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Key Points:

» Winter warm surface temperature anomalies are co-located with melt pond loca-
tions in the following summer

¢ Warm anomalies appear in refrozen leads, potentially in refrozen melt ponds, and
in troughs between ridges, due to thinner snow and ice

« We show the predictability of summer melt pond fraction from winter surface tem-
peratures

Corresponding author: Linda Thielke, 1thielke@iup.physik.uni-bremen.de



22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

71

Abstract

Comparing helicopter-borne surface temperature maps in winter and optical orthomo-
saics in summer from the year-long Multidisciplinary drifting Observatory for the Study
of Arctic Climate (MOSAIC) expedition, we find a strong geometric correlation between
warm anomalies in winter and melt pond location the following summer. Warm anoma-
lies are attributed to thinner snow and ice on level ice compared to the deformed ice in
the surroundings or refrozen leads with only newly formed, thin ice. Warm surface tem-
perature anomalies in January were 0.3 K to 2.5 K warmer on sea ice that later formed
melt ponds. A one-dimensional steady-state thermodynamic model shows that the ob-
served surface temperature differences are in line with the observed ice thickness and snow
depth. We demonstrate the potential of seasonal prediction of summer melt pond loca-
tion and coverage from winter surface temperature observations. A threshold-based clas-
sification achieves a correct classification for 41% of the melt ponds.

Plain Language Summary

We compare winter surface temperatures from an infrared camera with summer
photographs of sea ice with melt ponds. The datasets were recorded from a helicopter
during the Multidisciplinary drifting Observatory for the Study of Arctic Climate (MO-
SAiC) expedition. Melt ponds form on sea ice in summer when the snow melts and wa-
ter accumulates in the lower locations on the ice floes. Melt ponds are very important
for the Arctic energy budget because they strongly change the sea ice brightness and thus
the amount of solar energy absorbed by the ice. We find surface characteristics with sim-
ilar size and location between warmer areas in winter and the location of melt ponds in
summer. For a better process understanding, we calculate the surface temperature with
a simple model and find that the warm temperature anomalies are due to thinner ice and
snow. Stronger warm temperature anomalies appear in new cracks in the ice which are
covered with newly formed, thin ice. With a temperature-based classification, we are able
to estimate the summer melt pond coverage.

1 Introduction

Melt ponds on Arctic sea ice are an important component of the summer energy
budget (e.g., Nicolaus et al., 2012). Melt ponds contribute to the ice-albedo feedback
by lowering the surface albedo (e.g., Curry et al., 1995; Light et al., 2022) and thus in-
fluencing the radiation balance of the Arctic sea ice (e.g., Perovich et al., 2011). For au-
tumn, Anhaus et al. (2021) showed that melt ponds are influencing light transmission.
The preconditioning of melt ponds can be partly explained by ice topography (e.g., Flocco
et al., 2015; Polashenski et al., 2012), predominately for deformed second-year ice (SYI),
or snow dunes and snow accumulations (Petrich et al., 2012; Polashenski et al., 2012),
mainly on level first-year ice (FYT). Additional factors for melt pond preconditioning are
ice permeability and pond hydrology (Eicken et al., 2002, 2004). There are distinct dif-
ferences between melt ponds on level or deformed ice. The melt pond location and size
are controlled by the topography of deformed ice while on level ice melt ponds can cover
large areas (Webster et al., 2022). The ice topography, induced by ridges or leads, are
either remnant from the previous seasons’ dynamic events or can be newly created due
to ice dynamics and/or snow accumulation (Polashenski et al., 2012). Also, refrozen melt
ponds can have a lower ice surface elevation and ice thickness compared to the surround-
ings. There are still large uncertainties in models to predict melt ponds, especially their
parameterization of size, depth, and effect on light transmission (Light et al., 2008; Flocco
et al., 2012; Webster et al., 2022). Small-scale processes are very important (Vihma et
al., 2014), but challenging to observe and analyze. Although higher resolution thermal
infrared satellites exist, they are used only in lower latitudes like Landsat 8. Therefore,
we strive to gain more knowledge from our high resolution helicopter surface tempera-
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ture maps in winter as a prediction of next summer’s melt pond areal extent because sur-
face temperatures are sensitive to the ice and snow topography. We can connect the phys-
ical understanding of melt ponds across the seasons (predictability) and how the warm
anomalies appear during winter (preconditioning). From this, we provide knowledge on
how to accomplish a better representation of melt ponds in models.

Specifically, we present a case study from the observations of the MOSAiC expe-
dition from September 2019 to October 2020. RV Polarstern (AWI, 2017) drifted with
the sea ice from the northern Laptev Sea towards the Fram Strait. A large suite of mea-
surements was carried out continuously over the same ice area from October to July (Nico-
laus et al., 2022; Shupe et al., 2022; Rabe et al., 2022). This study combines helicopter-
borne thermal infrared (TIR) imaging with optical orthomosaics and topography data
from an airborne laser scanner (ALS), snow and ice thickness measurements from ground-
based transects, as well as atmospheric measurements of temperature, wind speed, and
longwave radiation.

We approximate the location and area of summer melt ponds using the preceding
winter’s sea ice surface temperature data. Based on the comparison of the helicopter-
borne maps, we find warm surface ice temperature anomalies in winter at the location
of the next summer’s melt ponds. We use a simple one-dimensional thermodynamic model
to identify the drivers of the warm anomalies. To conclude, we discuss the potential, lim-
itations, and implications of these novel findings to use them for the improvement of mod-
elling and new ideas for high resolution satellite remote sensing.

2 Data and Methods

We investigate the same sea ice area several months apart and perform a one-to-

one comparison between summer and winter. The main data sets are recorded with helicopter-

borne imaging: TIR for the polar night (Thielke et al., 2022b) and optically during the
polar day. The rich additional MOSAiIC datasets are ideally suited to constrain the phys-
ical conditions during the seasons.

2.1 Study area

The study area (1.3km x 1.3km) consists of level FYT as well as deformed SYT that
survived the previous summer melt (Krumpen et al., 2020). The remnant of the MO-
SAiC floe observed in summer during leg 4, was during winter (legs 1 and 2) in the de-
formed ice area at the edge of the main sampling sites (about 1.5km distance from RV
Polarstern). The area of the MOSAIC floe in summer is marked by the red polygon in
Figure 1. Additional information about the aerial surface temperatures is provided in
the Supporting Information (Subsection "Warm temperature anomalies”).

2.2 Optical orthomosaic in summer

We use the optical orthomosaic from 30 June 2020 as the ground truth for the melt
pond coverage on the MOSAiC floe during summer. The orthomosaic, a composite of
aerial RGB images, clearly illustrates the melt ponds as darker grayish-blueish areas in
contrast to white ice and the almost black open water around the floe. These optical dif-
ferences are used in a supervised classification algorithm developed for aerial images of
sea ice to semantically divide the orthomosaic into surface type class objects. To reduce
the impact of noise on pixel level, the minimum size of the resulting snow/ice, pond, sub-
merged ice and open water objects is limited to 100 pixels at a pixel area of 0.25m? (more
information: https://gitlab.awi.de/nifuchs/pasta-ice/). The estimated error is
below +2% for the derived pond fraction.
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(a) Surface temperature, 21 January 2020 (b) Optical, 30 June 2020
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Figure 1. (a) Surface temperature map (TIR) on 21 January 2020 with the boxes indicat-
ing the warm anomalies. Yellow boxes are refrozen leads (RL) and black boxes are topography
controlled (TC). (b) Optical orthomosaic (RGB) from 30 June 2020 showing the melt ponds as
grayish-blueish colors. (c¢) Overlay of melt pond classification based on a surface temperature
threshold on 21 January 2020 and based on RGB classification on 30 June 2020 with fractions of
26% and 22%, respectively. [Purple: only classified by TIR (false positive); Gray: only classified
by RGB (false negative); Black: classified in both data (correct).] (d) Freeboard map showing
snow surface topography on 21 January 2020. Surface temperatures on (e) 30 November 2019
and (f) 12 February 2020 (note that the colorbar is different for better visibility). The two boxes
are indicating the RL and TC cases highlighted in the study. The outline of the summer ice floe

as a red polygon for reference.



118 2.3 Aerial surface temperatures in winter

119 The surface temperature maps are based on helicopter-borne TIR imaging, per-

120 formed with the VarioCam HD head 680 camera with a brightness temperature preci-

121 sion of 0.02K and accuracy of 1K (Thielke et al., 2022b). We use gridded surface tem-
122 peratures at 1 m horizontal resolution. We focus on data from 21 January 2020 that con-
123 tained numerous distinct thermal features. For comparison, we show the warm anoma-

124 lies in the flight on 30 November 2019 and 12 February 2020 (Figure 1 e,f).

125 2.4 Definition of warm anomalies

126 There are two approaches used to define the warm anomalies on the temperature

127 map of 21 January 2020. The first method is more specific to each of the 13 identified

128 cases (boxes in Figure 1 a), which is more applicable to the meter scale, while the other
129 is a temperature threshold for identifying warm patches across the 1.5 km floe to per-

130 form a melt pond classification.

131 1) Based on the "ground truth” of the summer optical orthomosaic, we manually

132 defined 13 warm anomalies in the surface temperature map from 21 January 2020. In

133 each box, we analyze two manually selected temperature cross-sections covering both the
134 warm anomaly and the surroundings (Figure 2). We further manually classify the cross-
135 sections in an "anomaly” and "surrounding” part. The temperatures of the two classes

136 are averaged while the transitions between the two are not analyzed. From that, the sur-
137 face temperature difference ATy o1s between the two classes is calculated. For the pre-

138 cise definition of the melt pond location, we need a manual classification because the larger
139 scale spatial variability is in the same range as the temperature difference of the warm

140 anomalies.

141 2) To retrieve the melt pond fraction of the whole study area we apply one fixed

142 temperature threshold of 236.35 K to the aerial surface temperature to classify it in melt
143 ponds and ice. The threshold is manually selected by tuning for the most reasonable out-
144 come of the temperature classification compared to the optical ground truth. From this,
145 we can investigate the performance of the winter melt pond classification based on sur-

146 face temperatures. The classification is very sensitive to the threshold because changes

147 in 0.05 K steps already resulted in different classified areas. We compare the tempera-

148 ture classification to the classified orthomosaic in terms of location and fraction. Both

149 maps are manually superimposed to achieve the best overlap (Figure 1 ¢).

150 2.5 Surface topography

151 The surface topography of the snow surface is retrieved from the ALS, which was

152 operated in the helicopter, parallel to the TIR camera. The freeboard of the snow sur-

153 face can be used to evaluate the topography of the areas of the warm anomalies and their
154 surroundings as an additional variable for the winter conditions.

155 2.6 Snow and ice conditions

156 To evaluate the snow and ice conditions, we use measurements along a transect (called
157 "Northern Loop”), which were taken over deformed ice close to our study data. More

158 information about the transect location can be found in Figure 2 of Nicolaus et al. (2022).
150 We discriminate between level and deformed ice based on the roughness determined from
160 the 50 m running mean and standard deviation of the ice thickness, same as in Itkin et

161 al. (2022, in review). The level ice thickness is capped at 2m (assumed thermodynam-

162 ical growth limit). The standard deviation has to be less than 0.2m for level ice and higher
163 than 0.6 m for deformed ice. The values of snow and ice thickness measured at the spe-
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Figure 2. (a,b) Case example for RL (Box 3). (c,d) Case example for TC (Box 5). (a,c) Sur-
face temperature map of the box with a cross-section (green line). (b,d) Surface temperature
along the cross-section with the classification of the warm anomaly (red) and the surroundings
(blue). (e) Simulated surface temperature (colored) for ice thickness versus snow depth on 21
January 2020. The black contour lines show the surface temperature step size of 0.5 K. Point
?A”: typical for the level ice in the warm anomalies; point ”B”: typical for deformed ice in the
surroundings. The boxes are defined based on the mean and standard deviation of the snow and

ice thickness.
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cific transect days (transects were performed monthly to bi-weekly) are fitted polyno-
mially and retrieved for 21 January 2020.

2.7 Thermodynamic sea ice model

We implement a one-dimensional steady-state thermodynamic sea ice model to in-
vestigate the sensitivity of the surface temperature to changes in snow and ice thickness
as well as atmospheric parameters, i.e., 2m air temperature, 10 m wind speed, and down-
welling longwave radiation.

The surface heat budget is defined as (Shokr & Sinha, 2015):

FLW,down - FLVV,up + Fcond - Fsens = Oa (1)

where Fiw down and Fiw up are the downwelling and upwelling longwave radiation, Feong
the conductive heat flux, and Fyens the sensible heat flux. Fluxes towards the surface are
considered positive. Shortwave radiation is not relevant during winter and the latent heat
flux is negligibly small. With the one-dimensional model, we do not consider lateral heat
fluxes which we assume to be negligible.

Linearizing Fiw up using Taylor expansion, the simulated surface temperature 7§ sim
is:
Fiw.down —a+Twd+cuT,
b+cu-+d

Ts sim = , where d= (—. + =) h (2)
T is the sea water temperature at freezing point, ¢ is the combined sensible transfer co-
efficient, u the wind speed, h; is the ice thickness, hg is the snow depth, k; and k, are

the thermal conductivity of ice and snow respectively, a and b are the coefficients of lin-
earization.

The model is forced with atmospheric data from the meteorological tower on the
floe and longwave radiation from a radiation station, both at the recording time of the
surface temperatures. The snow and ice thicknesses of level and deformed ice are taken
from the transect data. There can be absolute differences in surface temperature between
our observations of TIR surface temperatures and the simulated physical temperature.
However, this does not impact relative differences across the floe, which are most impor-
tant here. The full model descriptions and input parameters can be found in the Sup-
plementary Information (Subsection ”Details on the thermodynamic model”).

3 Results
3.1 Warm anomaly types

Comparing the melt ponds from the optical orthomosaic (Figure 1 b) with warm
anomalies of the surface temperature map in winter (Figure 1 (a)) we find clear simi-
larities in location and shape. Although we do not have any visual appearance of melt
ponds in winter and spring, we can detect anomalies, that will become melt ponds in sum-
mer, with our thermal observations in winter (boxes in Figure 1 a; numbers in Figure S1 b
in Supporting information).

Based on the observed temperature contrasts and their physical explanation, we
define and manually select two types of these warm anomalies:

a) Refrozen leads (RL): newly formed, thin ice in between thicker ice, showing strong
positive temperature anomalies.

b) Topography controlled (TC): level ice surrounded by deformed ice, showing weak
positive temperature anomalies.



205 The refrozen leads can be identified easily by their elongated shape and higher sur-

206 face temperatures due to thinner ice formed after a recent dynamic event. They have

207 a lower surface elevation than the surroundings and potentially collect more snow which

208 favors melt water collection in summer.

200 Besides the correlation with the optical orthomosiac, we find the same for areas of

210 low elevation in the aerial topography map from the ALS (Figure 1 d). Thus, warm anoma-
on lies often have thinner ice and snow compared to the surroundings of deformed ice with

212 increased freeboard and surface roughness. Based on this topography data, we can de-

213 termine topography controlled melt ponds although they show a comparatively small tem-
214 perature difference. Many of the TC anomalies already have the shape of melt ponds and
215 thus potentially were melt ponds already the summer before.

216 3.2 Local temperature differences

217 Here, we show the results from the manual classification in each box. The surface

218 temperature differences of the two warm anomaly types on 21 January vary between 0.3 K
219 and 2.5 K. We find a connection between the temperature difference and the type of anoma-
220 lies. For the RL (four anomalies), we have a higher temperature difference between 1.7K

21 and 2.5 K (median=2.0K, std=0.33 K), while the TC anomalies (nine anomalies) have
2 a temperature difference between 0.3K and 0.7K (median=0.4 K, std=0.17K).

223 For simplicity, we focus on one case of each type, RL and TC, because they have
224 a well-distinguishable temperature anomaly. In Figure 2, we show the temperature maps
225 for one RL-case (AT,ps = 2.5K) and one TC-case (ATyps = 0.3K) as well as the tem-
226 peratures of the cross-sections. The cross-sections are classified into warm anomaly (red)
207 and surroundings (blue). Looking at all helicopter TIR data we see that RL only appear
228 after the end of December and then the surface temperature difference decrease due to
229 ice growth and potential snow accumulation from 11.8 K to 0.5 K. For TC there is no

230 trend with time while it varies between 0.2 K and 1.3 K. The different stages of the warm
231 anomalies on 30 November 2019 and 12 February 2020 are displayed in Figure 1 e and f.

232 Temperature differences of all 13 warm anomalies on 21 January and in two cases for all
233 10 helicopter flights between November and February are listed in the Supporting In-

234 formation (Subsection "Warm temperature anomalies”).

235 3.3 Comparison of observations and thermodynamic model

236 We compare the warm anomalies from the TIR observation on 21 January with sim-
237 ulated surface temperature differences, calculated with a steady state one-dimensional

238 thermodynamic model (Subsection 2.7) to understand better what is causing the warm

239 winter anomalies. The lower temperature contrast of TC has to be investigated in more
240 detail while for the RL cases it is clear that the newly formed, thinner ice causes the larger
o temperature differences. Thus, we focus on the TC melt ponds on 21 January 2020

212 We determine the snow depth and ice thickness for level and deformed ice, which

213 are representative of the warm anomalies and of the surroundings. Snow depth and ice

204 thickness from the transect data represent the spatial variability of the study area and

245 show a snow depth of 0.16 m + 0.06 m for level (A) and 0.29m =+ 0.13m for deformed

246 ice (B) (Figure 2 e). The ice thickness is 1.11m + 0.09m for level ice (A) and 3.74m + 1.91m
247 for deformed ice (B). We implement two regimes of snow depth and ice thickness. The

248 simulated mean temperature difference AT} g between the warm anomaly (level) and

249 surroundings (deformed) is 0.88 K with a spread from 0.09K to 1.47K (Figure 2 e) while

250 0.30K to 0.70K is observed (Subsection 3.2).

251 Thus, the thermodynamic model slightly overestimates the temperature anomaly.
252 The simulated temperature difference using the same snow depth for level and deformed
253 ice (0.23m) would be 0.59 K. Therefore, the effect of variable snow depth accounts for
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0.29K of the 0.88 K in our simulation. But this snow depth variability is quite uncer-
tain based on our limited amount of measurements.

3.4 Temperature-based melt pond classification

The threshold-based TIR classification is able to approximate the next summer melt
pond fraction of an ice floe. With a temperature threshold of 236.35 K, applied to the
surface temperature map on 21 January 2020, we derive a melt pond fraction of 26% (Fig-
ure 1 ¢). This is slightly higher than the fraction of 22% for the optical classification on
30 June 2020. With the ponds expanding after the first drainage event in mid-July, how-
ever, the optical observations also show a higher fraction of 24% on 22 July 2020. Thus,
we are able to partly replicate the summer melt pond classification, already six months
in advance, and can be used as a seasonal prediction tool for melt ponds. The shortcom-
ings are the uncertainties on level FYI as well as that we are missing smaller melt ponds
(melt pond size distribution follows a power law (Popovié¢ et al., 2018; Huang et al., 2016)).
Also the high spatial variability of the surface temperature influences the classification
which is sensitive to small changes in the threshold. The temperature classification per-
formed correctly for 41% of the optical classified ponds (Figure 2 ¢). The remaining 59%
are not classified although in summer melt ponds are present (false negative). In rela-
tion to the whole surface area of the floe, the fraction of false positive (17% of the floe)
and false negative (13% of the floe) are in the same order of magnitude. Therefore, the
overall melt pond fraction is similar for the TIR and optical classification, which can be
a coincidence. However, as 41% of the summer melt ponds are correctly identified in the
winter TIR data that number is the approximate performance of the winter to summer
melt pond predictability.

4 Discussion

Studies about melt pond properties (Huang et al., 2016) and photogrammetry of
the sea ice topography (Divine et al., 2016) using optical data are limited to the sum-
mer season. Helicopter-borne ALS data, available in summer and winter, were also used
to explore the role of surface roughness for melt pond presence (Webster et al., 2022).
With high resolution winter surface temperatures, we add an additional data source for
a better understanding of melt pond characteristics outside the summer season. We show
for the first time that melt pond locations can be already seen in winter temperature anoma-
lies due to the thermodynamic properties of snow and sea ice.

We find areas of refrozen leads or level ice with thinner snow at the location of the
anomalies and deformed ice in the surroundings. This is reasonable because areas of low
elevation tend to turn into melt ponds (Polashenski et al., 2012). The ice topography
and snow variability align with the findings of Scott and Feltham (2010) and Holland
et al. (2012). Two modes, corresponding to level and deformed ice as found in the tran-
sect ice thickness (1.11m and 3.74m), are also visible in the ice thickness transect per-
formed on 07 January 2020 over parts of the study area (Figure S2 in Supplementary
Information). When we zoom into the study area these modes are represented also by
the ALS freeboard. We can identify modes for each of the anomalies which are below
the surroundings (Figure S3 in Supplementary Information). This strengthens our as-
sumptions for the two ice thickness regimes in the thermodynamic model. Previous stud-
ies stated that snow plays an important role for melt pond formation (Scott & Feltham,
2010; Petrich et al., 2012). In our study, we can show that the important factor snow
can be linked to the ice topography while thinner snow over level ice favors the warm
temperature anomalies.

The presence of some TC melt ponds is likely due to re-frozen melt ponds from the
previous summer. We have no data from the previous season to prove that but the size
of the warm anomalies hint in that direction. Also, many re-frozen melt ponds were ob-
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served on the MOSAIC floe. For example, Itkin et al. (2022, in review) show that melt
ponds were present on the MOSAIC floe in the previous summer. The re-appearance of
melt ponds at the previous season’s location was already mentioned before in the con-
text of the Surface Heat Budget of the Arctic Ocean (SHEBA) expedition (Eicken et al.,
2001). In one case (Box 4) we find a warmer circle around a colder middle part, which
could indicate a bottom-up melt pond from last summer. The trough of the previous melt
pond could serve as the meltwater collection location. This then serves as a seed for the
next season because melt ponds tend to reappear at the previous summer’s location (Eicken
et al., 2001).

To simulate the surface temperature, we assumed a commonly used value of snow
thermal conductivity (ks=0.30 Wm~!K~! Bitz and Lipscomb (1999)). The model re-
sults are sensitive to the thermal conductivity and this could be one reason why our re-
sults are slightly overestimated. The investigation of the thermal conductivity is an im-
portant but large topic itself and out of the scope of this study.

The threshold-based temperature melt pond classification could be applied in a model
but would need to be adjusted. The surface temperature depends on the air tempera-
ture, and the surface temperature anomalies vary with atmospheric parameters like wind
speed. The comparison to the optical classification shows that a single threshold has still
some problems to classify melt pond locations correctly. 41% of the summer locations
are correctly predicted and thus the majority was not. This shows the limit of our pre-
dictability: while 41% is still a useful prediction we cannot expect to identify all sum-
mer melt ponds already in winter. However, our comparison does not take sea ice dy-
namics as well as snow accumulation and redistribution between winter and summer into
account. Thus some of the mismatches might be due to that and can partly explain the
good match of the classified overall melt pond fraction of 26% in winter and 22% (max-
imum 24%) in summer.

Melt pond schemes in regional and climate models could benefit from our findings:
melt ponds should be tracked in models throughout the whole year and not only in sum-
mer. This increases the potential for predictability. So far the ice and snow topography
is not represented sufficiently in General Circulation Models (e.g., Flocco et al., 2012).
But in this study, we show how important the ice topography and roughness are for melt
pond formation, already in winter.

Until now, refrozen leads were not considered as an indicator of melt ponds. The
refrozen leads can add potential areas for next summer’s melt pond formation. Here, we
can show that a proper representation of lead formation and ice dynamics is necessary
to improve the melt pond predictability. Thus, the area of refrozen leads explains a part
of the melt pond fraction of the following summer. While sea ice is becoming thinner,
it becomes more dynamic, and more leads can form. Thus, there is potential for an in-
creased area of melt ponds in the future, which can alter the albedo of sea ice.

Further, TIR remote sensing data can help to support the findings presented here.
Satellites instead of helicopter surveys would be an ideal tool to cover larger areas. How-
ever, so far, higher resolution TIR satellite remote sensing is performed only in lower lat-
itudes, while we show their potential benefits for the whole Arctic. Nevertheless, their
current spatial resolution of about 100 m is still not sufficient to resolve the warm anoma-
lies, which are usually smaller. This study should motivate to implement high resolu-
tion TIR satellite-based observations, like the upcoming Copernicus LSTM mission with
30m resolution (Koetz et al., 2018), to resolve small-scale physical processes on a wider
scale and extend their coverage to polar regions.
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5 Conclusion

We show that warm surface temperature anomalies over sea ice in winter can be
co-located with summer melt ponds of the following summer. We define two different
types of warm anomalies: refrozen leads and topography controlled melt ponds. The warm
anomalies of the topography controlled melt ponds are characterized by level ice com-
pared to the deformed surroundings, which means thinner snow and ice for the warm anoma-
lies. With a thermodynamic model, we are able to replicate (with a slight AT overes-
timation) the observed surface temperature difference based on observed snow and ice
thickness difference, and atmospheric parameters. Thus, we can fully attribute the warm
anomaly to the ice and snow cover (and not, e.g., wind-driven effects), which eventually
also affects later pond formation. Based on a simple threshold-based classification, we
are able to use high resolution surface temperature in winter as a seasonal prediction tool
for the summer melt pond fraction. The winter prediction of the observed summer melt
pond fraction agrees within their uncertainty and 41% of the summer melt pond loca-
tions are identified correctly.

As Scott and Feltham (2010) and Landy et al. (2014) point out, there is a need for
a better understanding of physical processes influencing melt pond formation and evo-
lution which is driven by meteorological events, ice dynamics, and thermodynamics. The
relationships between winter ice surface temperature and melt pond development found
here, can serve the development of improved melt pond parameterizations in regional
and climate models. They should track re-frozen lead locations throughout the winter
and take pond formation in re-frozen leads into account to simulate a more realistic melt
pond distribution. As shown in this study, there is a large potential for high resolution
TIR data to study small-scale properties of sea ice, either from airborne platforms like
here or hopefully in future satellite missions.
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