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We used deep learning networks to establish a relationship model among MODIS daily surface reflectance
product (MOD09GA) and Arctic melt ponds fraction (MPF), ice fraction (IF), and open water fraction (OWF). We
applied this model to MODIS 8-day surface reflectance (MOD09A1) to derive Arctic 8-day MPF and SIF (SIF as
the sum of IF and MPF). The results demonstrate that our model improved MPF estimation accuracy to an RMSE
of 3.7%, compared with previous models. The characteristics of MPF spatiotemporal changes seen in early
summer (May-July) indicate that MPF increased first from May-June, reaching its peak around early July, and
then decreased. In addition, early summer MPF was significantly negatively correlated with sea ice extent (SIE)
in September. We also found that early summer MPF caused sea ice in the Beaufort Sea, the Chukchi Sea, and the
East Siberian Sea to move to warm water. Moreover, the movement of sea ice from the marginal sea to the center
of the Arctic was shown to be conducive to the reduction of SIE in September. Early summer MPF was also
related to Arctic oscillation (AO) during June to July, and significantly positively related to air temperature in
the East Siberian and Chukchi Seas in September. As a consequence, these areas produced more open water and
absorbed more heat, reducing the extent of sea ice in September, while increasing their air temperatures. The
results also show that early summer MPF has a high negative correlation with air temperature in northern China,
and MPF can be used to predict air temperature in northern China. These new findings should be investigated in
future studies with additional data collection and field observations.

1. Introduction
Arctic sea ice is one of the most important and rapidly changing
factors in the global climate system, and it plays a critical role in regu
lating regional oceanic and global climate conditions. Over the past
century, the average temperature in the Arctic has increased much more
rapidly than the global average, and sea ice extent (SIE) has decreased
significantly (Solomon et al., 2007; Stroeve et al., 2012; Vavrus et al.,
2011). Indeed, from 2007 to 2011 the Arctic experienced consecutive
minimum SIEs in September (Flocco et al., 2012; Feng et al., 2019). This
marked decline in SIE has been ongoing, and if it continues, it will ul
timately result in an ice-free Arctic during summer (Kinnard et al., 2011;
Comiso et al., 2017).
The rate of sea ice melt is largely determined by its albedo. For bare

ice, typical albedo values range from 0.50 to 0.70, with albedo high for
multi-year ice but low for first-year ice (Hanesiak et al., 2001). During
summer, melt ponds, fed by melting snow and ice, form on the ice’s
surface. As melt pond depth and size increase, the ice surface’s albedo
decreases (Taylor et al., 2004; Eicken et al., 1996; Skyllingstad et al.,
2009). In addition, the albedo of melt ponds is significantly less than that
of bare ice, ranging from 0.06 to 0.15, depending on melt pond depth, as
well as characteristics of the bottom ice (Perovich et al., 2002a,b).
Several field investigations of the melt ponds have demonstrated that
melt ponds that form on multi-year ice are smaller and deeper; whereas,
on seasonal sea ice, they are larger and shallower (Maykut et al., 1992;
Perovich and Tucker, 1997; Tucker et al.,1999; Tschudi et al., 2001;
Polashenski et al., 2012). When sea ice absorbs increasing amount of
heat, this causes the sea ice below melt ponds to melt two to three times
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more rapidly than bare ice. This process then leads to further decreases
in albedo, creating a positive feedback process (Eicken, 2004; Schroder
et al., 2014). Spatial and temporal variations of melt ponds fraction
(MPF) vary widely, with MPF on first-year ice may be from approxi
mately 20% (Perovich et al., 2002a,b) to 42% (Eicken, 2004) and even
90% (Perovich et al., 2011). At present, Arctic sea ice is in the process of
changing from multi-year ice to first-year ice, which promotes the
diffusion of melt ponds into a larger area (Comiso, 2012). In such a case,
increases in MPF result in more heat being absorbed, causing sea ice
melt to accelerate and triggering its early rupture (Arntsen et al., 2015).
Accelerated melting then results in an earlier ice-free season. Further
more, the warming of the oceans is likely to delay the freezing of sea ice
significantly (Kohout et al., 2014; Vihma, 2014; Flocco et al., 2015). In
the Arctic, about 96% of the solar energy entering the ocean through sea
ice from May to August each year (Arndt and Nicolaus, 2014). The melt
ponds play an important role in this energy transfer, and it can affect the
SIE by affecting the mass balance of sea ice. Moreover, the melt ponds
also affected the light intensity under the sea ice, thereby controlling the
ocean primary productivity under the ice (Horvat et al., 2017; Nicolaus
et al., 2012). In climate models, MPF plays a key role in the evolution of
sea ice in the future (Flocco et al., 2010). Schröder et al. used sea ice
models to simulate MPF and found that MPF in May had a good pre
dictive skill of Arctic September SIE. They believe that MPF will trigger a
positive feedback mechanism with the September SIE, that is, the more
MPF, the lower the albedo, the more heat the sea ice absorbs, and the
less the SIE. In view of the important influence of melting pools on Arctic
sea ice, Satellite observations are the most effective way to map melt
ponds on a pan-Arctic scale.
For the above-mentioned reasons, melt ponds constitute a critical
aspect of the Arctic climate system, and thus have attracted substantial
focus from researchers. For the study of melt ponds in small areas, in
terms of synthetic aperture radar (SAR), Yackel et al. (2000) investi
gated the evolution of MPF in Canadian islands using Radersat-1 SAR
images, and determined that the Radersat-1 backscattering coefficient
was significantly correlated with MPF. Howell et al. (2020) used
Radersat-2 to map the MPF on Canadian islands from 2009 to 2018
based on this relationship. Scharien et al. (2017) reported a strong
correlation between the Sentinel-1 winter ice backscattering coefficient
and spring MPF, and estimated MPF near the Canadian islands. In terms
of visible light remote sensing, Landsat 7 ETM+ images are mainly used.
The spatial resolution of 30 m can identify some large melt ponds
(Markus et al., 2002). Markus et al. (2002) analyzed Landsat ETM+
images of Baffin Bay in June 2000, and showed that melt ponds and ice
exhibit dissimilar characteristics in different bands of Landsat, which
enabled researchers to distinguish melt ponds and ice. Rösel and
Kaleschke (2011) utilized principal component analysis (PCA) to derive
MPF near the Canadian Sea by means of Landsat ETM+. But Landsat 7
ETM+ and SAR cannot cover the pan-Arctic region and Landsat is sub
ject to cloud. Using medium-resolution data (250 to 500 m), pan-Arctic
MPF can be achieved. In order to obtain pan-Arctic MPF, Tschudi et al.
(2008) proposed a method for extracting MPF in the Beaufort and
Chukchi Seas using a moderate-resolution imaging spectroradiometer
(MODIS). Their algorithm plugged the reflectivity characteristics of melt
ponds, open water, snow, and bare ice into four sets of linear equations.
Rösel et al. (2012) extended Tschudi’s algorithm to the pan-Arctic, and
classified the four types of reflectivity characteristics into three cate
gories: melt ponds; open water; and ice. The ice here refers to bare ice
and snow covered ice. They also calculated the sea ice fraction (SIF),
which can be expressed as the sum of MPF and ice fraction (IF). Using
fixed or insufficient prior conditions for modeling, however, may lead to
significant errors, and taking them as model input may even negatively
affect the accuracy of the melt ponds’ distribution. Zege et al. (2015)
derived MPF data using MERIS data, employing certain input parame
ters, such as radiation coefficients, and solar and observation angles. The
algorithm was improved to no longer depend on the ice type’s prior
reflectivity. Although this algorithm avoids the problem of prior fixed

reflectivity to a certain extent, accuracy for dark pond fraction is not
high, and it can only cover a small part of the Arctic region. At present,
when using optical image to calculate pan-Arctic MPF, it is important to
solve the error caused by fixed reflectivity. For the error caused by the
fixed reflectance feature in the Rösel method (2012), Wright (2020)
proposed that the accuracy of the machine learning method is better
than that of the linear spectral unmixing. Liu et al. (2017) explored
Arctic MPF retrieval using shallow artificial neural network (ANN), but
found no relationship between MPF and SIF in September. Ding et al.
(2020) calculated the pan-Arctic MPF using the field-observed MPF
combined with ANN, but they used MODIS 8-days reflectivity to match
the daily MPF, which would introduce new errors. Therefore, for the
machine learning model, appropriate features and labels need to be
matched and the performance of the machine learning model needs to be
evaluated.
In view of increases in human activity in the Arctic and consequent
dire effects on climate change, accurate predictions concerning Arctic
sea ice and MPF are urgently needed. It has been found that MPF from
May-July is strongly correlated with Arctic SIE in September (Schröder
et al., 2014; Liu et al., 2015). However, no investigations currently exist
elucidating the linkage between melt ponds from May-July and the
extent of sea ice in September. To fill this gap in the literature, in
consideration of the capability of MPF in forecasting Arctic sea ice, this
study aims to analyze the evolution of Arctic MPF in early summer, as
well as evaluate the effects of MPF on sea ice anomalies in September, by
applying an MPF model based on deep learning networks. After col
lecting high-resolution visible images of various Arctic regions in
different periods, we extracted MPF, IF, and open water fraction (OWF)
information as a priori conditions from which to establish relationships
among MODIS spectral information and MPF, IF, and OWF. Further
more, we analyzed the possible effects of early summer (May-July) MPF
on sea ice anomalies in September with air temperature and sea level
pressure (SLP), as well as potential influences on northern China winter
air temperatures.
2. Materials and methods
2.1. Materials
2.1.1. MODIS Terra surface reflectance product
We used the Moderate-resolution Imaging Spectroradiometer
(MODIS) mounted on the Polar Orbiting Environmental Satellite Terra,
which has been able to continuously monitor the Arctic Ocean since
2000. MODIS has 36 medium-resolution spectra, with a spatial resolu
tion ranging from 250 m to 1 km, and observe the earth every 1–2 days
on average. MOD09 series data are MODIS surface reflectance products.
They are MOD09GA (daily reflectance) and MOD09A1 (8-day reflec
tance). The resolution is 500 m and the projection is sinusoidal. The
MOD09 data have been corrected for the influence of atmospheric
scattering and absorption. In addition, the MOD09 data also contains a
quality band that can be used to make cloud and land masks. In this
study, we established the relationship model between the reflectance of
MOD09GA (Band 1 to Band 5) and MPF, IF and OWF. Then, this model is
applied to calculate the 8-day MPF and SIF using MOD09A1 in north of
60◦ N.
2.1.2. High-resolution visible images
High-resolution visible images during May-September were obtained
from the National Snow and Ice Data Center (NSIDC) (Fetterer et al.,
2008). These data have been divided into 3 categories: melt ponds, ice
and open water. These classified images will be overlapped with the
MOD09GA1 image to count MPF, IF and OWF. The projection of these
data is UTM with resolution of 1 m. Table 1 presents the images’ loca
tions in the Beaufort Sea, the Canadian Arctic, the Fram Strait, and the
East Siberian Sea.

2

J. Feng et al.

International Journal of Applied Earth Observations and Geoinformation 98 (2021) 102297

Table 1
Location of high-resolution images.

τ(θ) =

∑
L(x, g(f (x) ))

(4)

x∈s

Site name

Lat

Lon

Resolution

Projection

Years

Beaufort Sea
Canadian Arctic
Fram Strait
East Siberian Sea

73◦ N
85◦ N
85◦ N
82◦ N

150◦ W
120◦ W
0◦ E
150◦ E

1m
1m
1m
1m

UTM
UTM
UTM
UTM

2000, 2001
2000, 2001
2000, 2001
2000, 2001

Finally, the autoencoder results are put into the backpropagation
(BP) network for fine-tuning as input parameters. The input layers of the
network are the spectral bands of MOD09GA. The first autoencoder has
25 neurons, the second autoencoder has 20 neurons, and the third
autoencoder has 15 neurons. MPF, ice fraction (IF), and OWF constitute
the output parameters.
SIF can be written as:

2.1.3. 8-day MPF from the University of Hamburg
Rösel et al. (2012) combined the reflectance characteristics of the
melt ponds, ice and open water in MODIS 1, 2 and 3 bands, and used
spectral unmixing technology to extract the MPF in MOD09A1. Then,
the MPF is resampled to 12.5 km. The University of Hamburg (HB) only
provided products between May 8 - September 5 during 2000–2011.
These data are used to compare with our model.

(5)

SIF = IF + MPF

To study the relationship between melt ponds and ice, we used the
relative MPF (RMPF) as follows:
(6)

RMPF = MPF/SIF

The higher RMPF indicates that more ice has become melt ponds.

2.1.4. Sea ice products
The September sea ice extent (SIE) during 2004–2017 was from
NSDIC (Fetterer et al., 2017). These data were used to assess the linear
relationship between early summer MPF and September sea ice SIE.
Monthly average sea ice fraction data during 2004–2017 were collected
from the Met Office Hadley Centre, with a grid resolution of 1◦ × 1◦ .
These data were used to calculate the September sea ice anomalies.

2.2.2. Pearson correlation coefficient
The Pearson correlation coefficient (Pearson, 1895) was used to test
the correlation between the MPF from the high-resolution visible images
and the stacked autoencoder prediction. It was also used to calculate the
relationship between the MPF and September sea ice.
2.2.3. Root mean square error
The root mean square error (RMSE) is the expected value of the
square of the difference between the estimated value and the true value.

2.1.5. Reanalysis data
The average monthly data during 2004–2017 were from the National
Centers for Environmental Prediction/Department of Energy (NCEP/
DOE) Reanalysis II (https://psl.noaa.gov/data/gridded/data.ncep.
reanalysis2.html). The data included air temperature at 2 m and sealevel pressure (SLP), with a grid resolution of 2.5◦ × 2.5◦ . The Arctic
oscillation (AO) index is the Arctic SLP principal component time series
of the first mode of the empirical orthogonal function. National Oceanic
and Atmospheric Administration/Climate Prediction Center provides a
long-term series of AO index. In order to analyze the relationship be
tween AO and early summer MPF and September SIE, we calculated the
correlation coefficient between them.

2.2.4. Empirical orthogonal function analysis
Empirical orthogonal function (EOF) is a method to analyze the
structural features in matrix data and extract the main data features. The
EOF can decompose the time-varying variable into spatial modal fea
tures that do not change with time and principal component time series
(PCs), which does depend on time. September sea ice anomalies are
defined as the first mode of September sea ice.
2.3. Study area
The Arctic defined in this study is the area north of 60◦ N latitude. The
surrounding sea areas are marked in Fig. 1.

2.2. Methods
2.2.1. Stacked autoencoder (SAE)
A stacked autoencoder is a deep learning network based on an ANN
(Hinton and Salakhutdinov, 2006), and it is composed of autoencoders.
An autoencoder comprises three layers: input; hidden; and output.
Training the autoencoder network includes encoding and decoding. The
encoding process uses Sigmoid as an activation function to map the
input layer to the hidden layer. The decoding process seeks to recon
struct the data from the hidden layer:
h = f(x) = sf (wx + b)

(1)

(
)
y = g(x) = sg w⌣
x +c

(2)

where f(x) and g(x) represent the encoding function and the decoding
function, respectively; sf is the encoding activation function; sg is the
decoding activation function; and wx +b and w⌣
x +c are the weights of
the encoder and the decoder, respectively.
Given the input vectors, the autoencoder aims to minimize the dif
ference between the input x and the output y. The reconstruction error
can be described via the cross-entropy function, which is as follows:
L(x, y) = −

n
∑
(xi log(yi ) + (1 − xi )log(1 − yi ))

(3)

i=1

The average reconstruction error of training set S can be expressed as
follows:

Fig. 1. Study area.
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accuracy of their MPF model, pointed out that their MPF is larger than
the MPF of high-resolution visible images, with an RMSE above 10.7%.
We extracted the MPF of four sea areas – Q1 (Beaufort Sea), Q2 (East
Siberian Sea), Q3 (Canadian Arctic), and Q4 (Fram Strait) – for com
parison with the MPF products of HB in different sea areas.
Fig. 5 presents a comparison between the Arctic MPF obtained by our
model and the HB MPF product in different sea areas. In the Beaufort Sea
(Fig. 5a), the two exhibited a major difference, with a correlation co
efficient of 0.37 and an RMSE of 5.9%. However, the differences among
the East Siberian Sea (Fig. 5b), the Canadian Basin (Fig. 5c), and the
Fram Strait (Fig. 5d) were relatively small, with correlation coefficients
of 0.60, 0.64, and 0.58 and RMSE of 5.2%, 5.4%, and 4.9%, respectively.
The comparison between the predicted MPF in the 12.5-km grid and
the actual MPF (R = 0.88, RMSE = 3.7%) is shown in Fig. 6a, and the
comparison between the HB MPF in the 12.5-km grid and the actual MPF
(R = 0.82, RMSE = 5.0%) is presented in Fig. 6b. It can be seen that our
model is superior to HB (see Table 2). Part of the measured data came
from high-resolution visible light images, and the other part was from
Webster data (Webster et al., 2015), which were completely indepen
dent data, and have not been used in neural networks. Our results are
demonstrated to be robust and more in line with the actual situation
than HB MPF.

3. Results
3.1. MPF model establishment and accuracy evaluation
Fetterer et al. (2008) classified high-resolution visible light images
into three classification through maximum likelihood estimation: melt
ponds, ice and open water. As shown in Fig. 2, the high-resolution visible
images were re-projected to Sinusoidal projection, and were overlapped
with MOD09GA. The pixels covered by clouds were deleted in
MOD09GA. Then count the proportions of the melt ponds pixels, ice
pixels and open water pixels of the high-resolution visible light image
under the MOD09GA pixels. In other words, the IF, MPF and OWF in the
500 m × 500 m grid corresponding to MOD09GA were calculated. We
collected 2,786 groups of MPF, IF, OWF and their corresponding
MOD09GA reflectance.
We randomly selected the following: 70% of the MODIS 500-m
reflectance as input; their corresponding MPF, IF, and OWF as output;
and the remaining 30% to confirm the model’s accuracy. Fig. 3 displays
the correlation between the true MPF (IF) and that obtained with our
model. Specifically, the correlation coefficient between the true MPF
(IF) and that of our model is 0.80 (0.93), and the RMSE is 5.4% (9.2%),
demonstrating that our results improved accuracy to R of 0.80 and
RMSE of 5.4% compared with previous methods, such as at R of 0.53 and
RMSE of 10.7% (Rösel et al., 2012).
The MPF product calculated by the University of Hamburg (HB) re
lies on fixed reflectance of melt ponds, ice, and open water to invert the
MPF. Our model, however, utilized field observation data from various
locations in different periods in the Arctic as a priori condition. Such an
approach offers the advantage of avoiding MPF errors resultant from
changes in typical reflectivity of different features during various
periods.
Fig. 4a shows the MPF on July 11, 2008, from our model, while
Fig. 4b shows the MPF from HB. The two figures show similar distri
bution characteristics, with a correlation coefficient of 0.62 and an
RMSE of 5.9%. Fig. 4a and 4b, however, show a noticeable difference in
Fox Bay (red area). The sea ice in Fox Bay in July consists of first-year
ice. With the start of the ice melting season, sea ice in Fox Bay is more
likely to become melt ponds, suggesting that our model might be
comparatively more realistic in Fox Bay. In addition, the average MPF
from our model is smaller than that from HB. Rösel et al. (2012), who
employed high-resolution visible images from NSIDC to verify the

3.2. Spatial and temporal evolution of the MPF
We re-projected MOD09A1 into a polar stereoscopic projection and
derived the MPF north of 60◦ N. The cloud mask and land mask in
MOD09 were applied to delete invalid values. Fig. 7 shows the spatial
evolution of the MPF with a 12.5-km resolution from May 8 - August 5
during 2004–2017. It can be seen that the MPF in the Arctic exhibits
obvious seasonal evolution characteristics. On May 8, the MPF was low
in most Arctic sea areas. Indeed, only the edges of the sea ice in the
Greenland Sea, the Kara Sea, the Chukchi Sea, the Baffin Bay, and the
Hudson Bay showed melting characteristics. As a consequence, the MPF
in these areas rapidly expanded and spread to higher latitudes of the
Arctic in June. By mid-July, however, the MPF development trend was
stabilized and slow. In this period, the MPF in most areas of the Arctic
sea ice was high, and only some of the Arctic central sea ice had a lower
MPF. After late July, however, the MPF decreased from the central
Arctic to low latitudes. Moreover, field observations and MODIS data
indicated that melt ponds developed mainly from the beginning of June

Fig. 2. MPF, IF, and OWF extracted from high-resolution visible images. The white color is sea ice, the green color is melt ponds, and the blue color is open water.
(For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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Fig. 3. Correlation between the MPF retrieved by our model and the MPF from high-resolution visible images (a); Correlation between the SIF retrieved by our model
and the IF from high-resolution visible images (b).

Fig. 4. Comparison of MPF calculated by our model with RMSE of 5.4% (a) and MPF from HB with RMSE of 10.7% (b).

to the beginning of July, subsequently entered a period of stability, and
finally experienced a recessionary period at the end of July and early
August (Perovich and Polashenski, 2012). Overall, the results demon
strated the following: from the beginning of May until the beginning of
July, the MPF began developing rapidly from the Arctic sea edges to the
central sea; in mid-July, the development trend of the MPF stabilized;
and in late July, the MPF decreased from the central Arctic to low
latitudes.
Fig. 8a shows the distribution characteristics of the average MPF
during May 8 - August 5 during 2004–2017. In the East Siberian Sea, the
Chukchi Sea, the Beaufort Sea, and the Canadian Arctic Archipelago, the
high MPF is distributed circularly, manifested as obvious melting
characteristics. In May (Fig. 8b), the MPF in the central Arctic sea area is
very low and has a relatively high MPF only in marginal sea ice areas,
characterized by weak melting. By June (Fig. 8c), however, the MPF at
the edge of the sea ice continues to rise, with melting characteristics also
appearing in the Arctic high latitudes. It is worth noting that only the
central Arctic area has a low MPF. In July (Fig. 8d), most areas of the
Arctic sea ice have a high MPF, with only the center of the Arctic (85◦ N
− 90◦ N) exhibiting a low MPF.
Fig. 9a illustrates the MPF evolutionary cycle from May 8 - August 5
during 2004–2017, marked by growth, then stabilization, and finally
decrease. The MPF exhibited a strong growth trend from May until midJune, after which MPF growth slowed until it reached a peak on July 4.
From June 26 until July 12, the MPF was stable. After July 4, the MPF

began to decrease, which is similar to the results of Rösel and Kaleschke
(2012). Notably, MPF is much larger in the recessionary period than in
the developmental period, perhaps attributable to alternate thawing and
refreezing of ice, because changes in surface temperature, rainfall, and
snowfall make the melt ponds complicated (Rösel and Kaleschke, 2011;
Istomina et al., 2015). Field observation experiments on the Arctic al
bedo indicated that the melt ponds formed at the end of May, developed
during June - July, and began to freeze in mid-August (Perovich and
Polashenski, 2012). However, our results are different from those of
Schroder et al. (2012), even though their simulated MPF also shows the
highest value around mid-July, with a symmetrical structure. Fig. 9b
shows that the RMPF also increased from May 8-July 11, indicating that
melt ponds on the sea ice were in an expansionary trend, with ice
melting into melt ponds. From July 4-July 19, however, the RMPF was
stable. After July 20, the RMPF began to decrease, suggesting either that
the melt ponds on the ice were beginning to freeze or had become open
water. The change of RMPF is closely related to the evolution of seasonal
albedo. The evolution of albedo will experience the melting of snow,
formation of melting pond, drainage of melting pond, development of
melting pond, turning into open water and re-freezing. Once the sea ice
surface starts to melt, more solar heat will be absorbed and transferred
into the ocean, which will affect the heat balance and mass balance of
the ice (Perovich et al., 2002a,b; Perovich and Polashenski, 2012).
Fig. 10a presents the characteristics of the MPF interannual change
between May 8 - August 5 during 2004–2017. During this period, the
5
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Fig. 5. Comparison of the MPF obtained by our model with the HB MPF product in different Arctic sea areas.

Fig. 6. Correlation between the MPF retrieved by our model and the actual MPF (a); Correlation between the HB MPF and the actual MPF (b).

September SIE, we standardized the two, that is, scaled to between − 1
and 1. Fig. 10b shows the relationship between the normalized MPF
after de-trending and the normalized September SIE, revealing that the
two are negatively correlated, with a correlation coefficient of − 0.54.

Table 2
Comparison between different types of MPF.
MPF (R, RMSE)

NSIDC MPF

Webster-NSIDC MPF

HB MPF

Our MPF
HB MPF

0.80, 5.4%
0.53, 10.7%

0.88, 3.7%
0.82, 5.0%

0.62, 5.9%
–

3.3. Early summer MPF linked to September sea ice anomalies

MPF exhibited a trend of fluctuating decline. Part of the reason for this
negative trend may be that the increase of thin ice and porous ice has
reduced the melt water carrying capacity of the melt ponds, thereby
reducing the MPF (Zhang et al., 2018). Specifically, the MPF value was
high in 2004, 2005, 2006, and 2007; whereas, it was low in 2014 and
2017. In most cases, the high value of MPF always corresponds to the
low value of September SIE, which indicates that there is a negative
correlation between MPF and September SIE. We first de-trend the MPF
and September SIE, and then pay attention to the fluctuation charac
teristics of the data. To facilitate the comparison between MPF and

We used EOF to extract temporal and spatial distribution charac
teristics of Arctic September sea ice anomalies. Fig. 11 presents the first
modal spatial distribution of September sea ice anomalies during
2004–2017 and its PCs, with a SCF (squared covariance number) of
0.26. Fig. 11a shows the spatial distribution characteristics of the first
mode, revealing strong positive signals in parts of the Eastern Siberian
Sea, the Chukchi Sea, the Beaufort Sea, and part of the Canadian Arctic
Archipelago – an indication that the sea ice in these areas changed
drastically during 2004–2017. Fig. 11b presents the PCs of the first
mode, exhibiting a downward trend. From Fig. 11, it can be concluded
6
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Fig. 7. Spatial distribution characteristics of Arctic melt ponds with 12.5-km resolution from May 8 - August 5 during 2004–2017.

that the reduction of September sea ice during 2004–2017 was
concentrated in those areas having strong positive signals. Furthermore,
the PCs of mode 1 showed a very strong correlation with the September
SIE, with a correlation coefficient of 0.87; whereas, the PCs of mode 2
exhibited a very weak correlation with the September SIE anomalies,
with a correlation coefficient of − 0.34.
To determine the distribution characteristics of the MPF related to
September sea ice anomalies, we calculated the correlation coefficient
among PCs1 and June, July, May 8 - August 5, and June - July MPF.
Prior to the correlation analysis, all data were detrended. Because the
monthly average MPF in May and PCs1 showed only a very sparse
correlation distribution (>90% confidence level), this is not plotted it in
the figure. Liu et al. (2015) used the HB MPF products to calculate the
relationship between May MPF and September SIE, and found that the
correlation between MPF in May and the September SIE was markedly
weak.
Fig. 12 shows the correlation coefficient distribution of MPF and
PCs1 during different periods, in which colored areas passed the t-test
with a confidence level of 95%. MPF and PCs1 exhibited a mainly
negative correlation. In June, the negatively correlated areas were
concentrated primarily near the Beaufort Sea and the Canadian Arctic,
with other areas of negative correlation near the Canadian Arctic Ar
chipelago (Fig. 12a). By July (Fig. 12b), the relevant area moved east
ward, to the Beaufort Sea. Further expanding the time series to May 8 -

August 5 (Fig. 12c), the MPF distribution related to the PCs1 was
concentrated largely in the Beaufort Sea, the Chukchi Sea, and the East
Siberia Sea. The distribution characteristics of the correlation coefficient
between the MPF in June - July and PCs1 showed that the negative
correlation areas were concentrated near the Beaufort Sea and the Ca
nadian Arctic (Fig. 12d).
Based on the spatial distribution characteristics of the correlation
coefficients in Fig. 12, we extracted the MPF anomalies with a confi
dence level of 99%, as shown in Fig. 13. Regression analysis was also
performed with the September SIE anomalies after detrending.
Fig. 13 illustrates shows the relationship between the extracted MPF
anomalies and the September SIE anomalies, revealing a very strong
negative correlation between them. Specifically, the MPF anomalies
from May 8 - August 5 had a maximum R2 value of 0.904 and minimum
RMSE of 0.19*106 km2 (see Table 3), demonstrating that our model is
superior to previous models, such as at R2 of 0.882 and RMSE of 0.32 ×
106 km2 (Williams et al., 2016). Accordingly, it is feasible to utilize MPF
anomalies to predict the September SIE anomalies.
Table 3 compares the results of our regression with the actual
September SIE anomalies, showing that our predicted results are close to
the actual September SIE anomalies. Moreover, the prediction result
using MPF anomalies from May 8 - August 5 is the closest to the actual
September SIE anomalies, with an RMSE of 0.19.
The MPF having a confidence level of 99%, during May 8 - August 5,
7
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Fig. 8. Average MPF distribution characteristics between May 8 – August 5 (a), in May (b), in June (c), and in July (d).

Fig. 9. Average MPF trend from May 8 - August 5 from 2004 to 2017 (a); average RMPF trend from May 8 - August 5 from 2004 to 2017 (b).

Fig. 10. Interannual change characteristics of MPF from May 8 - August 5 during 2004–2017 (a); relationship between normalized MPF and normalized September
SIE, in which data were de-trended (b).

8

J. Feng et al.

International Journal of Applied Earth Observations and Geoinformation 98 (2021) 102297

Fig. 11. Spatial distribution characteristics of the first mode of September sea ice anomalies (a); principal component time series of the first mode of September sea
ice anomalies (b).

Fig. 12. Correlation coefficient distribution between PCs1 and MPF in June (a), July (b), May 8 - August 5 (c), June - July (d). The colored regions passed the t-test
with a confidence level of 95%. All of the data have been detrended.

was detrended and normalized as the MPF index. Fig. 14 shows the MPF
index. Specifically, there was a low MPF index in 2004, 2009, 2013, and
2014; whereas, there was a high MPF index in 2007 and 2012.
It is generally believed that the decrease in Arctic September SIE in
the past few decades is due to the increase in planetary-scale atmo
spheric temperature and the response to atmospheric circulation (Ser
reze et al., 2016; Olonscheck et al., 2019). Fig. 15a presents the
correlation coefficient distribution between the MPF index and the
Arctic sea-level pressure (SLP) from June - July. The black contour
passes the t-test with a confidence level of 90%. The figure shows
negative phase AO characteristics. Obvious negative phase AO charac
teristics can also be observed in the high MPF index years (Fig. 15b).
When negative AO occurs in early summer, the wind field over the Arctic
exhibited strong anticyclone characteristics. On the one hand, this will
cause sea ice in the Beaufort Sea, the Chukchi Sea, and the East Siberian

Sea to move to warm water in the east. On the other hand, it will also
cause the sea ice in the marginal sea to move to the Arctic Central Sea,
which is beneficial to September sea ice loss (Ogi et al., 2016; Wu and
Yang, 2016; Rigor et al., 2002). However, when we calculated the cor
relation between the AO index of de-trended data from 2004 to 2017
and September SIE, the correlation between the two was found to be
very low (R = 0.4), potentially ascribed to increased local temperatures
in the Arctic (Ogi et al., 2016).
Fig. 16a illustrates the correlation coefficient distribution between
the MPF index and the September 2-m air temperature. The color area
passed the t-test with a 95% confidence level. Before calculation, all data
were de-trended. The MPF index is positively correlated with the Arctic
temperature in September, with relevant areas concentrated in the
Chukchi Sea and the Eastern Siberian Sea – notably similar to the cor
relation coefficient distribution between the September SIE and the
9
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Fig. 13. Regression analysis between the September SIE anomalies and the average MPF anomalies in June (a), July (b), May 8 - August 5 (c), and June - July (d).

temperature and the September SIE anomalies is negative, with a cor
relation coefficient of − 0.76.

Table 3
Comparison between our results and true SIE anomalies in September.
MPF

R2

RMSE (106 km2)

June
July
May 8-August 5
June-July

0.88
0.89
0.90
0.81

0.21
0.20
0.19
0.28

4. Discussion
Previous studies have shown that, when the Arctic sea ice extent
decreases in September, Eurasia has a low temperature in winter. This is
because the reduction in sea ice extent in September triggered a sta
tionary Rossby wave, which amplified the Siberian high (SH) and in turn
led to the transport of cold air to Eurasia (Honda et al., 2009; Zuo et al.,
2016). Due to the limitations of observation methods, it has been chal
lenging to achieve long-term and large-scale observations of melt ponds
in previous studies. Using our melt ponds data, however, we found that
the increased melt ponds in early summer influenced the winter
(January) air temperatures in northern China (see Fig. 17). This suggests
that when the melt ponds in early summer increased, the air tempera
ture in these areas decreased at about R 0f 0.60 as shown in Fig. 17. More
details should be investigated using more local data observations.
We extracted the winter air temperature in north China and calcu
lated the correlation coefficient with the MPF (from May 8 to August 5).
It can be seen From Fig. 18a that the MPF related to winter air tem
perature in north China is mainly concentrated in the marginal sea area,
from Baffin Bay to the East Siberian Sea showing a circular distribution.
Then we extracted the time series of MPF in the negative correlation area
in Fig. 18 a and performed normalization and detrend processing.
Fig. 18 b shows the relationship between MPF and air temperature in
North China after standardization and detrending. The two show a very
strong negative correlation. This shows that it is feasible to use the MPF
to predict the air temperature in northeastern China.
Several novelties were found in this study. Firstly, compared with HB
MPF at 12.5-km (R = 0.82 and root mean square error (RMSE) = 5.0%),
taking advantage of field observation data to calculate the MPF distri
bution of the Arctic achieves a higher correlation coefficient (R = 0.88)
and a lower RMSE = 3.7%) in the actual data. Secondly, the distribution
characteristics of melt ponds related to the anomaly of the sea ice extent

Fig. 14. Normalized MPF index. The data were de-trended.

September 2-m air temperature (Fig. 16b). When the MPF index is
elevated in these areas, the albedo of sea ice will decrease, air temper
ature will rise, and the open waters of the Eastern Siberian and Chukchi
Seas will become larger, so that it absorbs more heat in the summer,
accelerating the melting of September sea ice (Barber et al., 2015).
We also calculated the September air temperature in the East Sibe
rian and Chukchi Seas. The correlation between the September air
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Fig. 15. Correlation coefficient distribution between MPF index and Arctic June - July SLP (sea-level pressure) (a); Arctic June - July SLP anomalies in high MPF
index years (b). Black contour lines passed the t-test with a confidence level of 90%.

Fig. 16. Correlation coefficient distribution between September 2 m air temperature and MPF index (a) and September SIE (b). The colored regions passed the t-test
with a confidence level of 95%. All of the data have been detrended. (For interpretation of the references to color in this figure legend, the reader is referred to the
web version of this article.)

the air temperatures in northern China decreased.
However, due to the difficulty in obtaining long-term and large-scale
MPF data in the past (HB MPF only lasts until 2011), the limitation of
this study is that analysis on the early summer melt ponds and the im
pacts of the melt ponds on the climate in Europe and Asian regions were
not analyzed yet.
5. Conclusions
Quantitative analysis of the distribution characteristics of the melt
ponds is helpful to understand the role of sea ice in the Arctic amplifi
cation effect and climate change in the northern hemisphere. Currently,
long-term distribution characteristics of melt pools are mainly derived
from model melt ponds, while only large-scale observations can truly
show the changes in Arctic MPF during at least one melting period.
Therefore, it is very important to apply satellite remote sensing images
to observe the changes in the melt ponds.
In this study, we combined high-resolution visible images to extract
the Arctic MPF using MODIS images. By comparing with HB MPF, there
is a higher correlation coefficient and lower RMSE between the MPF
calculated by our model and the MPF extracted from the high-resolution
visible light image. Our MPF model produced a lower RMSE of 3.7% in a
12.5 km grid than that achieved with the HB’s results at RMSE of 5.0%,
reduced by constituting a reduction of about 1.3%, compared with the

Fig. 17. Correlation coefficient distribution between the MPF index and China
winter air temperature. The colored regions passed the t-test with a confidence
level of 90%. All of the data have been detrended. (For interpretation of the
references to color in this figure legend, the reader is referred to the web
version of this article.)

in September were analyzed, and their possible connections were
explained. Thirdly, the reduction of sea ice extent in September will
lower the temperature in Eurasia and northern China. Our results indi
cated that when the melt ponds of the Arctic in early summer increased,
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Fig. 18. The correlation coefficient distribution between northern China air temperature and MPF (a). The relationship between MPF and air temperature in North
China after standardization and detrending (b).
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Rösel, A., Kaleschke, L., Birnbaum, G., 2012. Melt ponds on Arctic sea ice determined
from MODIS satellite data using an artificial neural network. The Cryosphere, 6, 2
(2012-04-03), 6(2):431-446.
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