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Abstract

Surface temperature is crucial in studying the Arctic climate, particularly
during winter. We examine 1 m resolution surface temperature maps of 35
helicopter flights between 02 October 2019 and 23 April 2020, recorded during
the Multidisciplinary drifting Observatory for the Study of Arctic Climate
(MOSAIC). The seasonal cycle of the average surface temperature spans from
265.6 K on 02 October 2019 to 231.8 K on 28 January 2020. The surface
temperature is affected by atmospheric changes and also varies across scales.
Furthermore, we concentrate on leads in sea ice because they allow for greater heat
exchange between ocean and atmosphere than thick, snow-covered ice. Leads,
which appear considerably warmer than sea ice, are classified by a temperature
threshold. The local scale (5-10 km) lead area fraction varies between 0% and
4% with a higher variability than on a regional scale (2040 km), where leads
cover a more stable fraction of 0-1% until mid-January when it increases to 4%.
The variability in the lead area is caused by sea ice dynamics (opening and
closing of leads), as well as thermodynamics with ice growth (lead closing).
To understand better the ice rheology throughout the winter, we identify lead
orientation distributions. We find that the orientation varies between different
flights but the distribution mostly shows one prominent orientation peak. Thus,
we are not able to determine predominant intersection angles, which would need
two modes in the orientation distribution. The lead width distribution follows a
power law with a negative exponent of 2.63, which agrees with literature values,
proves the comparability to other datasets, and extends the existing relationship
to the smaller scales, as observed here. The appearance of many more small leads
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compared to wider leads is important since they only occur on the sub-footprint
scale of thermal infrared satellite data. Sub-satellite-footprint lead statistics are
essential for Arctic-climate investigations because the ocean-atmosphere heat
exchange does not scale linearly with lead area fraction and is larger for smaller
leads.

1. Introduction

This study presents the spatio-temporal evolution of the Arctic sea ice surface
temperature and lead area fraction, as well as the lead width and intersection
angle. In this analysis, we refer to fractures in the sea ice cover like cracks and
leads (>50 m width according to the definition of the World Meteorological
Organization (WMO), (WMO, [2014))), jointly as “leads”. The helicopter-borne
surface temperature measurements were taken as part of the Multidisciplinary
drifting Observatory for the Study of Arctic Climate (MOSAIC) in the central
Arctic (Shupe et al., 2020). The MOSAIC expedition (Sep 2019-Oct 2020)
allowed us to collect in-situ measurements from the central Arctic over a whole
seasonal cycle for different aspects of the Arctic system (Nicolaus et al., [2022;
Rabe et al., [2022; Shupe et al., [2022). Our measurement program was part of the
sea ice and remote sensing teams (Nicolaus et al., 2022)), which conducted a large
collection of data from sea ice physics, on-ice remote sensing, over albedo, to
snow properties. The analysis is based on data from 35 helicopter survey flights
between October 2019 to April 2020, recorded with an infrared camera over the
same ice floe and surrounding regions along the Transpolar Drift.

The investigation of sea ice processes is crucial for studying climate warming,
which is especially strong in the high latitudes (Arctic Amplification) (Serreze
and Barry, |2011; Wendisch et al., 2017;|Dai et al., [2019; Masson-Delmotte et al.,
2021). The warming is even stronger in winter than in summer, related to the
feedbacks of infrared (IR) radiation in winter and ice-albedo during summer
(Bintanja and Van Der Linden, 2013). Sea ice becomes significantly thinner
(Meredith et al., 2019; Masson-Delmotte et al., 2021) with an average reduction of
2 m from the period 1958-1976 (submarine record) to the current altimeter period
with strongest thinning during the ICESat period (2003-2008) (Kwok, 2018)). With
the decline in annual sea ice minimum extent in late summer, also the multiyear ice
area has strongly decreased (Kwok, 2018). The thinner ice makes the sea ice more
susceptible to wind and ocean current forcing, resulting in higher ice drift speeds
(Spreen et al., [2011; Kwok et al., 2013). Rampal et al.| (2009) hypothesizes that
thinner sea ice has less mechanical strength, allowing easier breaking of the sea
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ice. The changing sea ice conditions influence the heat exchange between ocean
and atmosphere, which is important for the whole Earth’s Climate System and not
only the Arctic regions (Serreze et al.,[2009; Meredith et al., 2019). Leads and thin
ice are much warmer than the surrounding sea ice and snow and thus heat loss is
more than a magnitude larger in leads compared to the surrounding ice (Maykut,
1982). Therefore, a better understanding of the interaction between ocean, sea ice,
and atmosphere is essential. The high resolution lead data presented here have the
potential for evaluation of the sub-footprint scale information of satellite remote
sensing products.

Leads, with open water or thin ice cover, have high variability in time and
space (Yu and Rothrock, 1996; [Willmes and Heinemann, 2015). Therefore, it
is important to monitor their conditions throughout the year. In Arctic pack ice
during winter, a lead area fraction (open water and thin ice combined) of less
than 10% can be expected (Yu and Rothrock, |1996), while in the Central Arctic
lead area fractions are typically even lower (Wang et al., 2016). Willmes and
Heinemann (2016) (2003-2015; satellite) and Wang et al.| (2016) (1985-2014;
model) could not find a trend in the lead area fraction, and [Wang et al. (2016)
found that the winds mainly determine the inter-annual variability in lead area
fraction. However, a precise determination of the lead area fraction is crucial.
Liipkes et al. (2008) showed that a slight change in the high sea ice concentration
(SIC) range, e.g., by the opening of leads, affects the near-surface air temperature.
According to their study, a change of 1% in SIC could cause an air temperature
change of up to 3.5 K. Small reductions in SIC, mostly induced by leads, have
a (non-linear) more efficient effect on the heat exchange between the ocean and
atmosphere than when a closed sea ice cover is present (Maykut, |1978)). Therefore
small changes in winter sea ice concentration, i.e., changes in lead area fraction
are necessary to monitor. For example, if an increase of surface temperature on
regional scale (e.g. satellite footprint) is (i) caused by many small leads the heat
flux is stronger affected than if it is (ii) caused by a thinner but closed ice cover.

We first describe our helicopter measurement program and explain the
principles of thermal sea ice observation. In the next part, we describe
the spatio-temporal variability of our high resolution surface temperatures.
Afterwards, we describe the lead classification based on the temperature
difference. In the next section, we analyse the temporal variability of the surface
temperature and lead area fraction on different spatial scales and present a case
study of the November 2019 storm event. The last part focuses on the lead
properties, i.e., width and orientation, derived after segmenting the classified
leads.
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2. Data

2.1. Thermal sea ice observation

With an infrared camera (InfraTec VarioCAM HD) installed, 35 helicopter flights
were performed on a roughly weekly basis between 02 October 2019 and 23
April 2020 from RV Polarstern (Alfred-Wegener-Institut Helmholtz-Zentrum fiir
Polar- und Meeresforschung, [2017) (Figure I). The set of flights consists of four
main flight patterns: (i) Central Observatory (CO) (local), (ii) L-site triangles
(regional), (iii) L-site grids (other), and (iv) event-related (other), like mapping
particular leads. Detail about the surface temperature maps (Thielke et al., [2022)
and pre-processing are presented in Thielke et al. (2022). To our knowledge
regional scale sea ice infrared imaging has not yet been analysed and published
before, such as done in the scope of this study.

Our measurements with helicopter-borne thermal infrared (TIR) imaging
provide temperatures of the sea ice surface with a high spatial resolution of
I m which is substantially higher than TIR satellites, like MODIS, that have a
resolution of about 1 km. Nevertheless, satellites are the primary tool for the
Arctic sea ice state observations (Spreen and Kern, 2017; Fox-Kemper et al.,
2021). Compared to pan-Arctic coverage from satellites, we can provide with our
helicopter data restricted area coverage from a local 5 km scale to a regional 40 km
scale. Investigating the small-scale variability is important to better understand the
representation of sea ice properties in models and satellite retrievals on a sub-grid
scale (Vihma et al., 2014). Thus, this data is valuable for evaluating models and
satellite retrievals (Ivanova et al., 2016).

The TIR temperature can distinguish open water and thin ice from thick ice,
particularly for thin ice thickness of less than 1 m (Shokr and Sinha, [2015).
Open water rarely exists in winter because the freezing starts directly after a lead
opening. Therefore, we expect to capture mainly thin ice and only small open
water areas with significantly warmer surface temperatures. Open water and thin
ice areas influence the Arctic heat budget by allowing increased heat exchange
between the ocean and the atmosphere. Above 1 m ice thickness, heat flux changes
are minimal and have minor relevance for the Arctic heat budget (Maykut, |1982).
Maykut (1982) found that in winter, the heat contribution from thin ice in leads is
similar to the open water area and even larger than the dominating thick ice area.

The radiation in the TIR spectral region has a very small penetration depth
on a sub-millimeters scale in snow, and ice (Shokr and Sinha, 2015, pages
272,294). As a result, the TIR brightness temperature provides a measurement of
the upper surface of snow or sea ice. Thus, the recorded temperature is expected
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Figure 1. Helicopter flight locations and flight patterns

The colored track shows the drift of RV Polarstern from October 2019 until June 2020.
The black triangles represent the location of the 35 helicopter flights. Additionally, as
inlay on the left, we show a typical local (turquoise) and regional (orange) flight pattern
with Polarstern as the center (black triangle). The red box marks the CO area (according
to Figure S1, in Supplemental material).
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to be influenced by atmospheric changes through the radiation balance at the
snow/ice-air interface. Clouds strongly influence the surface temperature (Vihma
and Pirazzini, 2005), i.e., they reduce the radiative cooling (Wang et al., 2001).
Our flights were performed only during calm and clear weather conditions. Thus,
we can neglect a dependence on changing cloud cover. However, the changing air
temperature still plays a role, which needs to be taken into account (Thielke et al.,
2022)).

2.2.  Meteorological context

How representative are our results from the MOSAIC winter in terms of surface
temperature and lead area fraction in context with the meteorological condition?
The meteorological conditions are discussed in Rinke et al. (2021) based on
the ERAS reanalysis data between 1979 and 2019. There were mostly typical
meteorological conditions present during MOSAIC, although some unusual
events happened during our observation period and before the expedition. Summer
2019, before the MOSAIC expedition started, was very warm and had unusually
long low sea ice extent as well as thinner ice (Rinke et al., 2021} Krumpen et al.,
2020). During the expedition, unusual conditions occurred during the following
periods, all according to Rinke et al. (2021):

* Unusual cold at the beginning of November 2019 and March 2020

* Warming events in mid-November, beginning of December, mid-February,
and mid-April

* Unusual positive Arctic Oscillation with associated fast sea ice drift in
spring 2020 (Krumpen et al., 2021; |Dethloff et al., 2022)

* Anomalous low pressure January to April 2020 associated with more
frequent storm events during winter and spring (relatively low cyclone
counts for October 2019 — January 2020)

2.3.  Supporting data

We use atmospheric data from the 12 m meteorological mast on the MOSAIC ice
floe, i.e., 2 m air temperature, measured with a Vaisala HMT 330, and 10 m wind
speed, measured with a Metek uSonic-3 cage |Cox et al. (2021). These supporting
measurements were measured at the location of Met City in the CO (Details see
Shupe et al. (2022)).
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3. Surface temperature variability

This study focuses on the gridded time-fixed helicopter surface temperature
maps (Thielke et al., [2022), which will be referred to as surface temperature
for simplicity. Based on the series of 35 helicopter flights with the TIR camera
during the MOSAIC winter, we present and discuss the spatio-temporal surface
temperature variability. We present and discuss the complete seasonal cycle of the
MOSAIC ice floe and its surrounding for the whole winter 2019/2020. There are
unprocessed data from nine more flights available (for detailed explanation see
Thielke et al. (2022)).

3.1. Temporal variability

Ice surface temperature varies even on short timescales, i.e., within the flight
duration of 90 minutes. This effect, however, is largely corrected in our data
set. See [Thielke et al.| (2022) for how the corrected and time-fixed surface
temperature maps are calculated. Here, in the following, we discuss the surface
temperature seasonal variability. The average surface temperature decreased from
02 October 2019 at 265.6 K until it reaches its minimum with 231.8 K on
28 January 2020 A). Later in the winter season, the average surface
temperature increased to 251.4 K until the latest flight on 23 April 2020, while
at that time, the 2 m air temperature was already about 20 K higher and close to
the freezing point. However, the temporal evolution of the surface temperature
is comparable to that of the 2 m air temperature. This is consistent with our
expectation that, due to the shallow penetration depth (micrometer range) of
electromagnetic waves in the thermal infrared region, air temperature will have
a substantial influence on our surface temperature observations. Also, |Vihma
and Pirazzini (2005) highlight the importance of the surface temperature and
coupling to the atmosphere. At the same time, the heterogeneity of the surface
temperature in ice-covered regions can also influence the atmosphere. But as long
as the surface is frozen, the surface temperatures stay well below the freezing
point. The surface temperature can be cooler during clear sky conditions due
to radiative cooling. A prominent interruption in the cooling happened at the
beginning of the winter in mid-November due to a substantial increase in the
surface and air temperature caused by a storm event (Rinke et al., 2021). More
warming events (subsection 2.2) are reflected in the surface temperature record.
From mid-February onward, the frequency of flights was reduced, so we cannot
reflect all single atmospheric events. However, we can show the warming of the
surface temperature towards spring.
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Figure 2. Evolution of MOSAIC surface temperatures from 35 helicopter
flights.

(A) Temporal evolution of the average surface temperature throughout winter 2019/2020
from 02 October 2019 to 23 April 2020. Black indicates the local flights covering the
Central Observatory (CO). They are connected to show the temporal evolution of the
primary MOSAIC observation area. The regional flights, repeatedly visiting the L-Sites in
the MOSAIC distributed network, are displayed in blue, whereas green shows additional
flights not falling in one of these two categories. The grey line represents the 2 m air
temperature measured at the floe in Met City. In the lower panel, a selection of surface
temperature distributions is shown for different dates in the winter for (B) the local and
(C) the regional flights. The colors continue from blue (begin of the winter) to red (end of
the winter).



211

212

213

214

215

216

217

218

219

220

221

222

223

224

225

226

227

228

229

230

231

232

233

234

235

236

237

238

239

240

241

242

243

244

245

246

247

3.2.  Spatial variability

In January 2020, there is a high density of flights, which allows us to illustrate the
variability between different scales nicely or even on a short timescale for similar
spatial surveys (Figure 2 A). On 07 and 16 January 2020, a local (black) and a
regional (blue) flight were conducted on the same day (the regional flight is in
both cases about 3 hours later). On 07 January, the average surface temperature of
the different flights is similar, with an increase of only 0.6 K for the regional
flight, which corresponds to an increase of 0.8 K in the 2 m air temperature.
On 16 January 2020, the difference is larger with a decrease of 2.7 K while
the 2 m air temperature only decreased by about 0.9 K. Thus, changes in the
spatial surface temperature variability, either on the local or regional scale, has to
explain the increasing temperature difference within nine days between the local
and regional scale (flights had similar flight patterns). A likely candidate would
have been changing lead fraction but actually a change of number of leads does
not seem to be the reason for the higher temperature difference on 16 January: On
07 January there is actually a higher lead area fraction for the colder local flight
(2.02% vs. 0.23% for the regional flight, see[Table I). While on 16 January 2020
the colder regional flight had a higher lead area fraction (1.37% vs. 0% on local
scale; see [Table 1). Thus, likely changes in other ice types with different thermal
properties, snowfall, or snow redistribution should have caused these changes in
spatial surface temperature variability.

The spread of the surface temperature varies from flight to flight. It is
illustrated with the exemplary selection of six surface temperature distributions
for local and regional scales throughout the winter season (Figure 2B, C). Mostly,
the distributions are wider for regional flights (right) than for local flights (left)
because they include a larger variety of surface types due to the wider spatial
extent. The major peak represents the predominant surface type, snow-covered
thick ice, in all cases. The surface temperatures of this thick ice are more
similar to the 2 m air temperature because of the reduced heat flux from the
ocean through the thick ice and snow (Shokr and Sinha, [2015). The warm tail
shows the presence of leads, but its peak is often too small (only visible in the
log-scale), and the different thin ice thicknesses in leads of different ages widen
the lead temperature distribution. In the local flights, we can find a transition from
a wider distribution at the beginning of the winter season (blue) to a narrow
distribution in mid-winter (yellow), and back to a wider distribution towards
the end of the winter season (red). The more narrow distributions indicate the
prevalence of the thick, consolidated ice due to cold and constant conditions. A
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wider distribution indicates the presence of several ice classes and spread towards
warmer temperatures.

In the time series, we could already show the close connection to the
atmospheric state, represented by the 2 m air temperature. Additionally, we look
at the dependence of the surface temperature standard deviation, as a measure
of spatial variability, (leads were excluded to have a comparable basis of the
thick ice) on the 10 m wind speed (Figure S2, in Supplemental material) . We
expect a lower surface temperature standard deviation for higher wind speeds
caused by an increased exchange between the surface and atmosphere. We find
a correlation of —0.38 between the surface temperature standard deviation and
10 m wind speed around the target time of the flight with the significance of a
p-value of 0.04. The relationship with wind speed supports our assumptions that
increasing wind speeds reduce surface temperature variability and can explain the
greater sensible heat exchange due to faster air mass exchange. Because leads are
not taken into account here, a potentially more dynamic ice pack that would result
in more leads (and thus greater temperatures) can be ruled out. There is no relation
between the average surface temperatures and the standard deviation. Although a
low-temperature regime can create more compact and consolidated ice (uniform
temperature), even under cold conditions, deformation can cause variability in ice
classes with warmer surface temperatures, which increases the variation.

4. Lead classification

The leads are classified based on a one-dimensional, temperature-only approach,
1.e., leads are characterized by a specific surface temperature range, defined
by the temperature distribution of the corresponding flight. We apply a binary
classification, discriminating between sea ice (snow-covered thicker ice) and
leads, which are mostly covered with thin ice due to the fast freezing of the
ocean surface under cold winter conditions. The classification is applied to the
surface temperature grids. The pre-processing described in Thielke et al. (2022)
avoids the influence of changes in surface temperature during one flight. The
thermal distinction for surface types with larger ice thickness is getting weaker
due to low heat transfer through the ice (Maykut, |1978). Thus, the discrimination
of leads from thick ice is easier due to large temperature differences, and we
do not aim to discriminate the thick ice classes further (e.g., in first-year and
second-year ice). We apply dynamic thresholds for different flights (Table S1,
in Supplemental material and [subsection 4.1) in order to establish the same
classes defined with different surface temperature distributions in different flights.
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The dynamic threshold is required because the surface temperature is strongly
connected to the ambient air temperature, which is strongly variable with time

(see[subsection 3.1).

4.1. [Iterative threshold selection

We apply the iterative threshold selection from Ridler et al. (1978) to the
two-dimensional temperature arrays. The temperature distribution has its major
mode towards the colder part of the distribution and a smaller secondary mode
along the tail towards the warmest temperatures (caused, e.g., by leads). The
initial threshold is the middle range of the temperature distribution (average of
the minimum and maximum value). Due to the long tail towards the warmer
temperatures, it is ensured that the initial threshold is on the warmer side of the
major mode so that the iteration can converge towards a minimum between the
two modes Starting from the initial threshold, the threshold is adjusted iteratively
based on the new “’lead” mask (defined by the threshold of each iteration) for the
temperature array until it reaches the final temperature threshold. The updated
threshold is calculated from the mean of the “lead” (all values larger than the
threshold) and “sea ice” (all values smaller than the threshold) temperatures
based on the current threshold. The iteration stop criterion is achieved when
the temperature threshold change between one iteration to the next is within
the tolerance of 0.02 K, which corresponds to the precision of the IR camera.
The main steps are shown in the flowchart in and the Python3 code
is shared in part A of the Supplemental material. For three flights (20191224 01,
2019122501, 20200108_01), the threshold did not converge to a reasonable value;
therefore, the tolerance had to be increased to 0.8 K. For the cases with this
larger allowed tolerance in the difference, the obtained threshold still results in a
reasonable lead classification, i.e., can be confirmed by the manual classification

(see below in[subsection 4.2).

4.1.1. Classification example 20 October 2019

The threshold-based lead classification is shown for the flight on 20 October
2019 at the beginning of the winter season in We show steps 0 (initial
threshold) to 2 for the temperature threshold iteration (A). With step 2, the result
is already close to the final result (step 5) shown in (D). The surface temperature
(B) is dominated by low temperatures (blue), associated with snow-covered thick
ice. The warm surface temperatures (red domain) are referred to as leads. The
binary classification map (D) resulting in ”sea ice” (gray) or ’leads” (red) is based
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Figure 3. Flowchart for the processes of the iterative threshold selection.

Main processing steps for the iterative threshold selection to determine a temperature
threshold for lead classification.
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on the iterative temperature threshold applied to the temperature distribution (C),
showing the two classes as two main temperature regimes. The lead area fraction
for this case on 20 October 2019 is the highest in our time series, with close to
10% for the full area covered by the helicopter flight.
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Figure 4. Lead classification example for the flight on 20 October 2019.

(A) Results from steps 0, 1, and 2 for the iterative threshold selection. (D) Final (step
5) binary lead classification based on (B) the gridded surface temperature maps. (C)
The temperature distribution of (B). The red vertical line represents the found iterative
temperature threshold to discriminate between “lead” and “'no lead” surfaces.

4.2.  Evaluation using manual thresholds

We use manual thresholds as a comparison for the reliability of the iterative
method. The authors performed the manual threshold selection based on the
minima in the distribution and visual approval of the classified map compared
to the surface temperature map. The manual selection is a rather arbitrary and
conservative choice but it can be used for the evaluation of the automatic, iterative
classification method. The thresholds are determined for each flight individually
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because the surface temperature values and their distributions change from flight
to flight. The manual selection was, in some cases, more conservative, i.e., it
has warmer thresholds but does not significantly influence the resulting lead area
fractions (Table S1, in Supplementary material). Although the manual temperature
threshold is 1.97 K higher than the one from the automatic and reproducible
method (subsection 4.1), its derived lead area fraction is only 0.1% lower than for
the iterative method. Thus, the threshold difference does not significantly affect
the lead area fraction because it is in the minimum of the surface temperature
distribution. The small difference demonstrates that the automatic method aligns
well with the manually defined thresholds and the resulting lead classification. We
chose results from the automatic method for the following discussion because it
is reproducible and can also be applied to further flights.

5. Winter lead area fraction

5.1. Lead formation during the November storm event

Here, we discuss the storm event, which happened from 16 to 20 November 2019
(Rinke et al., 2021). This event had a major influence on the MOSAIC Central
Observatory (CO) due to several leads appearing across the measurement sites.
It had a significant relevance for several measurements (Nicolaus et al., 2022
Shupe et al., 2022) and was, e.g., influencing the snow transport as discussed in
Nandan et al. (2022). We conducted one flight before (12 November 2019) and
one flight after the storm (19 November 2019) and compare both flights directly
in [Figure 5. This storm event with high wind speeds was associated with warm
air advection. It resulted in increased ice dynamics, which caused the break-up of
the sea ice along various fracture lines, which are visible in [Figure 5 B and D.
The surface temperatures on 19 November 2019 after the storm are overall higher
than before the storm event (mind the different temperature scales for (A)/(C) and
(B)/(D)). Before the storm, there are a few narrow cracks in the outer areas of
the flight pattern (Figure 5 (A)), but no prominent cracks in the vicinity of RV
Polarstern (Figure 5| (C)). The surface temperature map of 19 November 2019
includes warm linear structures throughout the CO area and beyond (Figure 5 (B,
D)), which causes an increase of lead area fraction from 0.07% (O)) to
1.73% (Figure 5 (D)) and therewith to a higher surface temperature variability.

5.2.  Spatio-temporal variability

We discuss the spatio-temporal variability of the lead area fraction, which was
calculated based on our lead classification (section 4). The local lead area fraction
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Figure 5. Surface temperature maps before and after the November storm
event.

Comparison of two time-fixed surface temperature maps displayed in relative coordinates
before the storm event (A, C) on 12 November 2019, and after the storm event (B, D)
on 19 November 2019 with their respective CO area around RV Polarstern (0,0). Please
note the different temperature ranges, adjusted to allow clearer visibility of the spatial
variability of the temperature. For the flight on 19 November 2019, an increased area of
warmer temperatures (reddish) is prominent.
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(orange line in [Figure 6) is constrained to the CO area of 3x3 km. In the CO area
(shown in Figure S1 in Supplemental material), always the same area around RV
Polarstern is covered and makes the lead area fraction better comparable during
the winter season as for the entire local flights. In most cases, the CO area lead area
fraction is close to the one for the complete local flights (not shown); however,
there is a large difference in lead area fraction on 20 October 2019 (1.3% for
the CO area; 10.2% for the full local flight) because the majority of the detected
leads are outside of the CO area. The data coverage of the CO area is sufficient
for all flights with more than 50% and, except for the flights in November, even
with more than 75% (Figure S3, in Supplemental material). The lead area fraction
within the CO area shows high variability between 0% and 4%, but no trend can
be seen in the temporal evolution (Figure 6} orange line). For the November storm
event (subsection 5.1), there is an increase in lead area fraction for the CO area
from close to 0% on 12 November 2019 to 1.7% on 19 November 2019. We find
for the regional scale, there is a steady low lead area fraction between 0% and
1% until mid-January. Towards the end of the winter season (21 March 2020), the
lead area fraction increases to up to 4%. The increase in lead area fraction might
be related to the increased number of storm events between January and April,
compared to previous months (subsection 2.2).

The higher lead area fraction observed in March in our data aligns with
the temporal lead area evolution discussed for the regional scale in Krumpen
et al.| (2021). However, they observe a distinct higher lead area fraction of up
to 20%, derived from MODIS TIR satellite data. The regional lead area fraction
evolution also agrees well with the regional Satellite Synthetic Aperture Radar
(SAR) derived time series from Guo et al. (2022), which is in the similar range of
0-4% as ours and starts to increase only in March. [Kortum et al. (2022) performed
an ice classification based on SAR satellite data during winter on the same scale
as our CO area. Our leads should be represented by the sum of open water and
young ice classes of this study, where daily data are available (higher temporal
resolution than our data). Their daily data generally show a comparable to our
lead area fraction below 5% in mid-winter but exceed this value on a few days
to up to 15% around 23 November 2019. Additionally, during March and April,
their lead area fraction is for a longer time on a higher level of up to 10%. The
high values at the beginning of the winter in Kortum et al. (2022) might be caused
by the characteristics of the method based on SAR data. The same method from
Kortum et al. (2022)) was applied on the regional scale. The regional lead area
fraction has a peak in mid-November of 6%, stays below 4% and even lower
during mid-winter, and increases in the second half of March to 7% (Karl Kortum,
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personal communication on 08 December 2022). While we do not capture their
peak in November and the absolute values differ with a few percentage points,
also the regional evolution aligns with our time series. Thus our results align
reasonably well (considering different temporal and spatial sampling) with the
two SAR-based studies, while for the MODIS TIR based study only the temporal
evolution agrees but the absolute values are different (much higher in the MODIS
lead time series).

Within our data, we see scale-dependent differences in the lead area fraction
with less variability on the regional scale than on the local CO scale but no trend
in the local scale, while the regional lead area fraction increases throughout the
winter (Figure 6)). Nevertheless, the overall magnitude is similar. Thus the CO area
is representative of the measurement sites in the CO of the MOSAIC expedition
but the temporal development does not necessarily represent the lead area fraction
on a larger scale. Nonetheless, the local data are helpful for a better understanding
of the condition at and around the MOSAIC floe, particularly in connection to
other in-situ measurements. Our lead area fractions (0-4%) are comparable to
other previous studies of Marcq and Weiss (2012) with 1-2%, and |Lindsay and
Rothrock (1995) with 2-3%; both these winter lead area fractions were also
derived in the central Arctic. Generally, the lead area fraction for the MOSAiIC
winter seems to align with the climatological mean and might be influenced by
the changing location due to the MOSAIC drift (Krumpen et al., 2021). Yet,
comparing different lead area fraction retrievals remains challenging because of
different definitions of leads (e.g. open leads vs. leads covered by thin ice or even
frost flowers) with other methods used on different scales (von Albedyll et al.,
2022).

5.2.1. Relation to wind speed
We are interested in the connection between lead area fraction and wind speed
because wind events can cause increased ice dynamics and, therefore, possibly
more leads. Thus, we compare our lead area fraction to the 10 m wind speed.
We use the 7-day running mean for the wind speed to find prominent high wind
regimes rather than short-term fluctuations because we can not represent these
fluctuations with the limited temporal frequency of the helicopter flights.

We do not find significant correlation between wind speed and lead area
fraction on the local and regional scale. However, we see sometimes a relation,
such as for the increase of the lead area fraction during the November

storm event (subsection 5.1). We have to note that our flights are only snapshots
of a specific time with a weekly to biweekly frequency, while leads can open and
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close within hours. However, in most cases, they prevail for several days (if not
closed by another ice dynamic event) until, eventually, the ice thickness and snow
accumulation within them gets too thick to be discernible from the surrounding
ice in TIR imagery.

We highlight two cases in our time series: 1) the highest local lead area fraction
within the CO area of 4% end of December occurs after a high wind regime that
lasted several days, and 2) basically no presence of leads in mid-January during
an increased wind speed regime while the regional fraction increases. Especially
the high lead area fraction variability for the local CO area illustrates that local
changes are rather random, not always representing large scale changes (see
different temporal development between local and regional lead area fraction).
Nevertheless, the local lead area fraction is valuable in combination with other
interdisciplinary measurements obtained during MOSAiC and valuable for getting
a better process understanding.

6. Lead properties

6.1. Lead segmentation

We apply a segmentation algorithm to the lead map to define the properties of
single leads, i.e, width and orientation. The segmentation is performed according
to the watershed segmentation (Najman and Schmitt, [1994). Next, a set of object
lead properties (width and orientation from enclosing ellipse, its area, orientation,
and major axis) is derived based on (Burger and Burge, 2009) with ’scikit-image’
library for Python.

In[Figure 7, we illustrate the object properties for two example lead segments.
The warmer temperatures on the left (yellow) are classified as lead, consistent
with the red areas on the right that indicate the lead areas. We retrieve the lead
properties width and orientation (calculated from ellipse parameters), assuming
the lead properties are representative, even if the ellipse does not cover the full
lead due to the limited spatial coverage of our data or if the lead is interrupted.
We therefore can only determine width but not length of the leads. The key
lead parameters are the classified area (red) in the enclosing rectangle (dashed
line in [Figure 7), minor and major axis, as well as the orientation of the ellipse
(pointing in the direction of the major axis). The zero line for the orientation
is the north-south axis (all our surface temperature maps are oriented North
along the y-axis). The ellipse defined for the lead segment is not representing
the real length, but can be seen as a stable approximation for an object of arbitrary
shape. Generally, the ellipses of close-by leads can overlap, which is required
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Figure 6. Evolution of the lead area fraction on different scales.

Temporal evolution of the lead area fraction throughout winter 2019/2020 from 02
October 2019 to 23 April 2020. The orange points show the lead area fraction for the
CO area. The blue points illustrate the lead area fraction for the regional flights, visiting
the L-Sites. The grey line shows the 10 m wind speed averaged to a 7-day running mean.
Please note that there might be a minor influence by in and out coming support vessels,
which could slightly increase the lead area fraction by breaking the ice.



20

Table 1. Lead area fraction values from |[Figure 6

Lead area fraction values for the local and regional scale in %. The same as the displayed
values of the data shown in [Figure 6

Date Local fraction / % | Regional fraction / %
2019-10-20 | 1.31 -

2019-10-29 | - 0.36

2019-11-05 | 0.06 -

2019-11-12 | 0.07 0.10

2019-11-19 | 1.73 -
2019-11-30 | 0.41 -

2019-12-06 | - 0.86
2019-12-24 | 3.93 -
2019-12-25 | 3.56 -
2019-12-28 | 0.01 -
2019-12-30 | - 0.56
2020-01-07 | 2.02 0.23
2020-01-16 | 0.00 1.37
2020-01-21 | 0.01 -
2020-01-23 | - 1.66
2020-01-28 | 1.62 -
2020-02-04 | 2.68 -
2020-02-09 1.22

2020-02-12 | 0.37 -
2020-02-17 | 0.01 -
2020-02-27 | 0.01 -
2020-03-21 | 3.76 3.87
2020-04-23 | 1.42 -
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to calculate the lead properties individually, even though the two lead segments
are not overlapping (Figure S4, in Supplemental material). We must deal with
some artificial effects, such as the map’s edge or shifts inside the map caused by
small offsets in the geolocation of different helicopter overflights. Shifts or gaps
could cause an artificial break of a lead into more segments, whereas it would
have been only a single lead. Also, due to ice drift direction changes (i.e., shear),
which can cause real breaks and gaps in the classified leads, the segments can
represent a subset of a lead. The segments of the subsets of leads will result in an
overestimation of the total number of leads. However, it is not expected to impact
our results for lead width and orientation (we do not analyse the number of leads).
Therefore, we assume that the segmentation is representative of our purpose of
an overall statistical analysis of lead width and orientation. Width and orientation
may also be critical parameters for evaluating the turbulent heat flux from leads
(Tschudi et al., 2002). On the one hand, the efficiency of the heat transfer is
dependent on the orientation relative to the wind direction (e.g., Tetzlaff et al.,
2015)). On the other hand, the heat transfer is more efficient for narrow leads,
which makes the transfer dependent on the lead width distribution (Marcq and
Weiss, [2012).

6.2. Lead orientations

A good understanding of lead orientation is crucial because they represent the ice
dynamics of the sea ice (Lindsay and Rothrockl [1995). Ringeisen et al. (2019)
emphasize the lack of knowledge of lead orientation at the floe scale because
of missing high resolution observations. Here, the MOSAIiC observations like
ours can contribute new data. Better knowledge of small scale leads is also
crucial for a good representation of ice rheology in sea ice models (Hutter et al.,
2018}, Ringeisen et al., 2021). The orientation of leads shows the effect of ice
dynamics in sea ice, influences it, and is connected to prevailing regional wind
and ocean current (Lindsay and Rothrock, [1995). In the long term, leads have a
non-random orientation during the Arctic winter, mainly influenced by coastlines
and atmospheric and oceanic currents (e.g., Brohan and Kaleschke, 2014). In
general, lead features, including width and orientation, are similar across a large
range of scales, including the smallest scales (Schulson, 2004).

We here look at the lead orientations of nine local flights (full coverage, i.e. not
restricted to the CO area), which have in the CO area a lead area fraction of > 1%.
This ensures a sufficient presence of leads to perform a statistical analysis of lead
orientations. We decided not to connect the single lead segments which might be
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Figure 7. Lead segmentation to derive lead width and orientation properties.

Two lead segments from the lead classification result of the flight on 20 October 2019 with
the temperature map on the left and the lead classification including the ellipse geometry
on the right. The ellipse and their major axis (solid) and minor axis (dotted) are shown.
The dashed rectangle marks the area from which the classified area in red is determined.
(A) Shows a narrow lead with a mean lead width of 3 m and an orientation (of the major
axis) of —41°. (B) Shows a wider and slightly scattered lead. It has a 26 m mean width and
—86°as orientation.
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split within one lead because we look at statistical distributions of
lead properties and do not distinguish single leads. Furthermore, we bin our data
in 5° steps.

Comparing the nine flights between 20 October 2019 and 23 April 2020, we
see a high temporal variability in the lead orientation distribution (see examples
in [Figure 8)), also shown for passive microwave based analysis in Bréhan and
Kaleschke (2014). We find prevailing orientations of —80°, —10°, 30°, or 60° (Table
S2, in Supplemental material). In the following part, we focus on three examples
from 07 January 2020, 28 January 2020, and 21 March 2020 (Figure 8). We
identify modes of the lead orientation probability distributions of the orientation
from —90 to 90°, binned in 5° steps (Figure S6, in Supplemental material). We
constrain our data to elongated ellipse shapes with an axis ratio (major/minor)
of at least two. Additionally, we compare the leads of all widths with leads of a
width of more than 3 m which is consistent with the valid range of the power law.
With the constraint of the axis ratio, the data are reduced to 89% of the full data
set. With the minimum width of 3 m the data amount is reduced to 21% of the
complete data set. Starting with the case in March C), we cannot find a
major peak in the distribution of all lead width. With only wider leads (> 3 m),
the distribution of orientation angles is modified to a preferred direction at 35°,
but still most orientations are present and not a clear prevailing orientation can
be identified. Going backward in time to the end of January B), we
have one prominent orientation at —35° (all leads) which is even more emphasised
for leads with the minimum width of 3 m (slightly shifted to —30°). There is a
second minor peak at 40°, but this is very small and does not allow us to infer
any intersections between two main orientations. For the case on 07 January 2020
A) we identify one clear main direction of —10°. We see a variation in
the primary lead orientation throughout the winter but no prevailing orientations
on longer time scales. For none of the nine investigated flight we can infer two
main directions (bimodal distribution) from which we could infer an average
intersection angle. Usual lead intersection angles from different studies, including
satellite and laboratory measurements, would be 30-50° (Hutter et al., 2022),
also shown for a SAR data set from MOSAIC Ringeisen et al.| (2022). There is a
difference between using all data and the width restricted subset, but overall both
show the same picture (Table S2, in Supplemental material). The variability might
depend on the regional wind patterns that create direction-related fracture patterns.
The investigation of the reasons for the variability in lead orientation is beyond
the scope of this study, but is encouraged for future research. Different to many
previous studies is that we are (a) far from land (which can introduce prevailing
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lead orientation by restricting ice drift in one direction) and (b) following the
Lagrangian approach of the MOSAIC drift, which results in different locations of
the Arctic Ocean to be monitored.

(A) 07-01-2020 0° (B) 28-01-2020 0° (C) 21-03-2020 0°

All widths
Min. width =3 m

90° 270° 0.00 90° 270° 0.000 90°
0.01 0.005

0.02 0.010

180° 180° 180°

Figure 8. Orientation angles of leads for three example cases.

Probability density distribution for the orientation angles of the flight from (A) 07 January
2020, (B) 28 January 2020, and (C) 21 March 2020, as polar histogram. The radius
indicated the probability density, which is different for all three cases. Only lead segments
with an axis ratio (major/minor) > 2 are included. We discriminate between two cases:
leads of all widths included (gray) and only leads with a minimum width of 3 m included
(orange). The lead orientation have only a range of 180°but are valid in both directions,
they are mirrored to the opposite direction (slightly transparent). The total number of
lead segments used for the histograms (270°to 90°only) are (all; > 3 m): A=(1736; 500),
B=(1326; 303); C=(1378; 464).

6.3. Lead width distribution

We discuss here the power law scaling of lead width (i.e. many more narrow leads
than wide leads). [Equation I gives the relation between lead width and number
of observed leads (as probability density) of a respective width assuming a power
law relationship:

f(z) = az™. (1)

The parameter a is the scaling parameter (related to the number of measurements),
but not further analysed here. The parameter x is the variable lead width, and
b is the power law exponent, determining the (negative) slope. Thus, a larger
power law exponent b results in a steeper (more negative) power law. The ratio
of the classified segment area (shown in red in [Figure 7) and the major axis
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length of the ellipse approximates the lead width. We detected in total 33855 lead
segments in our classified maps for all 35 flights (but see explanation above why
the number of segments should not be mistaken as the number of leads). The
detected lead width varies between 1 m and 464 m. From the distribution of the
lead widths, we perform a linear fit for [Equation 1| (Figure 9] A) in the log-log
space with logarithmic bins. We exclude leads smaller than 3 m width because
they are too close to the spatial resolution of the data set to be fully resolved
in the segmentation. This can be seen from the deviation from the power law
below 3 m in This is confirmed by the stabilisation of the power law
exponent for a minimum lead width of 3 m and larger (Figure S5, in Supplemental
material). However, for a minimum lead width between 9 m and 26 m we see an
slight increase of the power law exponent. We do not know the reason for the
increase but our hypothesis is that the value is less reliable because of the strong
decrease of number of observations available for the power law fit. Our power law
is calculated up to the lead width of 336 m (largest logarithmic bin). The resulting
exponent of b=2.63 agrees with literature values at the upper end of the previously
found exponent value range (2.0 to 2.6) (Wadhams, |1981; |Wadhams et al., [1985;
Marcq and Weiss, 2012; Wernecke and Kaleschke, |2015; |Qu et al., 2019) and
proves the compatibility with other datasets. From the stability of b in Figure S5
(in Supplemental material) we estimate the uncertainty of our b to be smaller than
the range of the literature values of 2.0-2.6. The so far presented literature values
of the power law exponents are summarized in Muchow et al. (2021). Lindsay
and Rothrock (1995) determines a smaller exponent of 1.6 4+ 0.18 (less steep),
which might differ because the power law is calculated to the lead width that is
equal to the spatial resolution, while we see in our data that the power law is not
valid anymore close to the spatial resolution and the slope between the bins has a
smaller absolute value. In previous studies, the range of the power law exponent
(dependent on the instrument and resolution) was determined starting between
20 m and 2 km lead width. Our study adds to the lower end of lead width with
a range down to 3 m lead width and shows that the power law agrees with other
methods and resolutions. As expressed by the power law, there are many more
leads with small lead width, which were not resolved in previous studies. Also,
our 3 m, the smallest resolvable lead width, likely is not the end of the lead width
distribution. There are likely many cracks with a smaller width, which we do not
resolve (but also can be important for, e.g., heat flux estimates). Our exponent
is one of the largest (i.e., most negative) compared to the literature values. The
other studies are also based on primarily winter data (Oct-Apr) but performed in
different regions of the Arctic, which might influence the results due to different
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characteristics of the ice rheology. The power law distribution tells us that there
are many more narrow leads than wider leads, which emphasizes the importance
of small-scale features. The area contribution of the smallest leads are: (i) 4%, for
lead width <3 m, (ii) 64 %, for lead width between 3 and 100 m, and (iii) 32%, for
lead width >100 m.

Additionally, we found a seasonal dependence of the power law exponent,
with a tendency of an increasing power law exponent throughout the winter
season (Figure 9 B). The seasonal increase in the power law exponent can
also have a spatial component because of the drift into different regions during
MOSAIC (Figure I). The power law exponent drops from 2.42 to 2.14 at the
start of the winter season in October (freeze-up time and consolidations of the
ice north of the Laptev Sea). This is followed by a steady increase to 2.63 on
07 January 2020 (Central Arctic). Following that, there is a further increase and
then stabilisation around 2.74 in March and April (North of Svalbard). Mind
that we are not covering the full melting and summer season, which again might
introduce a change in the exponent. For the power law exponent, there is: (i) no
scale dependence (no variation between local and regional flight, also on the same
day; compare black and blue dots), and (ii) no clear effect on the exponent by a
rapid change in lead area fraction caused by ,e.g., the November
storm event B). An increasing exponent during winter time contrasts
with the findings of Lindsay and Rothrock (1995) where the monthly average of
the power law exponent for the central Arctic decreases from February to April
and again decrease from October to December in the following season. We can
only comment on several theories without providing a certain explanation why
the power law exponent increases (relatively more narrow leads) throughout the
winter. Three exponents in October and the beginning of November are lower (2.1
to 2.3), probably because during the freeze-up phase the ice floes were still in
rather free drift, which could more easily cause relatively wider leads (decrease of
the exponent). The power law fit aligns for these three flights not as good as for the
other flights, which is more prominent for smaller lead widths. In December and
January, the exponent is increasing from 2.5 to 2.7, which may be related to a more
consolidated and thicker ice pack far away from the coastlines (potential change of
internal ice strength). This time was also characterized by less storms and lower
wind speeds (Figure 6). The stabilization at the end of the winter could show
the maximum power law exponent that can be reached during winter before it
decreases towards the melt season with free drift conditions (which is not included
in our dataset anymore).

The clear power law relationship for the lead width found here supports the
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validity of our lead property data and that representative statistical conclusions
can be obtained from it. Our results indicate that we miss many leads in satellite
remote sensing products with coarser spatial resolutions. This could already be
extrapolated from the found power-law in previous studies, but is here shown for
the first time down to a lead width of 3 m. Our widest leads are still narrower
than the resolution of about 1 km of thermal infrared satellites. Lead retrieval
results vary (e.g., in frequency and how thick the ice in the lead can be) between
different remote sensing approaches (von Albedyll et al., |2022). Thus, direct
and absolute comparison of lead retrievals can be difficult for different products
and resolutions. Nevertheless, the same physical principles (like the power law
correspondence) are valid for different scales and resolutions (Wernecke and
Kaleschke, 2015). We recommend that any lead width study should check if the
power law scaling conditions are fulfilled to increase confidence in the validity of
the obtained results.

7. Conclusions

On a local (510 km) and regional (20-40 km) scale, we investigate the variation
of the surface temperatures in time and space and derived lead properties. Along
the MOSAIC drift during the winter season, we use high resolution surface
temperature maps obtained from helicopter flights to examine small-scale lead
properties. First, we investigated the surface temperatures and found: (i) its
temporal variability is influenced by meteorological changes, such as warm air
intrusions, often associated with high wind speeds, and (ii) its spatial variability
over thick ice decreases as wind speed increases. For each flight, we retrieve
classified lead maps and lead area fractions, based on a lead classification applied
to the surface temperature maps using a dynamic temperature threshold. We see
a high variability of the local lead area fraction and the influence of events, like
the November 2019 storm. On a regional scale, there is a more stable lead area
fraction evolution between 0% and 1% (until January), followed by an increase
to 4% (March). This evolution agrees well with other MOSAIC studies on the
regional scale. From the classified lead maps, we additionally determine lead
width and orientation for all lead segments of every flight. This reveals three main
findings: 1) the lead width distribution follows a power law with
an exponent of 6=2.63 (narrow leads dominate wide leads), which is consistent
with previous research, 2) the power law exponent increases in the course of
the winter, 3) small-scale leads typically have one primary orientation. However,
that orientation changes between the flights and throughout the winter season and
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Figure 9. Lead width distribution with the power law fit for all and single

flights.

(A) The logarithmic frequencies of the lead widths of all 35 flights combined, also binned
logarithmic, are represented as black points. The blue dashed line shows the negative
power law fit exponent b=2.63. The power law fit is constrained to the lead width > 3 m.
(B) Time series of the power law exponent for all 35 flights between 02 October 2019 and
23 April 2020; in black for local flight, in blue for regional flights, and in green for other

flight types. The horizontal line marks the exponent of all flights (2.63) from (A).
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no overall prevailing orientation is found. The abundance of small scale leads
emphasises the necessity to understand their physical processes better, where
our high spatial resolution data can help. However, those narrow leads are not
individually included in the current thermal infrared satellite data of about 1 km
resolution (e.g., MODIS). We suggest a representation of the smallest leads on
the satellite sub-footprint scale because the heat transfer is not linear with surface
temperature. In fact, the heat exchange is larger for leads within thick sea ice
compared to larger areas of uniformed thinner sea ice with the same average
surface temperature. Such parameterizations could also improve model simulation
for considering small scale lead processes.

Beyond this study, we plan to perform a one-to-one comparison of the
high-resolution helicopter-borne data with thermal infrared satellite data, e.g.,
MODIS ice surface temperatures. The aim is to assess how well the lead’s
impact on the atmosphere is represented in the satellite retrieval. Additionally,
comparisons with the deformation rate from buoy grids on different scales or
inter-comparison with helicopter-borne topography data can be used to understand
the MOSAIC lead characteristics better.
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