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Abstract: With the ever increasing importance of understanding climate change and the limitations 14 

associated with collecting data in the polar regions, it is critical to maximize the utility of satellite 15 
observations of critical structures such as sea ice. Accurate sea ice maps play a significant role in 16 
climate models for the region and provide initial conditions for weather models. An increase in their 17 
accuracy and spatial resolution would therefore have a broad impact. In addition, many of the 18 
current sea ice products interactively integrate observations from multiple instruments and 19 

platforms through the extensive time and effort of human operators. To facilitate that effort, this 20 
work presents a fully automated Microwave/Imager Sea Ice Classifier (MISIC) algorithm that 21 
integrates imagery obtained from optical instruments onboard polar orbiting platforms, such as the 22 
Moderate Resolution Imaging Spectroradiometer (MODIS) from the Aqua and Terra satellites, the 23 

Visible Infrared Imaging Radiometer Suite (VIIRS) from the Suomi National Polar-orbiting 24 
Partnership (S-NPP), with data from passive microwave sensors such as the Advanced Microwave 25 
Scanning Radiometer 2 (AMSR-2) from the Japanese GCOM-W1, to produce cloud-free daily sea ice 26 
maps at the maximum available spatial resolution. Our evaluation shows that the algorithm 27 
performs with high accuracy on a single imager observation level and is consistent with current 28 

state of the art products on a daily map level. The algorithm may be used directly as a high quality 29 
fused imager/microwave product at the daily or per overpass level or as an input to interactive 30 
algorithms, dramatically reducing the imagery operators need to review. 31 

Keywords: sea-ice extent; multi-sensor fusion; visible, infrared, passive microwave instruments; 32 

Arctic; Antarctic; MODIS; VIIRS; AMSR-2;  33 

 34 

1. Introduction  35 

Sea ice cover is both an important indicator and a critical factor in Earth's climate and weather 36 

system. The overall distribution of sea ice in the Arctic and Antarctic regions has a significant impact 37 
on water management, transportation, weather forecasting, and climate change studies. It affects 38 
atmosphere-ocean energy exchange by modulating the physical and optical properties of the ocean 39 
surface [1]. The character and distribution of sea ice affects the thermohaline structure and the fresh 40 
water balance of the ocean. Thus in understanding both ocean and atmosphere it is critical to monitor 41 

ice cover distribution, seasonal variability and long-term trends. These trends in the polar region may 42 
be studied through parameters such as the position of the sea ice front, total ice extent, ice 43 
concentration and thickness [2-7]. These parameters are widely viewed as major indicators of climate 44 
variability and change. In addition to their use for understanding and monitoring the climate, sea ice 45 
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extent and concentration are key inputs to numerical weather prediction (NWP) models operated by 46 
National Centers for Environmental Prediction (NCEP) of NOAA National Weather Service (NWS).  47 

Despite several currently available automated satellite-based ice cover datasets, analysts at 48 
National Ice Center (NIC) tend to rely on original satellite imagery from optical, passive microwave 49 
and active microwave sensors in their daily interactive analysis. This is primarily due to the fact that 50 
different instruments have different strengths and weaknesses with respect to ice retrievals and there 51 
is no automated algorithm compatible with interactive sea ice analysis that integrates the 52 

observations from instruments of various types which fully preserves the complementary 53 
information available from each instrument type. Such algorithm would unequivocally facilitate the 54 
work of human ice analysts and would result in more accurate ice products including ice extent,  55 
edge and type. In this paper we present an algorithm that, first, extracts maximum information on 56 
the sea ice cover (including observations made over semitransparent clouds) from matching the 57 

classification results obtained from optical and microwave observations independently and then 58 
fuses these results in an optimal way. Heterogeneous observations from optical and microwave 59 
sensors are combined to produce an enhanced high resolution, gap free daily ice extent product. 60 
Unlike approaches which simply use courser resolution microwave when clouds are present, our 61 

algorithm extracts surface information through thin and moderate clouds preserving information 62 
available in high resolution optical imagers whenever possible.  63 

2. Background  64 

To facilitate the description of the algorithm and provide some background for its motivation 65 
we will first summarize the current sea ice datasets and approaches for the passive microwave and 66 

imager instruments. 67 
Passive Microwave: Sea ice can be studied using satellite observations in the microwave 68 

portions of the electromagnetic spectrum [8]. This is because at these frequencies, the dialectic 69 
permittivity of seawater is many times larger than that of ice, resulting in distinct polarizations, as 70 
well as intensity and directional scattering properties that allow the effective separation of sea surface 71 

types [9]. As a result, a large array of passive microwave instruments aboard various polar-orbiting 72 
satellites have been used to generate sea ice products for decades. For instance, products have been 73 
based on the two most commonly used algorithms to compute sea ice concentration using passive 74 
microwave data, the NASA Team (NT) algorithm [10] and the Bootstrap (BS) algorithm [11, 12]. Both 75 

of these algorithms utilize a brightness temperature difference (TBD) at varying polarizations and 76 
frequencies to define a linear function that retrieves the sea ice concentration value. More details on 77 
these algorithms and their comparison can be found in [13] and the references therein.  78 

Passive microwave products provide some of the most comprehensive large scale 79 
characterizations of global ice cover due to their all-weather capability and high temporal coverage. 80 

The main drawback of these products, however, is their relatively low spatial resolution. For 81 
example, products derived from the Special Sensor Microwave/Imager (SSM/I) onboard the Defense 82 
Meteorological Satellite Program (DMSP) F8, F11 and F13 satellites have a spatial grid cell size of 25 83 
km × 25 km [14]. Products derived from the Advanced Microwave Scanning Radiometer 2 (AMSR2) 84 
onboard the Japanese Global Change Observation Mission 1st (GCOM-W1) satellite have a spatial 85 

grid cell size of 12.5 km × 12.5 km [12]. In contrast to the low resolution passive microwave 86 
instruments, active microwave instruments such as the space borne synthetic aperture radar (SAR) 87 
can provide high resolution, all-weather observations [15], however they lack in spatial coverage and 88 
temporal frequency. 89 

Imager: Remote sensing data from the visible and infrared wavelengths are also commonly used 90 

for sea ice detection [16]. A specific spectral feature of ice, namely a sharp drop of the ice reflectance 91 
from high values in the visible spectral bands to very low values in the shortwave and in the middle 92 
infrared distinguishes ice from ice free water and most types of clouds and thus allows for automated 93 
identification of snow and ice in the satellite imagery and for generation of snow and ice maps. A 94 

number of automated algorithms to identify and map ice cover have been developed for observations 95 
made with optical sensors onboard both polar orbiting and geostationary satellites (e.g, [17] and [18]). 96 
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The algorithm to identify ice is similar to the one for snow [19] and uses MODIS observations in the 97 
visible, near infrared, shortwave infrared and infrared spectral bands. Due to clouds occluding the 98 

surface and the inability to properly identify ice at night, daily ice products have gaps in the area 99 
coverage. 100 

Although the baseline MODIS sea ice identification algorithm (hereafter “IceMap”) [20] utilizes 101 
observations in several spectral bands ranging from visible to far infrared, the primary feature used 102 
to distinguish between ice and open water is the Normalized Difference Snow Index (NDSI). The 103 

NDSI is defined as the normalized ratio of reflectance observed in MODIS band 4 (centered at about 104 
0.55µm, R4) and in band 6 (1.6µm, R6), NDSI = (R4-R6)/(R4+R6) [20]. Sea ice detection is achieved 105 
through a two-step sequential procedure. The first step is a set of grouped criteria tests for sea ice 106 
reflectance characteristics in the visible and near-infrared regions. Criteria for sea ice are: 1) NDSI 107 
greater than 0.4; 2) visible reflectance band 2 (0.86µm) greater than 0.11 and band 1 (0.65µm) greater 108 

than 0.10. A pixel that passes this group of criteria tests is identified as sea ice in this step. The second 109 
step utilizes brightness temperatures from emissive bands 31 (11.03µm) and 32 (12.02µm) to compute 110 
Ice Surface Temperature (IST) [21] values. If a pixel was identified as ice in the first step and its IST is 111 
less than 271.4°K, it is classified as ice, otherwise it is classified as water.  112 

Accurate identification of cloud-contaminated pixels in the satellite imagery is a critical step in 113 
the automated ice cover mapping as well as in all satellite-based land surface and ocean applications. 114 
The existing NASA MODIS data processing system incorporates a global cloud identification 115 
algorithm, which may not perform in an optimal way over polar regions. Often, clouds will be falsely 116 
interpreted as ice by imager cloud classification algorithms. In other cases, the erroneous 117 

interpretation of the cloud clear scenes as cloudy results in reduced ice product coverage and limits 118 
the ability to track temporal changes in the ice cover distribution. Estimates reported in [22] show 119 
that the current MODIS cloud mask overestimates the cloud amount over polar areas. This 120 
assessment generally agrees with the results of our qualitative analysis of the cloud mask 121 
incorporated in the MODIS ice product. Besides the fact that the existing cloud-screening needs 122 

improvement, the semitransparent clouds very often allow for discriminating between ice and water. 123 
Thus, developing of an algorithm to identify ice cover underneath thin clouds would allow for 124 
expanding the effective area coverage of the ice cover maps and hence for a more accurate and 125 
detailed delineation of the of the ice edge. 126 

Cloud-caused gaps in the area coverage are not the only issue inherent to MODIS cryosphere 127 
products. The extent of ice in the areas of broken ice is typically overestimated. The ice identification 128 
algorithm often fails to properly discriminate ice from ice-free water, especially where poor solar 129 
illumination conditions dramatically reduce the accuracy of the optical imager product. 130 

Given the limitations of optical and microwave instruments, developing ice products that 131 

integrate sensors is an important area of open research [23]. Currently the most widely used 132 
multisensor ice product is produced by the Interactive Multisensor Snow and Ice Mapping System 133 
(IMS) operated by the National Ice Center (NIC) [24, 25, 26]. IMS is operated by trained analysts who 134 
produce a daily digital product utilizing Geographic Information System technology and 135 
incorporating a variety of, and an ongoing expansion of, technological capabilities as well as sources 136 

of information. IMS produces estimates of snow and sea ice extent across the globe every day, 137 
regardless of the presence of clouds. This is possible primarily for two reasons. First, analysts 138 
supplement visible and near infrared imagery with many other sources of information such as 139 
passive microwave and active radar data. Second, because IMS analysts use a temporal sequence of 140 

images over recent days, they can integrate of information from both spatial and temporal 141 
perspectives. Thus, a key feature of the IMS product is that human judgment as to which data sources 142 
are most reliable in different conditions and regions, and as to the final evaluation of where sea ice 143 
is, remains an integral part of the process, and one of the strengths of the IMS product. However, 144 
manual sea ice mapping drawn by humans, is a subjective, labor intensive and time consuming 145 

procedure, that is not easily scalable as satellite resolution increases.  146 
Another example of an integrated product is the Multisensor Analyzed Sea Ice Extent – AMSR2 147 

(MASAM2) product. This product uses the microwave sea ice concentration product derived from 148 
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AMSR2 at concentration greater than or equal to 70% as a basis, and then integrates the sea ice edge 149 
from the IMS daily product to construct a high concentration ice product with a more accurate ice 150 

edge [27]. Although this product does improve on some of the drawbacks, it is still lacking in 151 
resolution and the manual labor associated with the IMS product. Thus the need for an automated 152 
product with the coverage of passive microwave but preserving the high resolution of optical data, 153 
in the presence of thin clouds, remains. 154 

3. Algorithm 155 

The algorithm we propose to generate cloud-free region based gridded daily ice maps has two 156 
parts: 157 

A. Generate an ice map on a per imager overpass basis, for the region in question, by 158 
supplementing imager reflectance data with microwave observations closest in time.  159 

B. Combine ice maps from individual imager overpasses in an optimal way, resulting in an 160 

enhanced, high resolution, cloud gap free daily ice extent product. 161 

We note that part A results in a per imager overpass product which is valuable in its own right. 162 
When visibility allows for it, multiple passes can reveal ice movement and rapidly changing 163 
conditions. The detailed procedure of per imager overpass labelling is described in section 3.1. Part 164 

B (combining individual imager overpass labels into a daily product) is described in section 3.2. 165 

3.1. Imager overpass classification 166 

In what follows, we will first outline the main steps in part A of the algorithm and then discuss 167 
the rationale and implementation of each step in greater detail. The algorithm relies on re-gridded 168 
imager and microwave overpasses for a predetermined geographic region and consists of 3 main 169 

steps: 170 

 Step A1. Extracts maximum information on the sea ice cover from a single pass of one of the 171 

imaging instruments VIIRS and MODIS, including regions covered by thin, semitransparent 172 
clouds; 173 

 Step A2. Supplements classification by the microwave measurements, resulting in 5 intermediate 174 

classes: 175 

1) ice-free water, 176 
2) sea ice, 177 
3) water under thick clouds, 178 

4) ice under thick clouds, 179 
5) undetermined class (insufficient information); 180 

  Step A3. Generates (per imager overpass) a supervised classifier, using labels from Step A2 as a 181 

training set in an experimentally derived feature space constructed from reflective, shortwave IR 182 
and thermal bands centered around 0.46nm, 0.64nm, 0.86nm, 1.24nm, 1.6nm, 11nm and 12nm 183 

from the imager instrument as well as polarization and gradient ratios of 18 and 36 GHz 184 
radiometer channels of the microwave instrument; 185 
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 186 

Figure 1. Block diagram of imager overpass classification. 187 

The block diagram in Figure 1, shows the main components of the imager overpass labelling 188 

procedure. Steps A1-A3 are shaded in light grey as they consist of multiple block elements. The data 189 
flow is outlined by the input/output arrows.  190 

Step A1 takes, as input, the imager data alone. Using a specially designed 3 dimensional feature 191 
space that suppresses thin clouds and amplifies the discrimination between open water and ice, three 192 

feature images are produced which summarize the imager input. In step A2 the data from the imager 193 
and microwave inputs is combined to confidently identify the five sets of class labels – ice, ice-free 194 
water, ice under cloud, ice-free water under cloud, and leads and shadows. These class labels are 195 
then used in step A3 as training data masks to fit a scene specific linear classification model that is 196 
based on features from both imager and passive microwave data. In the same step this classification 197 

model is then used to classify any pixels that remain unlabeled. The output of Step A3 is an array of 198 
labels classifying each pixel in the scene.  199 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 

Figure 2. All images obtained for January 16, 2016 over the western coast of the Ross Sea region. (a) 200 
VIIRS RGB at 11:37UTC; (b) Feature Space of Step A1 represented as a false color; (c) AMSR-2 L2 Sea 201 
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Ice Concentration product at 09:35UTC; (d) VIIRS L2 Cloud Mask at 11:37UTC used in the Ice 202 
Concentration intermediate product (IVIIC) with green: cloud, gray: clear-sky and white: land; (e) 203 
Training Labels (output of Step A2) and (f) Imager overpass labels (output of Step A3) with red: ice, 204 
blue: water, orange: ice under cloud, green: water under cloud, gray: unclassified, and white: land. 205 

Steps A1-A3 are performed for every imager and closest in time complete microwave overpass 206 
set for a given day and gridded region. Figure 2 shows the described Steps for one particular 207 
MODIS/AMSR-2 set. A true color RGB composite is depicted in Figure 2(a) for visual reference with 208 
the coast represented as a red line. Figure 2(b), shows a false color representation of the feature space 209 

mapping performed in Step A1. Note in this representation ice is red and is clearly distinguished 210 
from the cyan and green cloud, despite looking similar in the RGB reference. In addition to the 211 
features from Figure 2(b), the level 2 microwave sea ice concentration, displayed in Figure 2(c), is 212 
passed in as input to Step A2. Note that the microwave information in 2(c) is lower resolution as seen 213 

in the ice (red) but does identify the ice free open water through the clouds (blue). In Figure 2(d) the 214 
cloud mask used to eliminate cloud covered pixels (green) in the VIIRS level 2 sea ice concentration 215 
algorithm is shown to demonstrate the large area identified as cloud, and thus not classified by the 216 
conservative VIIRS algorithm. Figure 2(e) depicts the training labels output by Step A2. The red 217 
regions have been confidently identified as ice, with orange representing ice under cloud. Blue is 218 

open water, green indicates clouds over water, while gray region was not confidently classified. Note 219 
the gray region is largely on boundaries between classes or on the coast. Figure 2(f) displays the final 220 
classification output by Step A3 in which most of the gray regions have been resolved. Areas near the 221 
coast occluded by cloud often remain a problem since microwave is not reliable there. In the following 222 
subsections we describe the detailed implementation of each step of part A in the algorithm. 223 

3.1.1 Non-linear Feature Mapping (Step A1) 224 

We have developed a non-linear mapping function that projects imager albedo from visible, near 225 
infrared and shortwave infrared bands, to a 3D feature space that provides better separation of our 226 
main target classes i.e. ice and water. This is achieved utilizing manually labelled satellite imagery, 227 

by expert analysts from the National Ice Center (NIC). The spectral signatures of each target class 228 
were extracted and used to compute coefficients to a logistic function that maps the input albedo into 229 
a feature whose value is high for the class it was derived for. 230 

The feature mapping function F is a 3D vector valued function on the imager bands Blue 231 
(𝑅0.47µ𝑚), Green (𝑅0.55µm), Red (𝑅0.64µm), Near Infrared (𝑅0.86µm), Shortwave Infrared 1 (𝑅1.24µm) and 232 

Shortwave Infrared 2 (𝑅1.64µm) that we write as: 233 

𝑉𝑅 = [𝑅0.47µ𝑚 , 𝑅0.55µm, 𝑅0.64µm, 𝑅0.86µm, 𝑅1.24µm, 𝑅1.64µm], 234 

a reflectance vector for each pixel in the scene. The feature function 𝐹(𝑉𝑅 ) is then defined as 235 

𝐹(𝑉𝑅) = 𝑓(𝑥) = {
[𝐹𝑟 , 𝐹𝑔 , 𝐹𝑏], (𝑅0.47µ𝑚 − 𝑅0.64µm) > 0.25 𝑎𝑛𝑑 𝐹𝑟 > 0.5

[0,0,0],  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 236 

where 𝐹𝑟 , 𝐹𝑔 , 𝐹𝑏  are three functions of 𝑉𝑅  defined below and the condition (𝑅0.47µ𝑚 − 𝑅0.64µm) >237 

0.25 𝑎𝑛𝑑 𝐹𝑟 > 0.5 is imposed so that 𝐹 does not produce a false value when lighting conditions are 238 
very poor.  239 

The component functions were carefully and empirically constructed through a painstaking 240 

examination of the surface under many lighting, viewing angle, water and sea ice conditions to 241 
disambiguate sea ice and open sea in the presence of clouds, shadows, and leads. To define 𝐹𝑟(𝑉𝑅) , 242 
we first define 𝐹𝑟𝑖𝑛𝑖𝑡

(𝑉𝑅) as 243 

𝐹𝑟𝑖𝑛𝑖𝑡
=  λ[(𝑉𝑅 − 𝑀𝑆) ∙ 𝐴𝑟] 244 

where 𝐴𝑟 = [0,0,0,1, −1,0], 𝜆 = 10, and  245 

𝑀𝑆 = [0.502, 0.308, 0.235, 0.166, 0.067, 0.0250] 246 
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is the mean vector of the shadow class that will be used to additively normalize the data so that 247 
shadows are at the origin. Using 𝐹𝑟𝑖𝑛𝑖𝑡

(𝑉𝑅) we define 𝐹𝑟(𝑉𝑅) as 248 

𝐹𝑟 = 𝜎(𝛼𝑟[(𝐹𝑟𝑖𝑛𝑖𝑡
+ 100𝑦) − 𝛽

𝑟
]) 249 

using sigmoid function 𝜎(𝑢) = (1 + 𝑒−𝑢)−1, with 𝛼𝑟 = 4, 𝛽𝑟 = −0.1 and  250 

𝑦 =  𝑅0.64µm − 0.71(𝑅0.55µm) − 0.29(𝑅0.86µm) + 0.01 251 

The definition of 𝐹𝑟(𝑉𝑅) was crafted as to specifically respond to ice, and agree with current products 252 
such as the MODIS derived NASA sea ice mask.  253 

The second feature 𝐹𝑔 is defined as: 254 

𝐹g =  λ[(𝑉𝑅 − 𝑀𝑆) ∙ 𝐴𝑔] 255 

with weights vector 𝐴𝑟 = [−0.1716, 0.9686, −1.3454 ,0.3948, 0.2857, 0.0265] . This feature is 256 
designed to respond to clouds, with a low value for thin transparent clouds and a high value for thick 257 
opaque clouds.  258 

For the third feature 𝐹𝑏 we initialize the following:  259 

𝐹𝑏𝑖𝑛𝑖𝑡
=  λ[(𝑉𝑅 − 𝑀𝑆) ∙ 𝐴𝑏] 260 

with weights vector 𝐴𝑏 = [−0.5, 1, −1, 0.3, 0, 0]. We then apply the sigmoid function, 261 

𝐹𝑏0
= 𝜎(𝛼𝑏(𝐹𝑏𝑖𝑛𝑖𝑡

− 𝛽
𝑟
)) 262 

with constants 𝛼𝑏 = 10 and 𝛽𝑏 = 0.4. We then define, 263 

𝑤 = 𝐹𝑟 + 0.38𝐹𝑏0

2 − 0.78𝐹𝑏0
− 0.1 264 

Finally, we define 𝐹𝑏 as: 265 

𝐹𝑏 = {
1, 𝑤 < 0
0, 𝑤 ≥ 0

 266 

This feature is designed to respond to water, with the value 1 where the imager data suggests water 267 
is present and 0 otherwise.   268 

3.1.2 Imager/Microwave Confident Labelling (Step A2) 269 

We have designed an automated logic based procedure, which combines information about the 270 
surface conditions from the passive microwave and imager observations, to label a subset of pixels 271 

in the scene into five confident classes: ice, ice-free water, ice under cloud, ice-free water under cloud, 272 
and leads and shadows. This confident labeling will later be used to fit an automatic classifier to label 273 
any remaining unlabeled pixels in the scene. A geographic reference grid is defined for the scene at 274 
the approximate resolution of the imager, to make it possible to fuse imager data with the passive 275 
microwave data. The procedure begins by first examining the passive microwave L2 Sea Ice 276 

Concentration Product: 277 

 Training regions from microwave L2 Sea Ice Concentration Product 278 

In this step we take advantage of passive microwave’s ability to provide cloud-free surface 279 
information in the scene by extracting regions classified as “microwave ice” or “microwave water”. 280 

Since passive microwave data is known to have issues due to its coarse resolution, we only consider 281 
pixels away from the ice edge and land border. Figure 3(a) shows an example of the regions identified 282 
in this step with water(blue), ice(red), unused(gray) and land(white). 283 

To initialize our algorithm, we identify locations 𝑝 = (𝑙𝑜𝑛, 𝑙𝑎𝑡), that fall into “microwave ice” 284 
and “microwave water” training regions, denoted by 𝑍𝑀𝐼 and 𝑍𝑀𝑊 respectively, based on the L2 285 

passive microwave sea ice concentration product. To define these regions, we first use a geographic 286 
reference to partition the grid cells in the scene into land and ocean sets, denoted by 𝑍𝐿  and 𝑍𝑂 287 
respectively. We want to exclude pixels, which may be near land or the boundary between ice and 288 
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water. In both these cases the microwave ice concentration product is less accurate. So we can first 289 
define an exclusion region 𝑍𝐸 as 290 

𝑍𝐸 = {𝑞 ∈ 𝑍𝑂| 𝑓(𝑞) ≥ 𝜇𝑙}  ∪ 𝑍𝐿 291 

with 𝑓(𝑞) being the microwave sea ice concentration value at location 𝑞 and 𝜇𝑙 = 0.1, representing 292 
ice concentration of 10%, is determined empirically. The region of microwave confident water (𝑍𝑀𝑊) 293 
is then defined as points far from 𝑍𝐸 that have low concentration value: 294 

𝑍𝑀𝑊 = {𝑝 ∈ 𝑍𝑂| 𝑑(𝑝, 𝑞) > 𝛿, 𝑞 ∈ 𝑍𝐸 , 𝑓(𝑝) < 𝜇𝑙}, 295 

where 𝑑(𝑝, 𝑞) is the distance measure between the locations p and q, and δ is the minimum allowable 296 
distance to the exclusion region 𝑍𝐸 that is empirically determined. In practice 𝑍𝐸 defines a binary 297 
exclusion image mask (binary image) that is 1 for grid cells in the region and 0 outside. Similarly, the 298 
𝑍𝑀𝑊 mask is the result of the binary "AND" operation between the inequality defining low sea ice 299 
concentration and the negation mask of a dilation of the binary exclusion image mask using a 61x61 300 

window (which is essentially δ). 301 
Using the same methodology, the microwave confident ice mask can be defined as  302 

𝑍𝑀𝐼 = {𝑝 ∈ 𝑍𝑂| 𝑑(𝑝, 𝑞) > 𝛿, 𝑞 ∈ 𝑍𝐸 , 𝑓(𝑝) > 𝜇ℎ}, 303 

where 𝜇ℎ = 0.8, representing ice concentration of 80%, is determined empirically. Here the 𝑍𝑀𝐼 304 

mask is the result of an erosion of the binary mask that results from the inequality defining high sea 305 
ice concentration using a 61x61 window. 306 

 Merging confident imager and microwave labelling 307 

In this step we utilize the microwave derived training regions, in conjunction with our imager 308 
derived features and reflectance, to identify confident class labels for a subset of locations in the scene. 309 

The five target classes we for which will assign confident labels are: ice, water, ice under cloud, water 310 
under cloud and leads/shadows. If 𝑉𝑅(𝑝) is the imager reflectance vector above at a grid cell 𝑝 , and 311 
using our imager feature map 𝐹, then define from our image 𝑟(𝑝) = 𝐹𝑟 (𝑉𝑅 (𝑝)), 𝑔(𝑝) = 𝐹𝑔  (𝑉𝑅(𝑝)), 312 

𝑏(𝑝) = 𝐹𝑏 (𝑉𝑅(𝑝)). With this notation, we identify confident labels for the ice class, as determined by 313 
the imager, using a box in our feature space as: 314 

𝑟(𝑝) ≥ 𝜃𝐼,𝑅 , 𝑔(𝑝) ≤ 𝜃𝐼,𝐺 , 𝑏(𝑝) < 𝜃𝐼,𝐵  315 

with ice thresholds (𝜃𝐼,𝑅 , 𝜃𝐼,𝐺 , 𝜃𝐼,𝐵) = (0.7, 0.5, 0.5), again, determined empirically. As previously 316 

mentioned, the intuition is that the feature space was chosen so that pixels with a strong r response 317 
are ice, as described above. 318 

While there is some variability in the feature space, these thresholds are reliably associated with 319 
ice across granules, particularly when considered together with the microwave data. Those grid cells 320 
that are in the imager feature space box defined by these thresholds and which reside in the 321 
microwave confident ice region (𝑍𝑀𝐼) are considered confident ice 𝑍𝐼0

: 322 

𝑍𝐼0
= {𝑝 ∈ 𝑍𝑂| 𝑝 ∈ 𝑍𝑀𝐼 , 𝑟(𝑝) ≥ 𝜃𝐼,𝑅 , 𝑔(𝑝) ≤ 𝜃𝐼,𝐺 , 𝑏(𝑝) < 𝜃𝐼,𝐵}. 323 

These pixels have a high r response in the feature space and relatively low g and 𝑏 response by 324 
design to give the known classes the appropriate visual identification. For locations with relatively 325 
high r  and g  response, due to the presence of thick clouds, that also fall into the microwave 326 
confident ice region, we define an ice under cloud class 𝑍𝐼1

: 327 

𝑍𝐼1
= {𝑝 ∈ 𝑍𝑂| 𝑝 ∈ 𝑍𝑀𝐼 , 𝑟(𝑝) ≥ 𝜃𝐼,𝑅 , 𝑔(𝑝) > 𝜃𝐼,𝐺 , 𝑏(𝑝) < 𝜃𝐼,𝐵}, 328 

with feature thresholds (𝜃𝐼,𝑅 , 𝜃𝐼,𝐺 , 𝜃𝐼,𝐵) = (0.7, 0.5, 0.5), determined empirically. 329 

Similarly, we segment points with a high 𝑏 response and low r response that reside inside the 330 
microwave confident water region (𝑍𝑀𝑊) to form a likely water class 𝑍𝑊: 331 

𝑍𝑊 = {𝑝 ∈ 𝑍𝑂| 𝑝 ∈ 𝑍𝑀𝑊, 𝑟(𝑝) < 𝜃𝑊,𝑅 , 𝑏(𝑝) > 𝜃𝑊,𝐵}, 332 
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where the set of water thresholds (𝜃𝑊,𝑅 , 𝜃𝑊,𝐵) = (0.1, 0.5)  are empirically determined. Here the 333 

feature space is engineered so that water is both dark, and b which is the high value of 𝜃𝑊,𝐵. 334 

We further break 𝑍𝑊 into two regions: one for which the reflectance measured at the ~0.64µm 335 

(visible red) band of the imager indicates this region of confident water is clear (or under thin cloud) 336 
𝑍𝑤0

 ( 𝑅0.64𝜇𝑚(𝑝) ≤ 0.3 ) and one for which the indication is a thicker cloud over water 𝑍𝑤1
 337 

(𝑅0.64𝜇𝑚(𝑝) > 0.3). The reason why we use the imager reflectance value as opposed to the g feature, 338 

is because our feature space is designed to suppress clouds. 339 
Lastly, we define a fifth class to account for the presence of leads and shadows over ice which 340 

are visually dark, thus having a low value in all three features and reside in the microwave confident 341 
ice region 𝑍𝐼2

: 342 

𝑍𝐼2
= {𝑝 ∈ 𝑍𝑂| 𝑝 ∈ 𝑍𝑀𝐼 , 𝑟(𝑝) < 𝜃𝑆,𝑅 , 𝑔(𝑝) < 𝜃𝑆,𝐺 , 𝑏(𝑝) < 𝜃𝑆,𝐵} 343 

with feature thresholds (𝜃𝑆,𝑅 , 𝜃𝑆,𝐺 , 𝜃𝑆,𝐵) = (0.1, 0.1, 0.1), determined empirically. 344 

Using the five sets defined above we define an uncertain region 𝑍𝑈: 345 

𝑍𝑈 = 𝑍𝑂 ∖ (𝑍𝑊0
∪ 𝑍𝑊1

∪ 𝑍𝐼0
∪ 𝑍𝐼1

∪ 𝑍𝐼2
) 346 

An example of some of the resulting regions is shown in Figure 3(b). As can be seen, the 347 

uncertain regions (gray) tend to be on the boundaries of clouds, water and ice, and on the coast. 348 

 Nearest neighbor search 349 

In this procedure we maximize the high resolution information available from the imager by 350 
performing a nearest neighbor search with a conservative distance threshold, using a pixel’s feature 351 
vector and spatial location. This procedure is only performed on pixels belonging to the 352 
𝑍𝑊0

(confident water) and 𝑍𝐼0
(confident ice) regions. It results in the expansion of those regions to 353 

pixels that are spatially close and have similar feature vectors. Figure 3(b) shows the training classes 354 
before the nearest neighbor expansion is applied, and Figure 2(e) shows them after. As you can see 355 

there is a significant increase in the amount of “confident ice” (red) pixels in the latter image. To 356 
underline the importance of this procedure we show the resulting output of continuing the process 357 
with and without it, in Figures 2(f) and 3(c) respectively. Note the misclassified pixels on the ice edge 358 
in Figure 3(c), and their correct classification in Figure 2(f).  359 

 
(a) 

 
(b) 

 
(c) 

Figure 3. (a) Passive-microwave derived training regions (red: microwave ice, blue: microwave water, 360 
gray: excluded, white: land); (b) Blended confident labels and (c) LDA labeling without nearest 361 
neighbor expansion with red: ice, blue: water, orange: ice under cloud, green: water under cloud, 362 
gray: unclassified, and white: land. 363 

3.1.3 Per Granule Classification with Linear Discriminant Analysis (Step A3) 364 

In order to resolve areas that have not been identified by step A2 using our conservative 365 
threshold procedure, we fit and then apply an automatic statistical linear classifier to the remaining 366 
pixels i.e. members of the set 𝑍𝑈. The intuition is that the previous step outputs examples of grid cells 367 
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for all classes present in the scene which allows us to fit a statistical model using Linear Discriminant 368 
Analysis (LDA)[28]. The inputs to the classifier are the features derived in Step A1, as well as the two 369 

normalized difference ratios used in producing the standard level 2 passive microwave ice fraction 370 
product (i.e. Polarization Ratio (PR) and Gradient Ratio (GR) as defined in the Bootstrap Algorithm). 371 
This results in a 5-dimensional feature space. Once the model is fit to the training data, it is applied 372 
to assign one of the five target classes across the remaining unknown grid cells in 𝑍𝑈 .  The passive 373 
microwave inputs are directly used, rather than their derived ice concentration, to preserve as much 374 

information as possible for the classification. The final result of this classification is shown in Figure 375 
2(e). 376 

3.2. Daily Compositing 377 

This procedure merges the pre-labeled gridded scene overpasses, using logic that assigns higher 378 
weights to imager-based classification from Step A1 and lower weights to classification involving 379 

microwave observations obtained in the Steps A2 & A3, to obtain a high resolution daily ice extent 380 
product. 381 

Each day there are multiple passes over polar regions from polar orbiting satellites, such as 382 
Aqua, Terra and Suomi-NPP, yielding multiple granules overlapping the same region. Having 383 

multiple granules over the same region is important because cloud cover is a significant problem. 384 
Figure 4(c), exhibits the fraction of cloud obscured overpasses per pixel, derived from the L2 imager 385 
cloud mask for one day. Due to the conservative nature of the imager cloud detection algorithm, a 386 
large percentage of the scene is not classified, due to 100% cloud obstruction for the day in question. 387 
As clouds move between passes, as can be seen in Figures 4(a), 4(b), 4(d), and 4(e), there are more 388 

observations of the surface with clear sky or at least through thin cloud. We now present a method 389 
to aggregate these individual ice masks and provide a daily product that combines all the available 390 
information to achieve the most accurate ice/water mask possible.  391 

 392 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 

Figure 4. All images obtained from December 2nd, 2015 in the Ross Sea. (a) VIIRS at 00:41UTC; (b) 393 
VIIRS at 02:19UTC; (c) Imager overpass L2 cloud cover fraction; (d) VIIRS at 04:02UTC; (e) MODIS 394 
(Terra) at 18:45UTC; (f) MISIC daily sea ice map (red: ice, blue: water). 395 
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Let 𝐿 = {𝑎𝐼, 𝑎𝑊, 𝑎𝐶𝐼, 𝑎𝐶𝑊, 𝑁𝑢𝑙𝑙} be a set of labels that indicate, respectively: 𝑎𝐼-confident ice 396 
(clear sky), 𝑎𝑊 -confident water (clear sky), 𝑎𝐶𝐼 -classified ice (ice under cloud), 𝑎𝐶𝑊 -classified 397 

water (water under cloud) and 𝑁𝑢𝑙𝑙-undecided. If 𝑝 is some location, then a mask is a function so 398 
that 𝑀(𝑝) has a value in L. Let {𝑀1, 𝑀2, … , 𝑀𝐽} the set of masks for individual overpasses for a 399 

given day. The approach for computing the Multi-Instrument Sea Ice Composite (MISIC) product 𝐷 400 
is that we will first consider the confident (clear sky) observations. We will use the majority rule only 401 

amongst these observations to determine ice or water. If it is a tie, and there is at least one observation, 402 
we resolve the tie with a determination of water. If we do not have any clear sky observations than 403 
we will take the majority of the classified ice/water and again use water if it is a tie (assuming at least 404 
one observation). More formally for each grid cell 𝑝 we compute 4 non-negative counts 405 

𝐴𝐼(𝑝) = |{𝑗|𝑀𝑗(𝑝) = 𝑎𝐼1}|, 406 

𝐴𝑊(𝑝) =  |{𝑗|𝑀𝑗(𝑝) = 𝑎𝑊1}|, 407 

𝐴𝐶𝐼(𝑝) =  |{𝑗|𝑀𝑗(𝑝) = 𝑎𝐶𝐼1}|, 408 

𝐴𝐶𝑊(𝑝) =  |{𝑗|𝑀𝑗(𝑝) = 𝑎𝐶𝑊1}|, 409 

and |∗| is the cardinality of the set. 410 
For each location, if there are any confident observations, 𝐴𝐼(𝑝) +  𝐴𝑊(𝑝) > 0, and if there are 411 

more confident water observations at the grid cell 𝐴𝐼(𝑝) ≤  𝐴𝑊(𝑝), then it is classified as water 412 
𝐷(𝑝) = 𝑏𝑊, where 𝑏𝑊 is the label for water in the daily product. It is classified as ice, 𝐷(𝑝) = 𝑏𝐼 if 413 
𝐴𝑊(𝑝) < 𝐴𝐼(𝑝) where 𝑏𝐼 is the label for ice. If 𝐴𝐼(𝑝) + 𝐴𝑊(𝑝) = 0 but 𝐴𝐶𝐼(𝑝) + 𝐴𝐶𝑊(𝑝) > 0 then 414 
𝐷(𝑝) = 𝑏𝑤  if 𝐴𝐶𝐼(𝑝) ≤ 𝐴𝐶𝑊(𝑝) , and 𝐷(𝑝) = 𝑏𝐼  if 𝐴𝐶𝑊(𝑝) < 𝐴𝐶𝐼(𝑝) . Finally, if there are no 415 
observations 𝐷(𝑝) is unassigned. 416 

Figure 5(a) shows the percentage of confident ice observations i.e. 
𝐴𝐼(𝑝)

𝐴𝐼(𝑝)+𝐴𝑊(𝑝)
. Similarly figure 417 

5(b) shows the percentage of cloudy ice observations i.e. 
𝐴𝐶𝐼(𝑝)

𝐴𝐶𝐼(𝑝)+𝐴𝐶𝑊(𝑝)
. Intuitively pixels in 𝐷 418 

classified as ice have a value greater 0.5 in both images and all other ocean pixels are classified as 419 
water.  420 

 
(a) 

 
(b) 

 

Figure 5. MISIC daily product construction steps. green corresponds to pixels not being processed. 421 
(a) Step 1: Percentage of pixels observed as confident ice. (b) Step 2: Percentage of pixels observed as 422 
ice under cloud. 423 

4. Evaluation and Results 424 

In the previous section we have described both an algorithm for producing a sea ice product for 425 
each visible input granule, and an aggregated MISIC daily product. Daily ice products can take 426 
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advantage of cloud movement and multiple granules to provide more opportunities for un-occluded 427 
visible observations of the earth surface. When multiple visible observations of the same portions of 428 

the surface are available, individual granule products provide an opportunity to study ice changes 429 
or motion within a day. We compare both daily and granule based products with those currently 430 
available. 431 

4.1. Granule based Evaluation 432 

We have been evaluating the MISIC product since the summer of 2015. A representative case is 433 

shown in Figure 6 depicting a scene from August 6th, 2015 off the east coast of Greenland. In Figure 434 
6(a) the MISIC three-value feature space is shown in false color created from MODIS (Terra) at 13:40 435 
UTC. In this image, ice (appearing in red in the false color composition) is dominating the scene. A 436 
thicker patch of cloud, shown in green, is visible in the center left with thin cloud over ice in yellow, 437 
and over water in cyan. The corresponding MODIS RGB-color image is shown in Figure 6(b), and 438 

from a Landsat 8 image from the same day at 14:13 UTC in Figure 6(c). In the RGB images (both 439 
Landsat and MODIS) clouds are present but the details of the surface ice and water are readily 440 
apparent. The MISIC granule product, shown in Figure 6(d), captures these high resolution features 441 
through the thin clouds resolving the thicker part of the cloud with the help of supplementary 442 

microwave data. In contrast, both the MODIS IceMap (MOD26) product, and even the Landsat 443 
product, shown in Figure 6(b,c) respectively, are largely obscured by aggressive cloud masks. Where 444 
those products indicate ice or water, we see that the MODIS product lacks much of the detail visible 445 
in both the MISIC product and the Landsat image, particularly center bottom where MODIS 446 
misclassifies mixed water and ice as cloud.  447 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 

Figure 6. All images obtained from August 6th, 2015 in the Greenland Sea. (a) MODIS (Terra) based 448 
Features at 13:40 UTC; (b) MODIS RGB; (c) Landsat 8 RGB at 14:13 UTC; (d) MISIC overpass labels; 449 
(e) MODIS IceMap (MOD29) labels; (f) Landsat 8 Quality Assessment Band labels. 450 

Table 1 shows the statistics of the August 6th, 2015 scene classification, along with 5 other cases. 451 

For all examples the classification of the IceMap and MISIC MODIS-based products are up-sampled 452 
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to the Landsat 8 reference scene and resolution, and the Landsat quality band (which contains 453 
ice/water classification) is used as ground truth for cloud-clear pixels in all products. In all cases 454 

shown, the True Positive Rate (TPR) is superior for the IceMap product while the False Positive Rate 455 
(FPR) is superior in 5/6 cases for MISIC. This is mostly indicative of the IceMap product being more 456 
aggressive in the classification of ice. The over-all accuracy is approximately equal. The important 457 
thing to note here is the percent of pixels IceMap declares as cloud, which are now classified by the 458 
MISIC granule product, shown in the last column. Thus the MISIC product provides a high resolution 459 

accurate classification comparable to the MODIS product, but is able to classify ice and water through 460 
thin cloud at high resolution, and thicker cloud with the aid of supplemental passive microwave.  461 

Date Product TPR FPR ACC Cov. Inc. 

05/25 
MISIC 0.945 0.026 0.961 67.380% 

IceMap 0.957 0.019 0.970 N/A 

08/06 
MISIC 0.896 0.353 0.828 86.725% 

IceMap 0.971 0.579 0.821 N/A 

08/17 
MISIC 0.899 0.197 0.871 75.484% 

IceMap 0.966 0.488 0.836 N/A 

09/11 
MISIC 0.822 0.121 0.834 56.937% 

IceMap 0.975 0.352 0.906 N/A 

09/15 
MISIC 0.886 0.011 0.962 90.954% 

IceMap 0.925 0.016 0.968 N/A 

12/02 
MISIC 0.987 0.351 0.955 89.481% 

IceMap 0.998 0.517 0.950 N/A 

Table 1. Evaluation parameters and their values for 6 examples. 462 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 

Figure 7. Images in a,c,d, and f obtained from MODIS (Terra) on December 2nd, 2015 @ 18:45UTC. 463 
Images in b and e obtained from Landsat 8 at 19:18UTC. (a) MODIS based Features; (b) Landsat 8 464 
RGB; (c) MODIS RGB; (d) MISIC granule labels; (e) Landsat 8 Quality Assessment Band labels; (f) 465 
MODIS IceMap (MOD29) labels. 466 
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(a) 

 
(b) 

Figure 8. Coded comparison between Landsat 8 quality band and (a) IceMap and (b) MISIC. Input 467 
data same as Figure 7.  468 

The last example of Table 1, based on a MODIS (Terra) acquired on December 2nd, 2015 at 18:45 469 
UTC, and Landsat 8 at 19:18 UTC, near the Ross Sea, is shown in Figure 7. Again Figure 7a shows the 470 

MISIC three value false color, clearly showing thin cloud running from the bottom to top through the 471 
left center of the image. The numerous ice floes are clearly identifiable as is obvious from the 472 
corresponding MODIS and Landsat 8 RGB images shown in Figure 7b, c. As in Figure 6 the MISIC 473 
granule product indicates the ice floes as well as the thin cloud, while the IceMap and Landsat 8 474 
products block much of the central image with a cloud mask. A coded comparison of Landsat 8 with 475 

IceMap (Figure 8a), and MISIC granule product (Figure 8b) shows agreement on ice in red, water in 476 
blue and disagreement in green. While both pick up the floe details, again, the IceMap is much more 477 
aggressive in declaring ice as well as leaving thin cloud masked.  478 

Mis-identified clouds are a well-known and frequent problem in the IceMap product as can be 479 
seen in Figure 8 from derived stitched MODIS (Aqua) granules on September 15th, 2015 at 13:10 UTC 480 

and 13:15 UTC. From the RGB shown in Figure 8a it is clear that the swirl in the center is mixed ice, 481 
yet the IceMap declares it cloud while MISIC correctly identifies it. 482 

 
(a) 

 
(b) 

 
(c) 

Figure 9. Images derived from MODIS (Aqua) on September 15th, 2015 at 13:10UTC and 13:15UTC. 483 
(a) MODIS RGB; (b) MODIS IceMap labels; (c) MISIC granule labels. 484 

4.2. Daily Product Evaluation 485 

Overall validation of the daily product over a large region is challenging. There are very limited 486 
and sparse in-situ measurements. Even the notion of daily ground truth is difficult. In particular, it 487 

is possible for ice to move several kilometers over the course of a day, making clear-cut delineation 488 
of ice and water ill defined. Our claim is that our fully automated product is consistent with the best 489 
semi-automated products available. These products include: the Interactive Multisensor Snow and 490 
Ice Mapping System (IMS) produced and hosted by the National Ice Center; the Daily Sea Ice 491 
Concentration Analyses product produced and hosted by the Marine Modeling & Analysis Branch 492 

(MMAB) of the National Centers for Environmental Protection (NCEP); the Global Sea Ice 493 
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Concentration product produced and hosted by the Ocean and Sea Ice Centre at the EUMETSAT 494 
Network of Satellite Application Facilities (OSI SAF); and the Global Daily Ice Edge product 495 

produced by the Canadian Meteorological Center (CMC) and distributed by the NASA Jet Propulsion 496 
Laboratory through the Physical Oceanography Distributed Active Archive Center (PODAAC). 497 

We present the consistency of ice extent for the time series Oct. 1st-15th, 2015 corresponding to 498 
sea ice freeze-up time in the Beaufort Sea. The product comparison results are shown in Figure 10. 499 
The light gray line without dots represents ice extent according to NCEP microwave thresholded at 500 

.5 with the grey shading band showing ice extent corresponding to thresholds between .25 and .75. 501 
We see that most daily ice products including IMS, OSI SAF, CMC and the MISIC presented here, 502 
stay within this band. The NIC product follows the same shape but is much more aggressive in 503 
indicated ice due to its mission requirements. There is a consistent increase in the ice extent over time, 504 
as the sea freezes throughout October. We also see the products converging with the freeze up as the 505 

ice becomes less variable. Whereas, some of the other products tend to be more aggressive at 506 
indicating ice, MISIC has been developed to reveal high resolution ice features which may account 507 
for its generally consistent lower estimate of ice extent.  Still the MISIC daily prediction is able to 508 
automatically achieve an ice extent, consistent with microwave-based products, while maintaining 509 

the higher resolution, outperforming imager-based semi-manually created products.  510 

 511 

Figure 10. Daily product ice fraction comparison of different ice coverage products in the Beaufort Sea region 512 
from 10/1/2015-10/15/2015. MISIC aggregate ice fraction consistent with current operational products. 513 

Imager based products such as IceMap have similar resolution to the MISIC product. Yet 514 
because IceMap uses an aggressive cloud mask, coverage is often limited by the frequent presence of 515 
clouds. For thin and even moderate clouds, the MISIC algorithm does not mask, but instead attempts 516 
to classify the surface through the clouds. This should be contrasted with methods that simply use 517 

microwave whenever any amount of cloud is present. By using any surface visible/infrared data 518 
available, MISIC is able to achieve higher resolution over partly cloud occluded areas than achievable 519 
with microwave. 520 

Figure 11 shows the same period in the Beaufort Sea region used in Figure 10. The area where a 521 
determination of ice vs water, using all the IceMap observation is indicated in Figure 10 as the blue 522 

bar. MISIC is able to also determine ice vs. water in those regions, while in addition MISIC 523 
classification using visible is able to discriminate ice and water though thin cloud at least once during 524 
the day shown in gray. Finally, the red portion shows the area where MISIC falls back to microwave 525 
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to complete the classification. Note that over this period between 60% and 25% of the region was 526 
cloud obscured according to the MODIS cloud mask, but could still be identified using MISIC. 527 

 528 

 529 
Figure 11. Daily product ice fraction comparison in the Beaufort Sea region from 10/1/2015-10/15/2015. 530 

5. Discussion 531 

We have observed that the most challenging case for the MISIC product is a water-ice mixture 532 
during the freezing of new ice and re-melting. One such a case is shown in Figure 12 where (a) is an 533 
RGB Landsat image of a location in the Greenland Sea on September 11th, 2015 where new ice is being 534 

formed. The Landsat mask is shown in (b) with the MISIC granule mask shown in (c). Two details 535 
are shown in (a). In one detail, indicated by the red box at the top, not only is there new ice but the 536 
surface is occluded by small intermittent clouds as is clear from the RGB detail (d). These clouds are 537 
also evident from the MISIC preliminary sure classes shown in (e). In (f) we see that the MISIC daily 538 
product algorithm is effective at combining the available information to make a determination of the 539 

ice water boundary that is consistent with the IceMap product (g) but at higher resolution and over 540 
more of the region. If we consider the bottom detail in (a), whose RGB is show in in (h) we see that 541 
the per granule MISIC is able to correctly identify ICE. However, when combining several passes the 542 
MISIC daily product is unable to make a correct determination (j) and classifies large areas as open 543 

water which are clearly ice even in the low resolution IceMap (k). In addition, much of the detail of 544 
leads and small ice flows are lost in the daily product (j). Part of this is unavoidably due to ice motion 545 
and changes in the ice state over the day. Nevertheless, in future work we will refine the algorithm 546 
to preserve as much of the detail as possible and eliminate some of the confusion from multiple passes 547 
resulting in misclassification. 548 
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Figure 12. All images pertain to Greenland Sea on September 11th, 2015. (a) Landsat 8 RGB at 549 
13:49UTC; (b) Landsat 8 Quality Assessment Band labels; (c) MISIC granule labels; (d) Crop 1 Landsat 550 
8 RGB; (e) Crop 1 Landsat 8 Quality Assessment Band labels; (f) Crop 1 MISIC Granule labels; (g) 551 
Crop 1 MODIS IceMap (MOD29) labels; (h) Crop 2 Landsat 8 RGB; (i) Crop 2 Landsat 8 Quality 552 
Assessment Band labels; (j) Crop 2 MISIC Granule labels; (k) Crop 2 MODIS IceMap (MOD29) labels. 553 

6. Conclusions  554 

In this work we have presented an automated algorithm, MISIC capable of using imager and 555 
microwave data from multiple instruments (MODIS, VIIRS, and AMSER-2) to estimate sea ice cover.  556 

The algorithm produces a single-pass enhanced version which combines the data from an imager 557 
single-pass with microwave data. We also show how to use multiple passes to create daily product 558 
consistent with state of the art interactive products produced through expert guidance. In addition 559 
to providing automation, the single pass enhanced algorithm dramatically increases surface coverage 560 
over products like the MODIS based IceMap. When thin clouds are present the MISIC single-pass 561 

enhanced product can combine the high resolution surface features only partially obscured by clouds, 562 
with the most recent microwave data, to produce the best current estimate the sea ice on the surface. 563 
When the surface is covered by thick clouds the algorithm fills the missing data using cloud 564 
penetrating microwave data, at the cost of lower resolution. We have also shown that by combining 565 
the single-pass enhanced automated ice mask into a daily product increase the resolution over 566 

microwave where surface features were visible, potentially through then clouds, at some point 567 
during the day. Beyond direct use of the automated product these products can provide important 568 
guides since they quickly summarize many information sources and can thus to accelerate the 569 
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creation of expert derived interactive products. Our work product, algorithm and code is currently 570 
being evaluated by the Navy/NOAA National Ice Center (NIC) to assist in NIC products. 571 
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