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Abstract. The Arctic sea ice cover seasonally evolves from large plates separated by long, linear leads in the winter to a mosaic
of smaller sea ice floes in the summer. The interplay between physical and thermodynamic mechanisms during this process
ultimately sets the observed sea ice floe size distribution (FSD), an important metric for characterizing the sea ice cover and
assessing model performance. Historically, FSDs have been studied at fixed locations over short periods, leaving a gap in our
understanding of the spatial and temporal evolution of the FSD at large scales. Here, we present a-new-an automated frame-
work for image segmentation, allowing the identification and labeling of individual ice floes in Moderate Resolution Imaging
Spectroradiometer (MODIS) data. Using this algorithm, we automatically process and segment 4,861 images, identifying more
than 9.4 million floes over 23 years. The extracted characteristics of the floes—including area, perimeter, and orientation—evolve
throughout the spring and summer in the Beaufort Sea. We find seasonal patterns of decreasing mean floe area, increasing FSD

power law slope, and more variability in the floe orientation as the summer progresses.

1 Introduction

The Arctic sea ice cover controls heat and moisture flux from-the-atmosphere-to-between the atmosphere and the ocean. It has an
annual cycle characterized by the growth and melt of ice in which large, heterogeneous snow-covered winter ice floes fragment
into an ensemble of smaller floes in the summer. The break-up of the ice cover and resulting floe size distribution (FSD) is set
by complex feedback loops involving physical and thermodynamic processes. For instance, given the higher perimeter-to-area
ratios of small floes compared to that of larger floes, small floes experience proportionally more lateral melting. This effect
is observed to be especially pronounced for floes smaller than 50 m in diameter (Steele, 1992; Horvat et al., 2016). Lateral
melting shrinks the floes, further raising their perimeter-to-area ratios, thus leading to a positive feedback cycle. Also, lateral
melt creates density gradients that contribute to the non-homogeneous stratification of the upper ocean mixed-layer, enhancing
mixing and eddy formation (Horvat et al., 2016). Long waves from summer Arctic storms fracture the ice pack (Asplin et al.,
2012), an effect amplified by the retreating sea ice edge and lengthened open water fetch enhancing wave energy. The FSD
also yields information about how a sea ice field will respond to oceanic and atmospheric forcing. Since the drag coefficient
between an ice floe and the ocean depends on the ice floe size, the FSD is related to ocean-atmosphere energy and momentum

transfer (Birnbaum and Liipkes, 2002).
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Following the original conceptualization of flee-size-distribution-the FSD in Rothrock and Thorndike (1984), numerous
studies have documented floe-size-distribution-'SDs in various regions throughout the Arctic and the Antarctic (see Stern et al.

(2018Db) for a comprehensive list of FSD studies). We focus on the Beaufort Sea, where FSDs have previously been determined

from radar imagery (Holt and Martin, 2001; Hwang et al., 2017), high-reselation-high-resolution optical satellite imagery
(Wang et al., 2016; Denton and Timmermans, 2022), and aerial photography (Rothrock and Thorndike, 1984; Perovich and

Jones, 2014). These-While these studies have advanced our knewledge-ofseasonal-evolution-of-the- EFSB-understanding of the
FSD seasonal evolution (e ., the effect of storms on floe breakup sand the relationship between sea ice concentration and-FSD-

and FSDs), they are limited to small areas over short periods.
Moderate-resolution Imaging Spectroradiometer (MODIS) data have been previously used in flee-size-distribution-FSD

studies (Toyota et al., 2016; Zhang et al., 2016; Stern et al., 2018a) but only for shertterm—stuadies—a short term over a

few years at most.

individual-floes—over-conseeutive-images—The-Here, we leverage the recently developed Ice Floe Tracker (IFT) algorithm

Lopez-Acostaetal;2049)-to analyze the 23-year MODIS dataset in the Beaufort Sea (Lopez-Acosta et al., 2019). The IFT
has previously been used to identify eddies in the- Beaufort-Sea-this region (Manucharyan et al., 2022), to initialize and validate

floe shapes in models (Chen et al., 2022), and to understand the factors affecting sea ice motion in the Greenland Sea (Watkins
etal., 2023). The HFF-algerithm-was-algorithm was originally designed to accurately track individual pieces of sea ice over time,
requiring the same floes to appear in consecutive images. In this work, we focus on maximizing the number of identified floes in
arange of sea ice conditions to better capture the floe-size-distributionESD within an image. We develop a new algorithm based
on (Penton-and-Timmermans;2022)-that-foeuses-t H%MHMEMMOH hlgh identification
rates of ice floes and retrieving accurate geometric properties.
avatlable sunlight-this 23-year dataset-With 23 years of available data in the spring-to-summer transition, the MODIS optical
imagery provides the potential to massively-expand-our-floe-database-and-FSD-studies—study interannual and decadal changes

in floe properties and analyze whether there is a change in the observed FSD in the Arctic. The paper is organized as follows.
First we present an-our algorithm for image segmentation and floe identification in images-efiee-in-a-optical satellite imager

in a wide range of ice concentration and melt states. We then present and validate the extracted sea ice floe properties with
using higher resolution data and existing datasets. Then, the floe identification algorithm is applied to thousands of MODIS
images spanning from 2006-26222000 to 2022, from March through September in the Beaufort Sea. The seasonal evolution
and interannual variability of the floe sizes are presented and discussed. We conclude the study with an overview of our findings

and suggestions for future directions.

2 Study Area and Data

The Beaufort Sea has experienced profound changes over recent decades. The end of summer sea ice area, measured as the
September monthly average, is decreasing at a rate of 10-30% per decade(Timmermans-and-Toele;2023), resulting in substan-
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Figure 1. Study region. a) True Color MODIS imagery of the Beaufort Sea on 22 May 2021+ the study region is outlined in a green box. b)

teeation-Location density of observed floes in the study region. The 2-d histogram shows the total number of floes observed in each 1 degree

x 1 degree box. ¢) distribution-Distribution of observed floes by year.

tially more solar heating in the upper ocean —Fhe(Timmermans and Toole, 2023). There is a loss of older and thicker multiyear

ice isnow-melting-out-during-summer-within-in the Beaufort Sea i ; Maslanik et al., 2007; Kwok and Cunnin

and the multiyear ice edge is receding (Galley et al., 2016). We-foets-on-thisregion-inourstudyIce loss in the Beaufort Sea has

influenced the Beaufort Gyre circulation and freshwater (Timmermans and Toole, 2023); we focus this study in the Beaufort

Sea to capture the changes in the ice cover to further understand these important processes (Fig. 1a)because-itis-importantto
understand-this rapidly-chaneing region-and-we expect-to-see-a marked-transition seasonally -from-, We hypothesize that there
is a quantifiable seasonal transition in FSD from when high concentration winter sea ice occurs to the melting fractured sea ice

of summer.
2.1 MODIS Imagery

The Moderate Resolution Imaging Spectroradiometer (MODIS) instrument is onboard two NASA satellites, Terra and Aqua,
launched in 1999 and 2002, respectively. MODIS acquires data in 36 spectral bands spanning wavelengths from 0.4 to 14.4 m
with varying resolution. In this work we use the True Color imagery (Fig. 1a), a composite of Band 1 (red, 645 nm), Band 4
(green, 555 nm), and Band 3 (blue, 469 nm) (Vermote, 2015). This composite product is available at 250 m resolution. Full
Arctic coverage imagery is provided twice daily outside of polar night (March through mid-October in the Beaufort Sea). The
MODIS Cloud Product (MOD06/MYDO06, (Platnick-et-al5-261+6)Platnick et al. (2016)) reports calculated cloud properties for
each pixel in the MODIS images and includes a cloud fraction derived from the infrared imagery. We use the cloud fraction

parameter to mask out the cloudy regions in the pre-processing step of the algorithm (Section 3.1). Fhe-acquired-imagery;both
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2.2 Sentinel-2 Imagery

The Sentinel-2 satellites A and B, launched in 2015 and 2017, carry the multispectral instrument, acquiring data in 13 spectral

3 Image Segmentation Methodology

a new algorithm for the identi cation of ice_oes that captureFSDsin_the MODIS dataset. We rewrite the algorithm in

The algorithm consists of four steps: pre-processing, ice-water discrimination, segmentation, and post-préegssHigo(
2).

3.1 Pre-Processing

We use the MODIS True Color Re ectance data as a starting point for our areadyises. To ensure we process only clear-sky,

blur the edges of the oegience, we are conservative with cloud cover and use the existing MODIS cloud fraction data to
eliminate areas that may be affected by clouds. We mask the areas @86 cloud coverage according to the MODIS cloud
fraction product (Section 2.1, Fig. 2c). The presence of clouds in the Arctic in the summer is ubiquitous; on-a¥s8agef

Fig. 5a-b).
3.2 Ice-Water Discrimination

The images cover a large area with a range of ice conditions, i.e. from the ice edge into the pack ice region, and we cannot apply
a simple threshold pixel value to distinguish the bright ice from the dark open water pixglgaston-and Fimmermans,2022)

layer of ice increasing the brightness of the lead beyond the typical brightness values of the open ocean. Similarly, the ubig-



Figure 2. Image segmentation methodology.-ajv—Flow diagram showing the steps of the algorithm: pre-processing (pink), ice-water
discrimination (orange), segmentation (green), and post-processing (bltiy-The original MODIS true color re ectance imagery in the
region of interest. The blue square shows the location of d) and #)eEheMODIS true re ectance data with a mask (black) over the land

and cloudy regions. die-lce water discrimination results showing ice (white) and water or mask (blackjaefinal segmented image

110 mean for the400-pixe(399.x 399 pixel neighborhood 100 km)-neighberheeebf-apixelsubtractedy-aconstant 100

3.3 Image Segmentation

The image segmentation step follows an erosion-expansion routine similar to that deseriyeBaget et al. (2001) and
115 subsequent studies segmenting airborne and satellite imagery of sea ice oes (e.g., Denton and Timmermans, 2022; Stee
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et al., 2008). The input to the segmentation routine is the binary classi ed image created in the previosisestepSection

4A
C= 55

an empirically determined value. Image pixels on ice oes have high red channel valugsgantijects with a low intensity



example. This quality assuranseepsresuitin-anstepresultsin the elimination of 86,501 oes{1% of total oes).

150 3.5 Floe Size Distribution

The -ee—sizedistributien{FSB-)-FSD contributes to the characterization of the ice oe eld by providing a quantitative

3.4,the FSD andother parameters commonly used to describe oe elds, such asdh&e coneentratiofSIC)-SIC and
average ice thicknes$egetherthesemeasureprovideasetoftoolswith-whichwe-candire haracterizéhe geometryo

155 theAreticicepack(Seetion3-4)andseindireetly, allow usto study the physical processes that shiagegeometrhestructure

estimation power law tting methods describgeby Clauset et al. (2009) and Klaus et al. (2011). The non-cumulative power
law is described by:

p(x)=cx (2

160 wherep(x) is the probability of a given instance g%, the chosen geometric property of the sea ice oe (we use oe acea),
is a normalization constant ensuring that the function integrates to 1, nthe tted parameter and slope of the power law

165 of thepowerlaw. With givenxmin andxmax .Valuestheconstan(c).is givenby (seeAppendixA);

c= 17: (3)

The standard error ahe-tted-distributionisde-neein- _is de ned by Clauset et al. (2009) as:

= j0?1 + O(1=n); (4)

wherer-wheren is the sample size, and the higher order correction is positive. We calculatestiseze distributionFSD

170 power law t for different data sets to understand how the ice cover evolves, seasonally and annually.
3.6 Validation and Limitations

We evaluate the consistency of the algorithm by examining the oes extracted from Aqua and Terra images on the same day.

175 similar power law distribution of identi ed oe sizes on the same #ayrthetwo-differentsateftitesthal albeitfrom different

satellites,giventhat
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centroid location. We nd a correlation value of 0.99 for the matched oes areas. For each pair of images where each image
has at least 50,000 Knof identi ed oes, we t a power law to the oe area distribution (Section 3.5), and determine the
slope (). We nd an absolute mean difference in the Aqua and Ternaalues of 0.009 and a standard deviation of 0.006.
This suggests a strong agreement between the oes identi ed in the Aqua and Terra satellite imagery, con rmingHeiat the

To understand and quantify the limitations of the moderate-resolution imagery used by the IFT, we apply the IFT to higher
resolution 10-m Sentinel-2 imagery. We examine spatially coincident MODIS imagery and Sentinel-2 imagery observed on
the same day (Fig. 3). The extents of the two images are matched, so that the same area is analyzed. We evaluate imagery in
range of sea ice conditions: low SIC (40%) seen at the end of the summer (Fig. 3a-c), ice in the marginal ice zone in summer

ice-waterdiscriminationstepin the

of 0.99, and an absolute mean area difference of O.l%(ﬁd@mefig. 4). A-powerlaw is-t-to the-oe-sizedistributionfor
achof-the imageswith-the minimum-oe—areasetto-to-minimum-observableoe-sizein-the MODISimagerysxmin-The 82

instaneedn the high seaice concentratiorscenario (Fig. 8-anei)—-aned2-sigmaeveriapfor-themedivmSICexample(Fig:

theice cover.We notethatin high concentratiomegions thereis moreuncertaintydueto thedif culty .in identifyingindividual

_oes separatethy narrowleads. Despite theesolutionlimitations of thereselutionefsmalierees-intheMODIS imagery, our

validation shows that the algorithm applied to the MODIS imagery samples the oe sizes suf ciently to produce an accurate

FSD value, and that the oes identi ed in both images have highly correlated oe areas.



Finally, we apply a bootstrap approach to quantrfy uncertainty in the derived parameter&ﬂﬁ’dﬂnryseree{begrn by
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We chose to analyze MODIS imagery due to its long record and consistent coverage, but other higher resolution imagery
is required to examine thee-sizedistributionESDfor oes smaller than 5 krh. Other studies have examined FSDSAR
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