Steele-MacInnis et al. 2017;

Jorgenson et al. 2025]. In contrast, eruptions MC10 (Grupo Fui cones) and MC15 (Enco) have a very small range in bubble

volume proportions, with all falling between 1 and 3%. These trends may indicate differences in the CO2 contents, conditions

at the time of entrapment and/or different PEM processes. These will be investigated further by more targeted geochemical

techniques.450
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4.3.2 Melt Inclusion Alignment

The spatial arrangement and morphology of melt inclusions can indicate characteristics of different entrapment mechanisms

[Roedder 1979; Audétat and Lowenstern 2014; Cannatelli et al. 2016; Wallace et al. 2021]. For example, association with spinels

can show co-entrapment on a crystal face with an immiscible phase, while hopper crystal morphologies and central, inclusion-

rich zones can indicate rapid skeletal growth [Donaldson 1976; Mourey and Shea 2019]. Where inclusions or embayments are 455

situated near the edges of crystals, this may suggest crystal resorption or the incorporation of a new population of inclusions

from a later stage of crystal growth [Laumonier et al. 2019; Esposito et al. 2023]. There is also the possibility for ’secondary’

inclusions to be formed in cracks within a crystal, along sub-grain boundaries, or as interstitial melt between crystal agglom-

erates [Roedder 1979]. These formation mechanisms influence the information and therefore geological interpretation that can

be made from melt inclusion analyses, and should be considered where possible to ensure that the correct conclusions can 460

be made from the data collected. This requires a hollistic approach to melt inclusion analysis, and would benefit significantly

from the incorporation of three-dimensional data and images of melt inclusion populations, provided by XCT.

In this study, the majority of melt inclusions appear to be randomly oriented within the crystal, with little to no relationship

between the host crystal shape and inclusion position or orientation (Figure 12b). The crystal shape was often irregular due

to a combination of external glass and the bias towards broken crystals (necessary to confirm the presence of inclusions when 465

picking prior to scanning). Some well-faceted crystals were present, along with a small number of agglomerates where mul-

tiple crystals could be identified, sometimes showing well-faceted crystal edges. Melt inclusion faceting was also identifiable

in a small number of the crystals analysed in this study. Faceted inclusions are generally interpreted to form from diffusional

processes that act to reduce surface free energy, and can indicate long timescales of crystal storage at near-magmatic temper-

atures [Pamukcu et al. 2015; Wallace et al. 2021]. XCT has been used to quantify the degree of faceting for melt inclusions in 470

quartz crystals [Pamukcu et al. 2013; Pamukcu et al. 2015], along with categorisation of inclusion shapes and morphologies in

pyroxene-hosted inclusions [Jorgenson et al. 2025]. Due to the small number of faceted melt inclusions in this study, this was

not investigated further.

In a small number of the crystals analysed in this study, there was evidence of internal alignment of melt inclusions

(Figure 12a). When plotted stereographically, clustering of the long axis of melt inclusions indicates a common orientation 475

within the crystal. This direction varies between crystals due to the random orientation of crystals within the XCT scan space,

however, clustering shows that within a single crystal, there is a common alignment of inclusion orientation (Figure 12). In

general, this feature was identified in crystals where inclusions were hosted predominantly in the centre of crystals; however,

relating inclusion orientation to crystallographic axes based on crystal habit was not possible due to the irregularity of crystal

shapes and the high number of fractured surfaces. It is possible that this alignment could reflect a preferred orientation of 480

inclusion entrapment during olivine formation. This may relate to anisotropic crystal growth during periods of rapid skeletal

growth caused by undercooling [Mourey and Shea 2019]. Alternatively, inclusion alignment could reflect post-entrapment

maturation of melt inclusion shapes, resulting in faceting, which could cause shared orientation of inclusions within a crystal

[Pamukcu et al. 2015].
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ALIGNED MELT INCLUSIONS RANDOM

Figure 12: a) 3D renderings of olivine crystals and melt inclusions from XCT data, showing systematic alignment of melt inclu-
sions. Stereographic plots showing the orientation of the long axis of the melt inclusions confirm clustering around a common
direction within each crystal. b) 3D rendering of a crystal showing random melt inclusion orientation and respective stereo-
graphic plot. The majority of crystals in this study were in this category.

Similar alignment, along with internal complexities, was also identified in crystals with embayments. Embayments can485

be implied to reflect resorption textures, indicating disequilibrium conditions between the olivine and melt body [Laumonier

et al. 2019]. Alternatively, they can reflect areas where complete entrapment of a melt inclusion has not proceeded due to

insufficient crystal growth. They can therefore reflect both primary and secondary melt inclusion processes. Crystals such

as CC-A (pictured in Figure 13a) exhibit a combination of isolated central melt inclusions and embayments that all appear to

align with each other. Crystal MC1-D also exhibits a strong alignment of what appears to be an embayment feature running490

through the centre of the crystal. This is predominantly filled with a vapour phase, with very little internal melt (now silicate

glass) present in the XCT image data (Figure 13b). These complex geometries and the association of both inclusions and

embayments indicate that crystals may undergo complex growth and/or resorption phases, and highlight the need for better

imaging to decipher these geometries in three dimensions, to improve the understanding of magmatic olivine crystal growth

mechanisms. Understanding and identifying features that can be used to distinguish primary and secondary melt inclusions,495

and the various formation and entrapment mechanisms, is essential for melt inclusion analysis to ensure that the correct

interpretations can be made from the data they provide.

Future investigations will utilise X-Ray Laboratory Diffraction Contrast Tomography (LabDCT) and Electron Backscatter

Diffraction (EBSD) to investigate the link between melt inclusion alignment and the orientation of the host crystal lattice.

LabDCT has been successfully applied to the olivine crystallographic system in Pankhurst et al. [2019], allowing for 3D500

determination of crystal orientation, which can be combined with XCT imagery of melt inclusions.
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MC1_D

a)

b)

Figure 13: a) 3D rendering of crystal CC-A showing aligned melt inclusions and embayments. The stereographic plot shows the
clustering of the long axis of the inclusions within the crystal, again suggesting a preferred alignment of these features. b) 3D
rendering of crystal MC1-D and a representative projection showing the internal structure. The crystal shows alignment of melt
embayments in the centre of the crystal that are predominantly occupied with a vapour phase rather than typical melt inclusion
glass.

5 CONCLUSIONS

In this study, we apply X-ray Computed Tomography to image a large set of melt inclusion-bearing olivine crystals. The

volumetric measurements for inclusions acquired using this technique greatly improve on conventional methods that are

currently used for the majority of melt inclusion studies. This improvement is particularly significant for the determination of 505

magmatic volatiles such as CO2 from melt inclusion data. Current studies use melt inclusion volumes that are determined by a

combination of measurement, assumptions, and simplification of geometry. The errors and uncertainties associated with these

methods are likely to be substantial (>40% of the total inclusion volume). However, they cannot be quantified. Techniques such

as XCT can greatly improve inclusion volume determinations, thus also improving our understanding of magmatic volatiles.

In addition, XCT has allowed the observation of the three-dimensional configuration of melt inclusion populations, allowing 510

identification of features such as inclusion alignment and variable characteristics such as shape and size.
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Inconsistencies in melt inclusion volume estimation from 2D measurements can have a significant impact on reconstructed

bubble CO2 contents (Figure 10). Commonly, 2D methods overestimate inclusion volumes, resulting in an underestimate in

subsequent CO2 concentration within the bubble from methods such as Raman Spectroscopy. We show that an average

overestimation of inclusion volume of just 40% can result in an underestimation of ∼25% for bubble CO2 reconstruction.515

This can equate to around ±50MPa uncertainty in CO2 saturation pressures, translating to differences in magma storage

depth estimates of ±2km, significantly impacting geological interpretations from such data. These uncertainties in volume

measurements cannot be quantified using 2D methods alone, and therefore CO2 concentrations determined from bubble-

bearing melt inclusion analyses using techniques such as Raman Spectroscopy are fundamentally limited in their accuracy.

XCT provides a solution for this, allowing for 3D quantification of true melt inclusion geometries. While elegant, it is520

important to consider the limitations of this technique and to include steps to allow for error mitigation and quantification of

uncertainty. This paper details a workflow that can be adapted and applied to large sample suites of melt inclusions, allowing

for relatively rapid acquisition and processing of melt inclusion data from XCT image data. We also highlight limitations with

the technique, such as the necessity for a compromise between sample size and spatial resolution. This must be considered

when determining the quality of the data that is extracted from this technique. For example, we show that at the scan525

resolutions used in this study, most bubbles analysed will have a volume error of greater than 10% of the bubble volume.

We also show that on average, our XCT thresholding resulted in an underestimate in bubble volume of 20%, and therefore

it may be necessary to continue using optical methods for bubble volume quantification. We also provide a framework for

the quantification of volume uncertainty that can be built into the image processing workflow. This results in an average

uncertainty of ±25% for melt inclusion volumes. However, this is proportional to the size of the inclusion measured, with530

larger inclusions having much smaller volume uncertainties. The definition of this uncertainty is essential for ensuring good

data quality and for the incorporation of this into further melt inclusion analyses, to allow for credible geological interpretation

of the data.

Similarly, it is important to consider the context of the melt inclusions studied. XCT allows for three-dimensional inves-

tigation of melt inclusions and populations within an entire crystal, prior to any removal of material during polishing and535

inclusion exposure. This can show features such as inclusion alignment and population characteristics that may otherwise be

missed. This may allow for a better understanding of inclusion formation mechanisms and, therefore, better application of

inclusions for the study of magmatic systems.
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Melt inclusions are small pockets of magmatic liquid that can become trapped in a crystal as it
grows. The melt can quench, becoming a small sample of volcanic glass that is then carried through a
volcanic magma system, safely protected inside the crystal host. These inclusions therefore allow us to
study and sample magma from deep below volcanoes, preserving valuable information about the roots
of volcanoes. Volatile species can be dissolved within melt at high temperatures and pressures within
a magmatic system. Understanding volatile contents of magmas is important for investigating volatile
and elemental cycling within the earth, along with understanding eruptive behaviours such as explosive
eruptions and eruption triggers. CO2 is a voltile that can be found dissolved in magma, however it
is often exsolved from melts below the surface of volcanoes due to low solubility. At higher pressures
and temperatures, however, CO2 can be dissolved in the melt, sometimes in high concentrations. To
investigate how much CO2 is being cycled through a magma system, scientists use melt inclusions. If
inclusions are trapped deep in a magma system, CO2 will not have degassed. Commonly, CO2 that is
trapped within a melt inclusion forms a bubble, along with other volatile species. This cannot escape,
and is therefore preserved as a bubble within a glassy pocket of melt, inside the crystal host.

When trying to quantify the amount of CO2 in a melt inclusion, it is therefore necessary to
quantify the amount in the bubble, plus the inclusion glass to get a total CO2 content for each melt
inclusion studied. This requires a mixture of analytical techniques, which require an accurate melt
inclusion and bubble volume to provide CO2 concentrations. Commonly, scientists assume that melt
inclusions are ellipsoidal in shape to make calculations easy, however this is often not the case. In
this study, we show that it is possible to determine melt inclusion geometries in three dimensions by
using a technique called X-Ray Computed Tomography (XCT). This technique allows the study of
melt inclusions and their volumes in three-dimensions, without needing to cut into crystals and expose
inclusion surfaces. It also produces three-dimensional volumes, that can be significantly different from
oversimplified ellipsoidal assumptions. This study highlights the advantages and limitations of this
relatively new technique, providing a simple method that can be used for imaging and processing large
amounts of melt inclusions, along with determining the uncertainties associated with this technique.
Incorporation of this technique into melt inclusion studies should significantly improve the science.
In particular, this technique can significantly improve the quality of CO2 reconstructions from melt
inclusions. This will allow for better understanding of volatile cycling within magma systems, and is
also important for determining magma storage depth from inclusion barometry.
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S1 XCT Image Processing Workflow

This is an overview of the general image processing workflow used on all the XCT data from this study
to extract melt inclusion data including volumes, geometrical information and orientation data (S1).

A screenshot of a typical Avizo workflow tree is also provided, showing the general workflow
required for the procesing of each crystal. The watershed segmentation is repeated three times,
varying the thresholding values inputted into the algorithm to investigate the uncertainty for each
melt inclusion volume.

S2 Optical Bubble Measurements

A subset of 28 bubbles were measured optically to compare with XCT-generated bubble volumes.
This is to highlight the limitations associated with voxel size. As bubbles are significantly smaller
than inclusions and generally spherical, it is more efficient to calculate bubble volume from optical
measurements. On average it is likely that XCT was underestimating bubble volumes by an average
of around 19% (S3).

The bubbles that were measured optically are shown in S4, the red scalebar denotes 100µm.

S3 Melt Inclusion Volumes and XCT Data

An excel spreadsheet is provided separately containing the XCT data generated for each melt inclusion
in this study.

S4 XCT Image Data

The original XCT data files are available upon request. Subvolumes and segmented examples are also
available at request, however the Avizo filetype (.am) can only be opened in the Avizo software.
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Figure S1: XCT image processing workflow - made for Avizo but can be adapted to any image
processing software.
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Figure S2: Screenshot of an example Avizo workflow tree showing they typical steps necessary for
processing of each subvolume. This is repeated three times for a maximum, minumum and ideal
volume for the phases of interest (V2, V3 and V1 respectively).
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Figure S3: Histogram showing the comparison of the volumes of 28 bubbles measured optically against
XCT-generate volumes. XCT underestimates bubble volumes by an average of around 19% due to
limitation in spatial resolution due to scan dimensions and voxel sizes.
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Figure S4: Optical images of 28 bubble-bearing melt inclusions, used to generate bubble volumes.
These volumes were determined by measuring the bubble diameter from optical images and assuming
a spherical geometry. Red scalebar = 100µm.
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