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Abstract
Magmatic crystals are characterised by chemical zonation patterns that reflect the thermal and chemical conditions within 
magma reservoirs in which they grew. Crystals that exhibit similar patterns of zonation are often interpreted to have experi-
enced similar conditions of growth. These patterns of zonation may represent continuous processes such as cooling, or more 
instantaneous events such as magma injection, and provide an insight into the structure and evolution of a magmatic system, 
both temporally and spatially. We have developed an algorithm that is objectively able to quantify the similarity within and 
between suites of magmatic crystals from different samples. Significantly, the algorithm is able to identify correlation that 
occurs between the interiors of two crystals, but does not extend to the rim, which provides an opportunity to understand the 
long-term evolution of magmatic systems. We develop and explain the mathematical basis for our algorithm and introduce 
its application using cathodoluminescence images of zircons from the Kilgore Tuff (USA). The results allow us to correlate 
samples from two different outcrops that are found over 80 km apart.
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Introduction

Zoned magmatic crystals record the evolution and varia-
tion of the residual melt chemistry and related intensive 
parameters within magmatic systems (Davidson et al. 2007; 
Costa et al. 2009; Humphreys et al. 2012; Cashman and 
Blundy 2013). Such zoning patterns in crystals are typically 
revealed using back scatter electron and/or cathodolumi-
nescence imaging on a scanning electron microscope (Gin-
ibre et al. 2002a; Nasdala et al. 2003; Cheng et al. 2017). 

Characterising the pattern of zonation provides an opportu-
nity to study the temporal evolution of chemical and physical 
conditions within magmatic systems before eruption  (Gin-
ibre et al. 2002b; Wallace and Bergantz 2005; Ginibre et al. 
2007). Crystals that share the same magmatic history can 
exhibit the same pattern of zoning. However, geophysical 
and geochemical observations suggest that magma reservoirs 
are heterogeneous and contain magma with diverse chemical 
and physical properties  (Miller and Smith 1999; Gudmunds-
son 2012; Ellis et al. 2014; Wotzlaw et al. 2015; Myers et al. 
2016; Hartung et al. 2017). Consequently, the portions of 
crystal profiles that are correlated will vary (Fig. 1), depend-
ing upon the temporal and spatial heterogeneity of magmatic 
processes associated with the analysed samples.

One can assume that crystals from the same thin 
section experienced identical growth conditions upon 
solidification, and thus will be correlated from the rim 
(Fig. 1b; Wallace and Bergantz (2005)). Moving inward 
from the rim, similar zoning profiles are interpreted as 
representing a shared thermodynamic history of crystal 
growth. Shared physical history is inferred from the mix-
ing of populations of crystals with similar and dissimilar 
histories. For example, crystals may originate from identi-
cal parental melts but these melts may experience different 
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thermodynamic conditions of growth prior to eruption 
(Fig. 1c), perhaps stalling at different levels in the crust. 
Alternatively, dramatic changes in intensive parameters 
(e.g. due to magma injection) may be localised and not 
recorded in all crystals (Fig. 1d). Furthermore, the inner 
portion of one crystal may be correlated with the outer 
portion of another if, for example, different portions of the 
same magma body are erupted in multiple events (Fig. 1e).

For two crystals that experienced the same growth 
conditions immediately prior to eruption or cooling to 
the solidus, a decorrelation point in their profiles can be 
identified, beyond which they are not correlated (Fig. 1b; 
Wallace and Bergantz 2005). However, the principle of a 
decorrelation point does not hold for the alternative sce-
narios where the inner portions of crystal profiles are cor-
related, or if the inner portion of one crystal is correlated 
with the outer portion of another crystal (Fig. 1c–e). Here, 
we develop a cross correlation procedure for these alter-
native scenarios, which will be particularly suitable for 
the correlation of crystals of the same eruption or intru-
sion, which are not necessarily from the same sample. The 
ability to correlate the internal regions of crystals will 
also be useful when analysing a time-series of samples or 
specimens collected at different outcrops, to elucidate the 
temporal evolution of crystal populations within a mag-
matic system. We present the geological basis for the cross 
correlation algorithm before describing the mathematical 
procedure that is adopted in this study. We finally provide 
an example application of the procedure presented here, 
using zircons from the Kilgore Tuff (Idaho, USA).

Correlation of crystal profiles

Signals, such as the chemical variability within a mag-
matic crystal, can be quantitatively compared using dif-
ferent mathematical strategies including linear correlation 
methods (Wallace and Bergantz 2005), wavelet-based 
methods (Wallace and Bergantz 2002) or two-dimensional 
reconstructions of crystal profiles (Cheng et al. 2017). 
Here we aim to further develop the linear correlation 
approach, using the principles of cross-correlation  (Gal-
ton 1888; Pearson 1894; Yarlagadda 2010), which have 
been applied in other fields for pattern recognition, such 
as the correlation of DNA sequences (Chu et al. 2004). 
This linear correlation method produces a correlation coef-
ficient that quantifies the similarity between portions of 
two signals from different crystals. The cross-correlation 
factor provides the best alignment for which the correla-
tion between the signals is optimised (Yarlagadda 2010).

(a)

(b)

(c)

(d)

(e)

Fig. 1   Correlation scenarios; a Two hypothetical magmas and their 
relative evolutions in composition represented by different colours, 
alongside 7 zoned hypothetical crystals; b scenario where two pro-
files are correlated continuously from the rim, until a decorrelation 
point after which they are not correlated (dashed green line); c, d sce-
narios where profiles are correlated in the interior, but not continu-
ously from the rim; e scenario where the rim of one crystal is corre-
lated with the interior of another crystal, such that the correlation of 
the profiles begins from the rim of the shifted profile (no. 6)
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Sample orientation

Chemical traverses in minerals or images carrying chemi-
cal information are often collected in two-dimensional sec-
tions of rock samples. As a consequence, the orientation of 
crystals is generally random and unknown (Ginibre et al. 
2002a; Wallace and Bergantz 2004). The lack of exposure 
of the inner portions of a crystal, or differences in the orien-
tation of two crystals, reduces the length of usable profiles 
and changes the distance over which chemical variations are 
observed (Fig. 2).

Figure 2 shows several possible crystal transects together 
with the corresponding profiles. An ideal transect (b) is 
centred and oriented perpendicularly to the crystal bound-
ary. Non-ideal transects like a, c and d suffer from different 
problems. Exposure limited to the outer portions of a crystal 
results in the total or partial loss of chemical information 
contained in the inner portion of a crystal (Fig. 2a, d). Pro-
files collected along sections cut at an angle to the crystallo-
graphic axes are stretched (Fig. 2c, d). While obviously there 
is no solution for the lack of information for the inner part of 
a crystal, a stretching factor can be applied to the profiles to 
account for mis-orientation between pairs of crystals (Wal-
lace and Bergantz 2004, 2005).

Zoning type and analytical spatial resolution

In general, zoning of magmatic crystals can either reflect 
bulk changes in composition and temperature within a mag-
matic system or may reflect temporary and local changes 
in the residual melt around a crystal (Ginibre et al. 2002b; 
Wallace and Bergantz 2005; Davidson et al. 2007; Rubin 
et al. 2017). Consequently, the frequency of the signal that 
is being correlated is related to the distance over which sig-
nificant chemical variations occur, and thus will depend on 
the mineral phase that is being analysed and the magmatic 
processes that are investigated  (Pearce and Kolisnik 1990). 
Hence, when shortening a profile, the minimum stretching 
factor will be limited by the ability to resolve the zoning fea-
ture of interest. For example, if an original profile resolves a 
feature with 8 pixels (or points) and 4 are required to resolve 
it, the shortening is limited to 50%. However, this will also 
depend upon the sampling rate (pixels or analysis point per 
micron/millimeter), which may vary between images. Fur-
thermore, the minimum window over which profiles can be 
correlated, and the wavelength of any filters that are used to 
smooth crystal profiles will be limited using a similar logic. 
In general, at last one full cycle of chemical variation is 
required for the meaningful correlation of profiles.

Fig. 2   Profiles for four different transects/sections from an individual 
crystal. At the bottom of the different graphs representing the pro-
files is a slice of the crystal corresponding to an ideal transect for 
comparison. Top, left: transect a is off-centered but with the cor-
rect orientation. As expected, the grey value is constant for almost 
the entire length of the transect. There is an information loss in the 
core region compared to the ideal profile b. Bottom, left: transect b 

is ideal, both centered and correctly oriented. Profile b is in a perfect 
accordance with the coloured band at the bottom. Top, right: transect 
c is centered but misoriented. Profile c is similar to the profile b but 
stretched. Bottom, right: transect d is off-centered and misoriented. 
The second part of profile d is the same as in profile c because they 
have the same orientation
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Significance of correlation

Stretching, smoothing and cutting of profiles may result in 
artificial correlation (Wallace and Bergantz 2004). Conse-
quently, a significance level (SL) is required for the correla-
tion coefficient, above which correlation is statistically sig-
nificant. Correlations between zoning profiles or segments 
of zoning profiles are considered statistically significant 
when the correlation coefficient is above a significance level 
( SLTRUE ) that rejects the null hypothesis that the data series 
are unrelated. This significance level will depend on the 
variance, frequency distribution, sampling frequency, and 
spatial distribution of zoning features in the mineral system 
of interest (Wallace and Bergantz 2004). Hence, the signifi-
cance level will be determined by the geological application 
and mineral phase that is being correlated. Consequently, no 
general formula or a priori value for the significance level 
exists. One approach is to, therefore, estimate SLTRUE using 
a Monte Carlo method to create artificial zoning profiles 
generated by an algorithm that could be adapted to the afore-
mentioned parameters (Wallace and Bergantz 2004).

To check the validity of SLTRUE , an upper bound for the 
significance level can be estimated by correlating profiles 
from the same crystal (Self Correlation Coefficient; SLSCC ). 
If the value of SLSCC is lower than SLTRUE , then this suggests 
that the cross correlation procedure cannot identify correla-
tion within an individual crystal, and so any correlations that 
are greater than SLTRUE cannot be distinguished from ran-
dom crystal populations. However, when SLSCC > SLTRUE , 
correlations can be judged statistically significant, and the 
greater the difference between SLTRUE and SLSCC the more 
likely it is that populations may be identified by profile com-
parison. Due to anisotropy in the growth of crystals, the 
value of SLTRUE is unlikely to be 1, and depending on how 
the anisotropy varies between crystals, single or multiple 
crystals may be required to estimate SLSCC.

Cross‑correlation algorithm

The correlation of two profiles occurs between a reference 
profile, which is not stretched, and a variable profile, which 
is stretched. Previous approaches have focused on the identi-
fication of a decorrelation point, where the variable profile is 
interpolated according to a series of stretching factors, and an 
optimum stretching factor is chosen as the one that maximises 
the distance from the rim of the reference profile for which the 
correlation is significant (Fig. 1b; Wallace and Bergantz 2004, 
2005). The cross-correlation algorithm developed below, how-
ever, is based on maximising the correlation between two pro-
files using an expanding window approach, rather than the 
identification of a decorrelation point. By maximising the 
correlation between two profiles, the correlation may not be 

complete from the interior of two profiles to the outer rim, 
but it allows correlation to be identified within the interior of 
two crystals, even if it does not extend to the outer portions of 
the profiles (Fig. 1c–e). To enable this procedure, rather than 
compare two profiles by changing the stretching factor, we 
repeatedly compare the reference profile and variable profile 
across a series of windows. Furthermore, using the concept of 
cross correlation, we introduce the idea that the correlation of 
two profiles may be optimised by displacing or shifting one 
of the profiles (Fig. 1e). The principles of the algorithm are 
described in more detail below. The algorithm is written using 
Fortran 90 and run using the R statistical software interface (R 
Development Core Team 2008), with the code provided in the 
supplementary material.

Algorithm description

The algorithm works by comparing (in a loop system) two 
profiles at once: a reference profile of length lf , represented 
by the vector � ∈ ℝ

lf , with a variable profile of length lg , 
represented by the vector � ∈ ℝ

lg . For each profile the user 
chooses a minimal length window ( � ) and a maximal win-
dow length ( � ) beyond which the program stops searching 
for correlation. The value of � will depend on the distance 
between the zoning features of interest (as discussed in 
“Zoning type and analytical spatial resolution”) and � is 
chosen to improve computational efficiency. These limits 
are selected as a percentage of the total length of the pro-
files, and thus � and � do not depend on the specific lengths 
lf and lg . However, the lower bounds ( � lf;� lg) are rounded 
down to the nearest whole integer, and the upper bounds 
( � lf;� lg ) rounded up to the nearest whole integer. For the 
lower bounds, they must be at least larger than the minimum 
distance observed between the zoning features of interest.

The algorithm consists of two parts: (1) calculation of 
the stretching factor, and linear interpolation of the variable 
profile; and (2) correlation of the reference profile and inter-
polated variable profile. The procedure is then repeated for 
each combination of �j = � (1 ∶ j) and �k = �(1 ∶ k) where 
j ∈ [� lf , � lf ] and k ∈ [� lg, � lg].

Stretching factor

The stretching factor ( sg ) for the variable profile is calculated 
as the ratio between the length of the reference profile and 
variable profile,

for all possible combinations of the reference and vari-
able profiles. The stretching of �k is performed by a linear 
interpolation and we denote the interpolated vector �� ∈ ℝ

j , 
which represents the stretched variable profile �j

k
= ��(1 ∶ j).

S(k, j) =
j

k
,
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A wide range of stretching factors can be applied, 
although the maximum limit should have a physical or 
geological meaning. Since the stretching factors are used 
to compensate for the crystal orientation, the real maximal 
value of the stretching factor will depend on the geometry 
of each particular kind of crystal. For example, as the aspect 
ratio between the longest and shortest axes of a crystal 
increases, so must the range of possible stretching factors.

Correlation coefficient

For each reference and variable profile, the correlation coef-
ficient is computed between the stretched variable profile 
�

j

k
= ��(1 ∶ j) and the reference profile �j ∶= � (1 ∶ j) , where 

the stretched window �j

k
 has the same length as the vec-

tor �j . Hence, the correlation is always calculated from the 
crystal rim of the reference profile and the two profiles have 
an identical length. We use the sample Pearson correlation 
coefficient (Pearson 1894) and estimate it using the follow-
ing equation,

where fi and g′
i
 provide the value of the reference profile and 

stretched variable profiles at the ith point for i ∈ (1, j) , 
f̄ ∶=

1

j

∑j

i=1
fi and ḡ� ∶= 1

j

∑j

i=1
g�
i
 are the mean values of 

vector f and g’ and j is the length of the reference profile 
vector to be correlated.

A two-dimensional grid is constructed, R(k, j), which is 
filled by correlation coefficients for each combination of the 
reference (f) and original variable (g) profiles. The algorithm 
searches for the global maximum of the correlation coeffi-
cient �(�, � ) ∶= max

k,j
(Rk,j) within this grid, which will define 

the optimum stretching factor and length of the reference 
profile.

In the scenario where the optimum correlation may origi-
nate at the rim of one crystal but from within the interior of 
the other crystal (Fig. 1e), a shift ( � ) can be applied to the 
algorithm. The maximum possible value of � can be set by 
the user, but the algorithm will only cross correlate signals 
when the displacement is less than half the length of the 
sampled reference profile j

2
 . The displacement is performed 

on the stretched variable profile �′ and can be either negative 
or positive with respect to the reference profile (i.e. sym-
metrical around zero). For each value of � , sections of the 
vectors f and �′ will not have corresponding values on the 
alternate profiles and so the correlation cannot be calculated. 
Hence, each of the vectors are cut accordingly. When 𝜏 > 0,

r(� , ��) ∶=

∑j

i=1
((fi − f̄ )(g�

i
− ḡ�))

�

∑j

i=1
(fi − f̄ )2

∑j

i=1
(g�

i
− ḡ�)2

,

�j ∶= � (1 + � ∶ j),

�
j

k
= ��(1 ∶ j − �),

and when 𝜏 < 0,

Mathematical framework

To ensure the consistency and reciprocity of our procedure 
we examine the symmetry of the results (Wallace and Ber-
gantz 2005). This means that comparing the reference profile 
f with the variable profile g will give the same result as using 
the vector g as reference profile and comparing it with vector 
f as the variable profile. To test for symmetry, we run the 
cross-correlation algorithm using 500 pairs of synthetic pro-
files, with the results showing that the respective stretching 
factors are symmetric (Fig. 3) and correlation coefficients 
identical. This observation is proved rigorously in the sup-
plementing material by a theorem at the level of continuous 
profile functions, instead of vectors, to exclude approxima-
tion errors due to the linear interpolation when the variable 
profile is stretched. The theorem is based on showing that 
every window length within the signal is reachable starting 
from every window length within the other signal. Impor-
tantly, to ensure the symmetry in the results we have to set 
a minimum stretching factor that is the inverse of the maxi-
mum stretching factor (i.e. smin(k, j) =

1

smax(k,j)
 ), and so we are 

only interested in the portion of the correlation matrix where 
smin ≤

j

k
≤ smax . Thus, in the discrete case the theorem will 

be symmetrical for the portion of the matrix R(k, j) that 
satisfies this stretching limit criterion.

�j ∶= � (1 ∶ j + �),

�
j

k
= ��(1 − � ∶ j).

Fig. 3   Pairwise stretching factor for the maximum correlation coef-
ficient for 500 pairs of synthetic profiles, exhibiting the symmetry 
of the algorithm. The size of the points is relative to the number of 
pairs that plot for the specific coordinate. The generation of synthetic 
profiles is based on the method presented by Wallace and Bergantz 
(2004)
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General application

In “Application: Kilgore Tuff” we have chosen a series of 
non-ideal profiles from zircons to test the performance of 
the model. However, when applying the algorithm pro-
files should be chosen to enable optimum conditions to 
identify significant correlation, by limiting the freedom 
within the model parameters as much as possible. The 
maximum correlation coefficient between two profiles 
will depend on which values are chosen for the model 
parameters (e.g. maximum stretching factor), which them-
selves will depend on how the crystals are prepared (e.g. 
grains mount vs. thin section) and whether profiles are 
drawn systematically perpendicular to a specific face. As 
the limits of the model parameters are relaxed (e.g. choos-
ing a wider range of stretching factors) then the maximum 
correlation coefficient calculated between two profiles will 
increase, the value of SLTRUE will increase and the ability 
to distinguish significant correlation will become trickier. 
Therefore, profiles drawn from the same crystallographic 
axis from crystals mounted and cut through the centre puts 
the user in the best possible conditions to apply the algo-
rithm, because the model parameters can be constrained 
and thus the capacity to distinguish significant correla-
tion increases. Profiles should also be chosen to avoid 
inclusions and cracks. The methodology can be applied 
to crystals even from thin sections, but only if the model 
assumptions (stretching, smoothing, shifting of profiles) 
are justified and the significance level for the correlation 
correctly estimated. Combined with other detailed petrog-
raphy and geochemical analyses, this cross correlation 
algorithm provides a framework to quantify the amount 
of crystals sharing some common history.

Application: Kilgore Tuff

We apply the cross-correlation algorithm to zircons from 
two deposits that are located > 80 km apart at the margins 
of a large-caldera volcanic system, the Heise Volcanic Field 
(Idaho, USA). To test whether these two outcrops were pro-
duced by the same eruption we correlate grayscale cathodo-
luminescent profiles of zircons, which provides a bulk com-
positional record of the thermal and chemical evolution of 
magma reservoirs, with the additional advantage of being 
resistant to alteration (Hoskin and Schaltegger 2003). How 
zircons respond to changes in melt chemistry or tempera-
ture is not well constrained, however, if significant corre-
lation is found between zircon zonation patterns from the 
two outcrops, this would imply that the zoning was formed 
by a sequence of similar processes, and therefore, that the 
outcrops are from the same eruption.

Geological setting

The Heise Volcanic Field (HVF) is located in eastern 
Idaho at the SW limit of the Yellowstone Volcanic Field 
(Fig. 4a). HVF hosts the volcanic products of the last com-
plete caldera cycle in the Snake River Plain (SRP) preced-
ing the Yellowstone caldera cycle ( ∼ 6.6–4.0 Ma: Ellis 
et al. 2013; Wotzlaw et al. 2014. The youngest ( ∼ 4.45 
Ma) most voluminous eruption (1800 km3 ) of the HVF 
produced the Kilgore Tuff ( 1800 km3 ), which is presently 
well-exposed over an area of about 20,000 km2 (Morgan 
and McIntosh 2005; Watts et al. 2011). The Kilgore Tuff 
was erupted from two main vents to the north and south 
of the present-day caldera (Fig. 4a; Morgan and McIn-
tosh 2005). The two deposits we sample are geochemi-
cally identical and are identified as both belonging to the 
Kilgore Tuff  (Bindeman et al. 2007; Watts et al. 2011), 
which is important to test our algorithm.

Fig. 4   a Map of the Heise Volcanic Field modified from Wotzlaw 
et  al. (2014). Blue dashed line and orange bounded area represent 
the estimated caldera boundaries and the inferred extent of the Kil-
gore Tuff, respectively. The blue and red dots are the locations of 
the two sampled outcrops, KTa and KTd; b sample locations in the 
KTa outcrop, located in the southeastern part of the caldera rim 
( N43◦31.979 , W 111◦41.995 , 1683 m); c sample locations in the 
KTd outcrop, located in the northwestern part of the caldera rim 
( N 44◦21.577 , W 112◦09.910 , 1860 m). Numbers in b and c repre-
sent the vertical location and reference number of samples used in 
this study
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Data acquisition

Samples were collected from welded ignimbrite deposits at 
two locations on the southeast (KTa) and northwest (KTd) 
rim of the Heise caldera (Fig. 4). Zircons were separated 
from 4 different vertical levels in the KTa deposit (Fig. 4b) 
and 3 different layers in the KTd deposit (Fig. 4c) to ensure 
the ignimbrite deposits were sampled along the stratigra-
phy. Zircons were separated using heavy liquids, picked, 
mounted, and polished to expose their interior. Zircons were 
then imaged at the University of Geneva using a Jeol JSM 
7001F Scanning Electron Microscope (SEM) equipped with 
a cathodoluminescence (CL) detector. Grayscale images of 
each zircon were generated by the JED 2300 software to 
characterise temporal variations in the local melt conditions 
in which the zircons grew (Nasdala et al. 2003). Importantly, 
the grayscale values of each zircon are not standardised for 
the chemical content of each zircon. However, because we 
are interested in comparing the pattern of zonation, this does 
not affect the results of the statistical analysis.We used a 
single 1D profile for each crystal, and there was no system-
atic approach to take the profile. This is not the optimum 
scenario to correlate profiles from zircon crystals, as dis-
cussed in “General application”, because we have to choose 
a wider range of stretching factors, but it enabled us to test 
the performance of the algorithm.

For each vertical level we imaged ∼ 25 zircons. Of these 
images we selected between 12 and 14 zircons for analysis 
with the cross-correlation algorithm, removing crystals with 
broken edges or complex sector zoning. Rim to core profiles 
were then drawn using the software ImageJ (Schneider et al. 
2012). Consequently, the cross-correlation method was per-
formed on profiles from a total of 48 zircons from the KTa 
deposit and a total of 41 zircons from the KTd deposit.

Cross‑correlation parameters

We assume crystals that have a common pattern of zonation 
experience the same variation of conditions over a prolonged 
period of time, which implies there can be no displacement 
( � = 0 ) in the correlation of crystal profiles. We set � = 0.3 , 
� = 1 , and SMAX = 3 meaning SMIN = 1∕3 . We choose � = 0.3 
to ensure that the shortest profile we analyse is larger than 
the minimum distance between the zoning features that 
records changes in bulk melt composition or temperature. 
Given the shortest profile we analyse is composed of 39 
pixels, where each pixel is ∼ 0.9 μm , we assume that the 
shortest zoning feature we consider in our analysis is > 11 
pixels, which is ∼ 10 μm . Given that oscillatory zoning 
which records the competition between element diffusion 
and growth (Pearson 1894) has a lower amplitude than oscil-
latory zoning that records bulk changes, we can ignore its 
effect on the results of the correlation coefficient. Finally, 

we apply a light smoothing filter processed in ImageJ, to 
remove analytical noise, but to ensure the zoning features 
of interest remain.

Significance level

As discussed in “Significance of correlation”, the correlation 
of mineral profiles requires an assessment of the minimum 
coefficient, or significance-level ( SLTRUE ), above which any 
correlation is significant. To quantify the SLTRUE value for 
this application we use a Monte Carlo approach (Supple-
mentary material: Wallace and Bergantz 2004), in which 
500 random profiles that have a similar length zonation 
frequency to the profiles in our analysis are generated. We 
run the correlation algorithm using the same value of � and 
Smax in the analysis of all 89 zircons as this will determine 
the range of correlation coefficients. The value of SLTRUE 
is determined as the 95th percentile of the correlation coef-
ficients, which equals 0.90 (Fig. 5). However, the upper 
value of the maximum correlation coefficient ( rmax ) appears 
to depend on the percentage of the reference profile that 
is correlated (Fig. 5), suggesting that SLTRUE may actually 
be lower when the maximum correlation is observed over 
longer portions of the two profiles, and a larger value of � 
is chosen.

To test the validity of SLTRUE we correlate four profiles 
from an individual crystal and use the lowest value of the 
correlation coefficient between the four profiles to esti-
mate SLSCC (Fig. 6a, b). We choose just one crystal to esti-
mate SLSCC , which reflects the general level of anisotropy 
within zircons in the Kilgore Tuff. Once again, we run the 

Fig. 5   Maximum values of the correlation coefficient from correla-
tion of 500 pairwise profiles using a Monte Carlo approach. The 95th 
percentile is highlighted by the red dashed line. The maximum coef-
ficient is plotted against the percentage of the reference profile that 
is correlated, with the upper bound in the coefficient decreasing as 
the percentage of the reference profile increases. For profiles that are 
identical in length, the percentage of the profile would be equivalent 
to the window size
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correlation algorithm using the same value of � and Smax 
used for the analysis of the entire set of 89 zircons.

Whilst the general shape of each of the four profiles 
is similar, due to the resolution of the image and crystal 
anisotropy (i.e. variations in growth and dissolution), the 
algorithm is not able to perfectly (i.e. coefficient of 1) cor-
relate all profiles, and for some pairwise combinations the 
maximum correlation coefficient does not identify correla-
tion over the whole of the profile (Fig. 6c, d; Table 1). The 
lowest value of the correlation coefficient is 0.94 (Table 1), 
which we take to be our SLSCC . Importantly, the value of 
SLSCC > SLTRUE , indicating that correlations between the 
89 real profiles that have a coefficient larger than or equal to 
0.90 are significant.

Results and discussion

The maximum correlation coefficient is based on correlat-
ing a reference profile and stretched variable profile from 
the rim (Fig. 7). In some cases two profiles are correlated 
from the rim (Fig. 7b) whereas in other cases it appears 

that the correlation occurs in the interior of the crystals 
(Fig. 7c). However, the algorithm still identifies the corre-
lation between these two profiles as significant. Currently, 
the identification of what parts of the profiles are corre-
lated is performed qualitatively, based on the correlation 
coefficient for different lengths of the stretched variable 
profile (Fig. 7b, c). Currently it is not feasible to compare 
all pairwise combination, but future development of the 
algorithm would be to automatically identify which part 
of the profiles are correlated and to ultimately characterise 
different families of crystals (e.g. Wallace and Bergantz 
2005) to aid magmatic interpretations and guide further 
research.

(a) (b)

(c) (d)

Fig. 6   Correlation of four profiles from an individual zircon. a CL 
image with the four profiles identified; b Rim to core grayscale val-
ues for the four profiles; c, d Comparison of rim to core grayscale 
values between a reference profile, and the corresponding stretched 
variable profile that produces the maximum correlation coefficient. 
Profile colours are the same as in Fig.  6b and the dashed vertical 
line indicates the length of the reference profile window at which the 

maximum correlation coefficient occurs. Due to irregularities in the 
growth of the crystal on each of the different faces (e.g. the irregular 
peak observed on profile 2), no two profiles are perfectly correlated. 
The absolute value of each of the profiles is not identical, due to ani-
sotropy in the CL image, but does not affect the results of the cross 
correlation

Table 1   Correlation coefficients 
for the four profiles in Fig. 6. 
As expected, the correlation 
between profile pairs is 
symmetrical

1 2 3 4

1 1 0.95 0.95 0.95
2 0.95 1 0.96 0.94
3 0.95 0.96 1 0.96
4 0.95 0.94 0.96 1
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Zircons are correlated within each deposit, and between 
both deposits (Table 2). The correlation of zircons between 
the two outcrops indicates zircons in both deposits experi-
enced similar magmatic processes, which is in agreement 
with published data showing that both outcrops belong to 

the Kilgore Tuff (Bindeman et al. 2007; Watts et al. 2011). 
The level of correlation within each deposit is high, with 
46 of 48 ( ∼ 96% ) zircons in KTa correlating with at least 
one other zircon in the same deposit, and 37 of 41 ( ∼ 90% ) 
zircons in KTd correlating with at least one other zircon in 
the same deposit. Between the deposits, however, the level of 
correlation varies, with 45 of 48 ( ∼ 94% ) zircons in KTa cor-
relating with at least one other zircon in KTd, and only 33 of 
41 ( ∼ 80% ) zircons in KTd correlating with at least one other 
zircon in KTa. This suggests that the patterns of zonation 
and that are observed in zircons in KTa are also observed in 
zircons in KTd, but not all the patterns of zonation that are 
observed in zircons in KTd are observed in zircons in KTa. 
Specifically, it suggests there are zircon populations within 
KTd that are distinct with respect to the patterns of zonation 
observed in KTa. If we assume that these different zonation 
patterns represent different magmatic histories it suggests 
that a proportion of the zircons in KTd record a magmatic 
history that is not registered by zircons in KTa. However, 
such an interpretation requires further geochemical analyses 
and examination of all pairwise correlations to understand 
whether profiles are correlated from the rim or within the 
interior of the crystal (e.g. Fig. 7).

Conclusions

We have developed an algorithm that can compare and iden-
tify similar zoning patterns in different portions of magmatic 
crystals. This algorithm has been applied to the Kilgore Tuff, 
where zircons in two deposits over 80km apart have been 
correlated. Consequently, where volcanic deposits are found 
over a large spatial scale, the cross-correlation of crystal 
profiles provides an opportunity to statistically determine 
whether they are related (e.g. from the same eruption). For 
example, this could be at different sides of a large volcanic 
caldera, or in dispersed tephra in lake or deep sea sediments.

Thus far we have used the global maximum coefficient 
to identify correlation between two profiles, based on sat-
isfying a significant level of correlation. The choice of sig-
nificance level will be crucial when interpreting the results 
to understand magmatic processes in more detail, and to 
ultimately constrain the level of correlation between two 
crystal profiles, so that different families of crystals can be 
identified. Currently, the location of correlation is based on 

Fig. 7   Correlation of three zircon profiles: a original profiles; b com-
parison between two zircons from KTd; c comparison between a zir-
con in KTd and a zircon in KTa. In b and c, the maximum corre-
lation is identified. The purple shaded area represents the lengths of 
the stretched variable profile that have a correlation coefficient that 
is greater than the significance level. This identifies that correlation 
may extend from the rim (b) or may only occur in the interior of two 
crystals (c)

Table 2   Number of zircons that are significantly correlated with at 
least one other zircon in either the KTa or KTd deposits

KTa (48 total) KTd (41 total)

KTa 46/48 33/41
KTd 45/48 37/41
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an expanding window approach, but examining the results 
of algorithm has allowed the qualitative identification of 
crystals that are correlated in the interior, but not at the rim 
(Fig. 7c). In the future, the location of correlation within 
crystal profiles may be quantitatively defined by identifying 
local maxima within the correlation matrix produced by the 
algorithm. This would allow correlation from the rim to be 
better constrained, and the identification of correlation in 
the innermost portions of crystals that may be too small to 
locate using a global maxima approach. Such an approach 
may also overcome the issue of the dependence between the 
maximum correlation coefficient and the percentage of the 
reference profile that is correlated (Fig. 5).

This technique offers the possibility to identify similari-
ties and differences in crystal zoning patterns rapidly and 
objectively using an automated algorithm. Hence, when the 
cost of image production is low the algorithm provides a 
cost-effective method to interrogate large numbers of crys-
tals. In turn this provides an excellent basis on which to 
select minerals for more time consuming and expensive geo-
chemical analyses or more intensive age dating techniques.
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