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Abstract

Polar firn is characterized by small, interconnected pores by which air from the overlying atmo-
sphere can diffuse through the firn column and eventually become trapped within glacial ice. How
well we characterize the pore space, and the ability of air to migrate through it, ultimately dictates
how well we can reconstruct past climate records. Modern models use the proxy of firn density to
determine the rate at which air can diffuse through the firn column. Including firn microstructure
through the consideration of intrinsic permeability of gas transport through firn models has shown
promise as a proxy to better capture transport mechanisms. The intrinsic permeability of firn is con-
strained by the physical geometry of the organization of the pore space. Recently, the coupled use of
x-ray micro-computed tomography (Micro-CT) and computational fluid dynamics have been proven
to be a viable alternative to direct measurement of intrinsic permeability in the laboratory. Lab
measurements of intrinsic permeability are inherently complicated by the fact that performing these
measurements may induce changes to the pore space due to sublimation, or mishandling. Micro-
CT measurements enable non-intrusive reconstruction of the three-dimensional pore space that can
be used to create computational models that numerically estimate the intrinsic permeability from
the Micro-CT scans. Given the complex geometry of the pore space in glacial firn, the Lattice
Boltzmann Method (LBM) has gained popularity for performing these simulations and if properly
constrained, could become a standard in obtaining the important proxy of intrinsic permeability
of firn cores. To this end, the following research illustrates the importance of image preprocessing
parameter consideration and selection of an appropriate collision model when applying LBM to
numerically estimate the intrinsic permeability of glacial firn from Micro-CT data. Specifically, I
analyze a range of thresholding or binarization choices which take the grey-scaled (0-255) raw images
and turn them into black and white pixel distributions for input into LBM software. In addition, I
compare the single-relaxation time to the two-relaxation time collision operators, commonly applied
in LBM simulations for firn conditions. I then compare the simulated results to lab measured values
of intrinsic permeability for firn samples from NEEM, Greenland. The results highlight that the
thresholding choice is extremely important to consider when simulating the intrinsic permeability.
Furthermore, the single-relaxation time collision operator is shown to both introduce non-physical
variability as a function of viscosity while also suffering significant stability issues. Comparatively,
the two-relaxation time collision operator estimates are viscosity independent—as is required based

on the definition of intrinsic permeability—while also being stable over a larger range of viscosities.
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Finally, I consider the current methods of obtaining the important parameter of open porosity of

firn when modelling the difference in age between glacial ice and the air trapped within it.
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1 Introduction

1.1 Firn

Polar rn is a porous, granular material that can be found in the upper layers of glaciers and
ice sheets. It is speci cally the intermediate stage between freshly deposited snow and glacial ice,
where the old snow layers are undergoing densi cation and compaction due to the weight of snow
accumulating above it as shown in Figure 1. As more snow accumulates, the old snow is eventually
densi ed into ice, which, depending on site conditions such as temperature and precipitation, can
take place over hundreds to several thousand years. Firn plays a critical role in the Earth's climate
system as glaciers and ice sheets are among the largest freshwater reservoirs on the planet and
thus, have a signi cant impact on sea level rise and global climate. Also contained within rn is
valuable information about past climates as the layers of old seasons snow-pack act as a time capsule
for information about past temperature, precipitation and atmospheric conditions. Firn itself is
characterized as a porous media with a vast and complex network of interconnected empty pore
space between regions where gases from the above atmosphere can freely move through the old snow
undergoing densi cation. The geometric complexity of rn's microstructural pore space impacts the
gas transport between the atmosphere and the open pore space within the rn column until the
rn-ice transition depth, where pores close o into bubbles that preserve past records of the Earth's
atmosphere ([1]). A deeper structural understanding of this material has important implications for

the accurate interpretation of ice-core paleoclimate records, meltwater storage estimates, thermal

gradients within the rn, and remotely sensed data from rn-covered regions.

1.2 Gas Transport in Firn

The rn column plays a crucial role in the preservation and interpretation of atmospheric gas records
in ice cores. The rn layer is porous, with a complex network of interconnected pores that allow
gases to diuse through the rn. The rate at which gases di use through the rn is site-specic
and in uenced by several factors, including the temperature, snow accumulation rate, and the grain
size of the rn, which varies at depth. At the top of the rn column, where snow akes are just
beginning to metamorphose into larger grains, the pore space is also larger ([2]; [3]) and thus, vapor
transport is ampli ed by pressure driven air circulation at the surface ([4]; [5]). As more snow

accumulates at the surface, the weight and pressure causes old snow to further compact, resulting



Figure 1: General depiction of the transition from snow to rn to ice that occurs as fresh snow fall,
causing the old snow to densify under overburden pressure. As depth increases, pore space (grey) is
slowly converted into small, compact bubbles retaining gases from past climates. Depth and speed
of close o is highly dependent on the temperature and precipitation rate at a speci c site. Image
credit: University of Copenhagen.

in decreasing pore space with depth in the rn column (Figure 1). Eventually, as the rn densies
into impermeable glacial ice, the pore spaces close o completely, trapping gases in the pores within
the ice. These trapped air bubbles provide an incredibly valuable paleoclimate proxy as ice cores
represent very high resolution, direct and continuous record of changes in Earth's past atmospheric
composition prior to modern atmospheric monitoring ([6] Ch 15, p. 611). These records are powerful
in that through comparison of oxygen isotope records trapped in the ice, we can reconstruct past
temperatures and align them with the corresponding concentration of atmospheric gases that are
stored in the gas bubbles.

The gas archive preserved in bubbles trapped in ice are in uenced by multiple processes which
take place in the overlying column of rn before the air bubbles becoming sealed o . Thus, in order
to accurately characterize paleoclimate records contained within ice cores, the physical e ects of rn
microstructure on gas transport processes must be well constrained ([7]; [8]; [9]; [10]). It has been

long understood that gas concentrations and isotopic compositions within the rn column become



modi ed by various degrees before and during densi cation and trapping process ([4]; [11]; [5]; [12]).
Several examples of these processes are: convection, di usion, advection, gravitational and thermal
fractionation. Over time these processes alter gas species in varying degrees and ultimately, since
the gases are transported faster than pores close o, the air contained within ice is younger at the
pore close o depth than the ice that surrounds it ([1]). This resulting di erence of age between
glacial ice and the air bubbles it contains is known as the delta- age ( age). Since the air contained
within the rn column is transported to the bottom of the rn faster than rn densies into ice,
interpreting these paleoclimate records requires knowledge of the (age) ([1]). Determining this
property of the gases contained within ice cores is dependent on the site in which the core was
obtained. For example, at warmer, higher accumulation sites such as NEEM Greenland (avg temp:
-29 C, Ave precip: 22cm) ([13]) snow will accumulate much faster, causing rn to compact and air
bubbles to close o faster than at colder, low accumulation sites. For comparison, Vostok, Greenland
(avg temp: -54 C, Ave precip: 2.2cm) ([14]) is signi cantly colder and sees far less accumulation.
Ultimately, these di erences propagate in a di erent rate of rn compaction where the age of the
ice at close o depth to be 240 years old in NEEN, Greenland and 2400 years old in Vostok. Thus,
careful consideration of the age is critically important as it provides the means by which we can
accurately synchronize oxygen isotope ratios present in the layers of ice and match them to the
timing of past events such as volcanic eruptions, shifts in temperatures and changes in greenhouse
gas concentrations.

The age parameter is typically modeled using the average accumulation rate, mean annual
temperature, and density pro le of a site as rst outlined by the Herron and Langway Model ([15]).
The Herron and Langway (HL) model is one of the earliest and has proven to be the benchmark
for a signi cant number of subsequent rn densi cation models as many calculations are based on
assumptions made by Herron and Langway ([16]). Herron and Langway, following Sorge's Law ([17]),
assumed that the relationship between snow density () and the depth (h) below the snow surface was
invariant with time when snow accumulation and temperature are constant at a site. Employing this
assumption, Herron and Langway used rn cores from 17 sites from across Greenland and Antarctica
to describe the depth-density relationship in the rn column. Site temperatures ranged from -57C
to -15 C and accumulation rates range from 0.022-0.5 meters of water per year. It should be noted
that the authors originally indicate a large uncertainty in the yearly snow accumulation values due
to the imprecise means by which annual layers are identi ed, geographical variations (elevation,

longitude, lattitude) and the short time duration for which data become accessible ([15]).



Previous work has shown that rn microstructure impacts the depth at which open pore space
closes o into bubbles, locking in a sample of the atmosphere ([18]). Presently, rn-air transport
models rely on density as a proxy as a close approximation of pore microstructure. Because density
only describes mass per unit volume, rather than containing any information about the specic
arrangement of ice grains, it has been shown that using densication of rn to model age is
insu cient when describing the movement of gas through rn in Summit, Greenland ([19]). Thus,
our understanding of agestands to be improved since the complex microstructure of rn and the

wide range at which pores close o at various depths is poorly understood ([20]; [21]; [19]).

1.3 Improving Ice Core Paleoclimate Interpretation

One way to more accurately capture rn microstructure into current models is to include the in-
trinsic permeability (k) of rn throughout the entire column. Intrinsic permeability is a geometric
property of a porous material given in units of length squared (Sl unit: m?) that is independent
of the viscosity and density of a uid moving through it ([22]). Therefore, when describing the
microstructural properties of rn (or any porous material), intrinsic permeability is better suited
to capturing underlying intricacies that proxies such as density and porosity fail to address when
modeling age

Historically, there have been very few measurements of intrinsic permeability of rn, but several
researchers have employed the use of a laboratory permeameter to obtain this data ([3]; [23]; [24];
[25]). Albert (2000) ([26]) describes the process well, but essentially, air is continuously drawn
through the sample with various ow rates, and the ow rates are checked to ensure that they are
non-turbulent until steady state is maintained. Darcy's law is then used to calculate the intrinsic
permeability obtained from the empirically derived air ow rates and pressure drop ([26]).

The lack of intrinsic permeability measurements is largely due to the fact that obtaining data
pertaining to the intrinsic permeability of rn cores in the lab is tedious, prone to several sources
of error, and, up until recently, its importance as a proxy has been underestimated. One source
of measurement errors of intrinsic permeability can be caused by an improper seal around non-
homogeneous shaped cut rn cores, allowing air to leak out and around the rn. Additionally, rn
cores can be altered while being stored for long durations in a freezer or by the surrounding ambient
heat in a laboratory environment, emphasizing the need to store these data in such a way that

preserves the true microstructure.



An alternate, nondestructive method of obtaining intrinsic permeability that would help solve
this issue and build upon the work of Courville et al., (2010) and Freitag et al., (2002) ([27], [25]) is
the employment of the Lattice Boltzmann Method (LBM). Courville et al. computed the intrinsic
permeability of rn by digitally reconstructing Micro-computed tomography (Micro-CT) data and
simulating Darcyian ow through the porous material by using the LBM, a popular computational
uid dynamics (CFD) technique. Micro-CT is a non-destructive 3D imaging technique utilizing
X-rays to see inside an object slice by slice. With the advancement of Micro-CT scanners along with
supercomputing, our ability to analyze uid ow through porous media has improved dramatically,
and laboratory experiments on the core scale have become a common method by which experimen-
talists can obtain the macroscopic properties of ow through porous media ([28]; [29]; [30]; [31];
[32]; [33]; [34]; [35]). While the process of obtaining micro-CT images of rn and then simulating
particle ow with the LBM process, is not much more e cient than lab analysis, is signi cantly less
destructive to the rn, and most importantly, capable of reducing laboratory error. Due to this, the
known alterations which happens to snow grains and the advantage of employing the nondestructive
micro-CT, the rn community is moving towards digitally rendering freshly obtained rn cores as
a standard practice. Thus, making acquisition of rn microstructural information far easier than in
the past. The goal of this work aims to properly develop the methods by which we can obtain the
important proxy of intrinsic permeability when using the LBM.

The LBM is a popular modelling technique used to simulate a uid density of particles streaming
and colliding (relaxation) on a lattice mesh ([36]) by using the Boltzmann equation to capture the
statistical behavior of particle interactions. Although the LBM's fundamental physics is based on
the statistical Boltzmann behavior of a population of particles, it can be shown that the macroscopic
Navier-Stokes Equations are fully satis ed for uid ow ([37]). While one could use other techniques
(eg., nite di erence method or nite element method) to obtain the same answer when simulating
ow through porous media, the LBM has several advantages over other computational uid dynamic
(CFD) techniques such as the inherent computational parallelization of the algorithm, along with
its ability to work well with complex boundaries and micro-interactions ([38]; [29]; [39]; [40]; [41]).
In addition, growing out of its preceding lattice gas models, the LBM gained a stronger theoretical
backing in physical gas theory ([41]). Thanks to a surge in popularity, the LBM has been successfully
employed in a wide variety of uid dynamic applications including free-surface ows ([42]), particle
interactions ([43]), blood ow ([44]), wind dynamics ([45]), water into soil in Itration ([46]) and ow

through porous media ([47]).



With the greater long term goal of studying the microstructural impacts of rn on the age
measurement, the following work leverages micro-CT images that have been taken of rn cores from
NEEM Greenland. These cores have then been digitally reconstructed and input into LBM simula-
tions to numerically estimate the intrinsic permeability based on rn microstructure. These ndings
have demonstrated several important considerations when performing future work to further develop
our knowledge about the impact of intrinsic permeability when modeling age Ultimately, making
this adjustment of proxies when modelling the transport of air through rn could show that previous
correlations of climatic events with temperature uctuations are imprecise - or in some cases, not re-
lated. Depending on the type and acuteness of event one wishes to study in the paleoclimate record,
a discrepancy in the age of several years in timing could be incredibly important to accurately con-
strain. However, in most instances only several years discrepancy in age proxies would be far less
signi cant than nding a ve to ten year discrepancy as this could dramatically reshape our timing
and impact of past climatic events and anomalies. Constraining this discrepancy is dependant on
the collection of intrinsic permeability data and correct digitization of rn microstructure for LBM
simulations. When performing these simulations, of primary consideration is the choice in image
binarization (thresholding), collision model, and the boundary tuning parameter (). As further
demonstrated, there is signi cant work to be done in constraining the proper choice of thresholding
when preprocessing Micro-CT data, but | display the ideal choice of collision model and tuning

parameter when performing LBM simulations.

2 Methods

2.1 The NEEM Firn Core

This research makes use of samples taken from the upper 70 meters of the rn column at the NEEM
deep ice-coring site in Greenland (77.4%, 51.06'W). The site has a mean annual temperature of
-29°C and a mean annual accumulation rate of 0.22 meters ice equivalent per year ([13]). During the
2009 eld season, the NEEM 2009 S2 shallow core was drilled to a depth of 79 meters and retrieved
in sections approximately 1 meter in length and 8 centimeters in diameter. The rn layering was
documented by characterizing each layer based on its average grain size. The NEEM 2009 S2 core
extends to the upper limit of the pore close-o depth, which ranges from 79 to 83 meters. After

the core was logged and packed on site, the core was stored at the Cold Regions Research and



Engineering Laboratory in Hanover, NH, USA at a temperature of -29 C. The density ( ) of each
sample was measured and reported by Keegan et al., (2019) using a digital scale and dial calipers
to obtain measurements of mass and volume (instrument error 0.005 g/cd) ([24]).

There are three zones of densi cation within a rn column which are de ned by the primary
densi cation dominant gas transport mechanism occurring in that zone ([6]; [48]). At the top of the
rn column, where snow akes are just beginning to metamorphose into larger grains, the pore space
is larger ([2]; [3]; [49]) thus, vapor transport is ampli ed by pressure-driven air circulation ([50]; [51];
[52]). As snow accumulates, the weight and pressure cause old snow to further compact, resulting
in decreasing pore space the deeper one looks in the rn column. In these deeper layers, the pores
are completely closed o from the above atmosphere, and gas concentrations are altered through
other processes such as di usion and gravitational separation ([4]; [5]). Eventually, at the base of
the column, the rn densies into impermeable ice, and the pore spaces will close o completely
- trapping nearby gasses within the ice in the 'lock-in zone'. The following studies make use of
measurements of density and intrinsic permeability obtained from the NEEM rn core across a wide
range of depths. Concerning the following two studies leveraging computational uid dynamics, |
focus on one sample from three speci ¢ depths within the NEEM rn column that correspond to

each of these density zones (7, 26, and 70 meter depth).

2.2 Computing Permeability: Darcy's Law

Laminar uid ow through a porous medium can be calculated using Darcy's law when there is no
exchange of mass between the uid and solid, and the solid does not deform. According to Darcy's
law, the intrinsic permeability is proportional to the ratio between the ow rate through the media
and the applied gradient ([53]). The intrinsic permeability (k) is a property of the medium and thus,
is independent of the viscosity (). Darcy's law is expressed as follows:

o= “rp )

wherek represents the intrinsic permeability of the media, A is the cross-sectional area perpendicular
to ow, the uid dynamic viscosity, r P is the pressure gradient per unit length, andq is the
volumetric ow rate. Darcy's law assumes that the uid ow is laminar, thus, when performing the
test in a lab, multiple simulations must be conducted at various pressures to ensure the intrinsic

permeability remains constant. Laboratory derived k is obtained using the following procedure:



Figure 2: Cross sectional depiction of porous media where pores go from permeable (right) to
impermeable (left) as material gets ner packed, restricting the ability of uid to move through
pores. Image credit: UC Denver.

rst, a cylindrical cutter is used to slice a snow sample before tting a double-cylinder head on the
sampler ([3]). Outer and inner air ows are slightly di erent and the double-cylinder head allows for
this. Next, air is pumped through the sample while the air- ow rate and pressure drop are measured
across the sample. From the outside, ows can be adjusted until pressures equalize - thus providing
compensation for outer edge e ects and maintaining parallel ow in the sample under the inner
cylinder ([26]). Air is continuously drawn through the sample with various ow rates and checked to
ensure that ow rates are su ciently low and that steady state is maintained. Finally, Darcy's law

is used to calculate the intrinsic permeability obtained from the empirically derived air ow rates
and pressure drop ([26]). For all simulations in this work, the intrinsic permeability is computed by
applying Darcy's law to simulate velocity data via eq. (1). Essentially, we know the area, and specify
the pressure gradient and uid viscosity to rst compute the uid velocity through the medium to
then solve fork. When computing intrinsic permeability, | utilize the popular open-source software

package, Palabos ([54]).

2.3 X-ray Micro Computed Tomography

First and foremost to consider when performing uid dynamic simulations on digitally reconstructed
rn, is the methods by which one can non-destructively obtain digitized data. Micro-computed
tomography or Micro-CT is a three-dimensional imaging technique that utilizes x-rays to see inside

of an object slice by slice on a small scale with very high resolution. It was in the early 1980s that



Figure 3: Laboratory permeameter set up used to take initial measurements of NEEM cores intrinsic
permeability. Image credit: Mary Albert 2017. [26]

the rst micro-CT scanners were developed ([55]; [56]; [57]; [58]). Grodzins (1983) ([59]) developed
a method to maximize the CT image signal-to-noise ratio by adjusting the X-ray photon energy

to achieve an optimal, energy-dependent attenuation such that the energy-dependent attenuation
is in ideal approximation to the specimen ([60]). Bench-top X-ray sources are generallg 100 m
and as small as 5m and are collected on a thin & 0.5 mm) uorescent crystal plate before being
directed to a charged coupling device for conversion ([60]). Sample resolution can be as small as 100
nanometers and objects as large as 20 centiimeters in diameter can be scanned. Micro-CT scanners
capture a series of planar two-dimensional images which can be reconstructed into cross-sectional
three-dimensional models typically by Itered back-projection algorithm known as the Feldkamp,
Davis, and Kemp (FDK) cone beam reconstruction algorithm ([61]). The power in Micro-CT lies in
that with 2D x-rays, it is capable to see through an object, and then, when extrapolated into 3D,
the object's internal microstructure can be revealed.

Since the genesis of this technology, the most well-studied application of this method is by
far in the realm of medical research. It has, however, also been used extensively in the study of
microstructure contained within porous materials ([63]; [64]; [65]; [66]; [67]; [35]) and in recent years,
this application has been extended to include 3-D images of snow and rn ([68]; [69]; [70]; [71]; [72];
[27]; [73)).
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Figure 4. Schematic of how Micro-CT's utilize x-rays to visualize the complex internal microstruc-
ture of an object. [62]

Figure 4 displays how x-rays are generated within a source and transmitted through a sample,
whereas on the other end, X-rays are recorded by a detector as a 2D projection. The sample is then
rotated a fraction of a degree and another X-ray projection is captured ([74]; [75]). This step is
repeated for either 180 degrees or 360 degrees depending on what is being imaged. These series of
X-ray projections are then reconstructed into cross-sectional images for analysis or the production of
3D models. These reconstructions can be noisy due to issues such as higher absorption or scattering
rather than propagation through a material. Thus, it is important to properly consider the methods

by which images are preprocessed in preparation for digital uid dynamic simulations.

2.4 Methods of Preprocessing Micro-CT Data

Accurate representation of the pore space is critical for modeling the physical transport mechanisms
within the rn column and has been investigated by several researchers ([71]; [27]; [70]; [76]; [77];
[70]). Standard techniques for preprocessing these images are often subjective and rely heavily on
choices based on visual cues ([78]; [71]) although work is being done to better re ne these methods
([79]). Raw micro-CT images are rendered as a compilation of pixels that range from 0-255 on a
grey scale where 255 represents completely black pixels and 0 completely white. These renderings
can often be noisy and visually complicated due to attenuation signal loss as the X-ray traverses the
rn. This inevitably requires the image to be binarized (black and white pixels only) or thresholded
for CFD software to adequately prescribe whether a pixel is a solid or uid pixel.

In the following work, the data used was three-dimensional (3D) reconstructions, generated from

Micro-CT, of a rn core collected in NEEM, Greenland. The initial 2D slices were created with a
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Skyscan 1172 micro-CT instrument housed in a cold laboratory. Originally, each rn sample was
approximately 10 x 10 x 15 mm in size and was scanned at a pixel resolution of 15m. Due
to inconsistencies in the rn column images, we isolated and performed tests on samples with a
dimension of 7.5 mn?, or 500x500x500 voxels. The angular projection images produced by the
micro-CT scans were reconstructed into grayscale, cross-sectional images of the rn microstructure
using the NRecon software. In order to read images into CFD software, the grayscale images
were binarized by rst choosing a thresholding value and then applying it to the entire stack of
500x500x500 voxels before performing simulations. It is important to note that the CFD software
used for tests non-intuitively requires negatives of our data where black voxels represent solid material
and white pixels represent uid voxels. This is in contrast to our images and how we think about
rn pore space but the reported simulated intrinsic permeability in the results section is consistent

with thresholding expectations when simulated data is negative to the physical data.

2.4.1 Thresholding

Thresholding or binarizing an image is a fundamental technique in image processing used to convert
grayscale or color images into binary images. The goal of thresholding is to segment an image into
two regions, foreground, and background, based on a threshold value. The pixels in the image with
values below the threshold are assigned to the background, and the pixels with values above the
threshold are assigned to the foreground. As raw micro-CT images are rendered in a grey scale
from 0-255, the choice of pixel binarization also occurs within the same scale. In the case of the
following work, when specifying a particular thresholding value such as 100 in an image, every gray
scaled pixel below 100 gets binarized into a white pixel. Then, anything from 100 and up becomes a
black pixel. Since there is a wide range of pixel values and images are noisy (Figure 5), the chosen
threshold will impact the two-dimensional rendering of rn to pore space and ultimately alter the
physical geometry of the digitized porous media. One large example of a potential source of error
visible in Figure 5 is the light grey ring of noise in the center-right of the image, where if this ring
propagated through the entire 3D rendering, there could be a large impact on the computed intrinsic
permeability. To perform these tests, several past works have chosen a single threshold, meaning
that they apply the same thresholding value to the entire set of samples that range with depth ([80];
[71]). Courville (2010) ([27]) determined threshold values using two di erent methods: rst was
through visually matching the approximate visual porosity from the raw images with thresholded

ones. Second, using methods developed by ([71]; [81]), Courville chose the threshold value as the
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Figure 5. Raw micto-CT image of NEEM rn at 7 meter depth. Here, lighter pixels represent solid
rn and dark space represents the interconnected pore space where air and uids can propagate.

midpoint of the maxima for the pore space and ice particle values in a grey scale histogram. In
this manner, they were able to pick a speci c thresholding value for various depths rather than a

universal thresholding value similar to Riche (2012) ([78]).

2.4.2 Otsu's Method

Otsu's method is a popular image processing technique developed by its creator, Nobuyuki Otsu
for simple automatic image thresholding ([82]). This method computes the optimal threshold value
to separate foreground from background pixels in an image. Ideally, Otsu's method will identify
the correct thresholding choice that maximizes the inter-class variance between foreground and
background pixels or, through minimizing inter-class variance. In this case, the inter-class variance
is de ned as the weighted sum of variances of the two classes, where the weights are the probabilities
of the pixels belonging to each class. The key is to realize that Otsu's method iterates through all
possible thresholding values while measuring the separation of foreground to background pixels
to nd the threshold which will minimize the spread. This is represented nicely by Figure 6 where
unique pixels between 0-255 are rst counted in separate bins before comparing the variance between

the classes. The method then takes the threshold value that maximizes the inter-class variance, and
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