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Abstract—Synthetic aperture radar (SAR) sea ice imagery is
a promising source of data for sea ice data assimilation. Classifi-
cation of SAR sea ice imagery into ice and water is of particular
relevance due to its relationship with ice concentration, a key
variable in sea ice data assimilation systems. With increasing
volumes of SAR data, automated methods to carry out these
classifications are of particular importance. While several auto-
mated approaches have been proposed, none look at the impact of
including an estimate of uncertainty of the model parameters and
input features on the classification output. The present study uses
an established database of SAR image features to train a multi-
layer perceptron (MLP) neural network to classify pixel locations
as either ice, water or unknown. The classification accuracies
are benchmarked using a recently developed logistic regression
approach for the same database. The two methods are found to
be comparable. The MLP approach is then enhanced to allow
uncertainty to be estimated at each pixel location. Following
methods proposed in the deep learning community, two kinds
of uncertainty are considered. The first, epistemic uncertainty,
is that due to uncertainty in the MLP weights. The second kind
of uncertainty, aleatoric uncertainty, is that which cannot be
explained by the model, and is therefore associated with the
input data. It is found that including these uncertainties in the
MLP models reduces their accuracies slightly, but also reduces
misclassification rates. This is of particular importance for data
assimilation applications, where misclassifications could severely
degrade the analysis.

Index Terms—sea ice, synthetic aperture radar, classification,
neural network, uncertainty, data assimilation

I. INTRODUCTION

Synthetic aperture radar (SAR) imagery is widely used
by operational ice services to provide information on ice
conditions to users, such as shipping companies and local com-
munities. The information provided often comes in the form
of ice charts. These are maps where the ice cover in specified
regions is given a label indicating the ice concentration of
the region and the dominant ice types (e.g., new ice, first-year
ice, multi-year ice). Ice charts are generated manually based on
visual inspection of SAR imagery, in addition to imagery from
passive microwave and visual infrared sensors, ship reports and
other in-situ data sources. Constructing these charts is time
consuming, and the resulting maps may contain errors due to
the subjective nature of their preparation [? ]. However, they
are still considered the most accurate source of information
regarding ice conditions [? ] that is available on a near-daily
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basis. With the current Sentinel-1 mission, volumes of SAR
imagery available for analysis have increased considerably,
and will continue to do so for the near future with the new
RADARSAT constellation mission. It is desirable to have a
process in place that can either fully or partially automate the
analysis of this imagery. For example, a process to automate
analysis of images that are then straightforward to interpret
is desirable so that operators can focus efforts on interpreting
images with more challenging ice conditions.

Significant progress has been made in automating analysis
of SAR sea ice imagery, with a common application being
classification of the imagery into ice and water. For this task
a variety of methods have been proposed, such as decision
trees [? ], logistic regression [? ], neural networks [? ], support
vector machines [? ] and a method combining a support vector
machine with an iterative region growing image segmentation
[? ? ]. An overview of these approaches is given in a
recent review [? ]. Some of these approaches carry out pixel-
wise classification, while others perform image segmentation
first, before labelling the segments into distinct classes. The
accuracies of these methods are typically fairly high, with
common problems being classification during the summer,
misclassification of new ice as open water, and unknown
accuracy of the test data.

None of the methods presented in the literature thus far
have investigated the contribution of the model parameters
separately from the contribution of the input features to the
uncertainty in the model prediction. For the present study we
chose a neural network (NN) to carry out ice/water classifica-
tion of SAR imagery, and we explore the applicability of recent
work on different types of uncertainty for NN applications [?
? ], to this problem domain. We compare our results directly
with a recently developed logistic regression classifier that has
carefully chosen SAR features as input. Specifically, we seek
to answer the following questions
• Can the neural network provide comparable classification

accuracies to the logistic regression method?
• How do the accuracies and misclassification rates change

when uncertainty estimates are taken into account?
• How are the uncertainty estimates from the NN related

to the features used as input to the network?

II. BACKGROUND

Artificial neural networks (NN) are a powerful machine
learning tool. They have been widely used in remote sensing
problems, including sea ice applications [? ? ? ], over the past
20 years. Neural networks are in the category of nonparametric
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machine learning methods i.e., they do not require any specific
assumption about the statistical distribution of the mapping
function [? ]. An artificial neural network is a network
constructed by layers of elements called artificial neurons.
Each neuron receives a set of inputs and produces an output
using a specified (nonlinear) activation function. The network
is constructed by feeding the output from one layer of neurons
as input to the next layer of neurons. Learning the values of the
connections between these layers, called weights, defines the
optimization problem to be solved in the training of the neural
network. Due to the nonlinearity of the activation functions,
and the high-dimensional nature of the problem, finding an
optimal solution for a NN (and knowing when it is optimal
for a given data set) is a challenging optimization problem [?
].

There is no unique set of values for the weights that can
describe the learning rule, and some uncertainty in the values
of the weights is expected. In the NN community this is
considered the epistemic uncertainty, which is the uncertainty
that can be reduced by a better model, or more data. This
term has its origins in the risk community [? ]. To capture
this uncertainty, it has been proposed [? ] to generate a set of
NN model outputs with each output varying from the others
in terms of which weights are active when the prediction
is made (i.e., the model outputs differ in the weights that
have been randomly ‘dropped’ from the network [? ]). The
uncertainty is considered as either the variance of the model
output for a regression problem [? ] or the entropy of the mean
probability distribution of the model output for a classification
problem [? ]. This has been coined Monte Carlo dropout,
or MC dropout. The relationship between MC dropout and
Bayesian NNs has been discussed in recent literature [? ].
In a Bayesian NN, the probability distribution of network
weights, conditioned on the data, is learned. Prediction of the
network output can be obtained using the expectation of the
posterior distribution with respect to this weight distribution [?
]. When the number of weights is large, this can be intractable.
MC dropout provides an efficient alternative to a Bayesian
NN. By sampling the weights used in each minimization step
from a Bernoulli distribution, the posterior distribution can be
approximated. Full details and bounds on the approximation
are given in [? ]. MC dropout has been used loosely in the
remote sensing community as an uncertainty measure [? ], in
part because results indicating the variance or entropy of the
outputs are similar to the user’s intuitive expectation of model
uncertainty.

In addition to epistemic uncertainty, there is also uncertainty
that cannot be accounted for by modifying the model, and is
often considered as the uncertainty due to the input features.
This is referred to in the literature as aleatoric uncertainty
[? ? ], although we note the distinction between aleatoric and
epistemic uncertainty is subject to interpretation [? ]. Here, we
follow [? ] and capture the aleatoric uncertainty by placing a
probability distribution over the NN output and learning the
variance of that distribution.

Research in the area of uncertainty estimates in satellite
retrievals of geophysical quantities is currently led by the
European Space Agency Climate Change Initiative (CCI) [?

]. For the problem of sea ice concentration retrieval methods,
this problem has been investigated within the sea ice CCI [? ?
]. In these studies, the uncertainty of the sea ice concentration
retrieval is captured by looking at the standard deviation of the
tie points for ice and water respectively, where the tie points
describe the typical sensor signature for the given surface type.
The ice concentration estimate is determined in part by a linear
interpolation using these tie points. Additionally, the uncer-
tainty model contains a term to account for the smearing that
occurs due to the difference between the instrument field of
view and the interpolation grid [? ? ]. At the present time, there
are no studies of uncertainty in SAR-based ice/water retrievals,
although several centers are now investigating these retrievals
for operational ice monitoring (e.g., Danish Meteorological
Institute, Norweigan Meteorological Institute, Canadian Ice
Service). The work presented here represents a first look at
the problem of uncertainty quantification in this domain using
a neural network.

III. ICE/WATER DATABASE

To train and test our neural network, we used a previously
established database that consists of co-located SAR image
features extracted from RADARSAT-2 ScanSAR Wide HH
and HV images, with ice/water labels collected from image
analyses from the Canadian Ice Service (CIS) [? ]. The image
analyses are manual analyses of the SAR image generated
by a trained ice analyst. The analyses contain information on
ice concentration and ice type. For example, new ice, first-
year ice and multi-year ice are commonly distinguished ice
types. For the purpose of this investigation, rasterized image
analyses were used to enable mapping of the ice concentration
information to the SAR imagery. All SAR image features
were calculated over patches consisting of 41 × 41 pixels,
or 2.05 km × 2.05 km. In [? ] the patch size of 41 ×
41 pixels was chosen in order to adequately represent local
image texture, and scales of various features in sea ice such
as floe boundaries. At the same time, the patch size is still
considerably smaller than the typical spatial resolution of
Arctic sea ice modeling systems, for example, the Regional
Ice and Ocean Prediction system at Environment and Climate
Change Canada (ECCC) has a nominal resolution of 5 km.
Samples with a land boundary within 8.05 km × 8.05 km
from the patch center were not included. The features in the
database that are used to discriminate ice from water are the
HH-HV correlation, the difference between SAR wind speed
[? ] and the 10 m wind speed from ECCC global environment
multiscale model (GEM) regional deterministic forecasts, and
the standard deviation of the SAR wind speed. The ice/water
labels were collected from corresponding CIS image analysis
products. For training the network, only labels from pure
polygons (ones that are either 100% ice or 100% open water)
were used to ensure very high accuracy of the ground-
truth information. Sampling of polygons with intermediate ice
concentrations (between 0% and 100%) for training purposes
is limited by the fact that the scale of our sample (2.05 km x
2.05 km) is much smaller than the typical scale of a CIS Image
Analysis polygon (≈100 km). Therefore, when a large polygon
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with an intermediate ice concentration is sampled with our
relatively small window, the polygon can contain regions both
0% and 100% ice for a single values of ice concentration,
and it is not clear how to interpret the derived samples. Table
I in [? ] summarizes the number of samples for 0%, 100%,
and 0-100% ice concentrations in both the training and testing
subsets.

The database was compiled using imagery analysed by
CIS operations over the years 2010 - 2016, with the year
of 2013 held out as an independent test set. This enables a
comprehensive test set that covers a variety of ice conditions.
A plot of the geographic distribution of samples in the database
is shown in Fig ??. Given the large number of samples in the
database, the data points were thinned before plotting to show
the representative geographic distribution. The samples are pri-
marily from more southern latitudes during the winter months,
moving to the Canadian Arctic Archipelago and Arctic Ocean
in the summer months, which reflects the coverage of CIS ice
charting operations. Full details of the database and the SAR
image features used are given by Komarov and Buehner [? ].

IV. METHODOLOGY

For the ice/water classification problem we use a multilayer
perceptron (MLP), which is one of the most widely used NN
models. An MLP consists of three types of neuron layers: an
input layer, hidden layers and an output layer. Given a training
sample (x, y) where input x has n features, x = x1, ..., xn,
and y is the corresponding label (0 for water or 1 for ice),
the input layer is constructed by associating one neuron to
each feature. Each given input vector propagates through the
network layer by layer until it reaches the output layer. At
layer l each neuron j has a weight W l

ij for each output i from
the previous layer with m neurons, a bias blj , and an activation
function, ψ, to produce the output alj as [? ]

alj = ψ

(
m∑
i

al−1i W l
ij + blj

)
(1)

When the propagation reaches to the output layer, the output
of the network, ŷ, is compared to the desired target, y, using
a loss function and the error is calculated. The resulting error
is propagated back through the network and the value of each
weight in the network is updated. This optimization technique
repeatedly performs the forward and backward propagation
process followed by weight update, until a stopping criterion
is satisfied. The description given here follows a single sample
through the network, but for efficiency and stability of the min-
imization the samples are normally fed through the network in
batches [? ]. Here, initial experiments were carried out testing
batch sizes of 2048 and 256, Based on time efficiency and
classification accuracy, a batch size of 2048 was fixed for all
the models. Parameters used in the MLP for the present study
are given in Table ??.

To investigate the impact of MLP architecture on the
ice/water classification, three different network architectures
were examined: a shallow network, a mid-size network, and
a deeper network. All architectures were evaluated with three
and four input features. The three feature network used the

Table I
PARAMETERS USED IN THE MLP APPROACH.

MLP parameters Parameter value
Number of input features 3,4
Number of hidden layers 1,5,10
Number of neurons/hidden layer 10, 100, 500
Activation - inner layers Relu
Activation - last layer Sigmoid
Loss function Binary cross-entropy
Batch size 2048
Optimizer Adam optimizer [? ]
Learning rate 0.001
Number of epochs 30

features described in Section ??, while the four feature net-
work used SAR wind speed and numerical weather prediction
(NWP) wind speed as two separate features instead of using
their difference. The training set was split into 70% training
and 30% validation sets. The training procedure was stopped
if the validation loss did not decrease after five epochs or
the maximum number of epochs, which is 30, is reached. To
evaluate the network with an independent data set, the trained
model was used to generate ice/water labels for data of year
2013, which were then compared against ice/water labels from
image analysis charts.

V. UNCERTAINTY ESTIMATION

A. Epistemic uncertainty

Epistemic uncertainty is modeled by placing a prior distri-
bution over the model weights at test time, and observing the
network predictions for each set of weights drawn from the
distribution. To generate different distributions of the network
weights, dropout is used [? ? ]. In this approach, for a neural
network with L hidden layers, for any layer 0 ≤ l ≤ L with
neurons al, a binary vector rl of the same size is generated
by sampling from a Bernoulli distribution with probability
1− p, 0 ≤ p ≤ 1. The output of layer l is multiplied element-
wise with vector rl as

rl ∼ Bernoulli(1− p),
âl = al � rl,

(2)

In this approach, p portion of outputs of layer l are set to 0,
which results in thinned outputs at layer l. This thinned output
provides the input for the next layer of the network. Using
this approach for each given training case, a subnetwork is
sampled from a larger network, denoted here as Ŵt for the
set of weights corresponding to the t′th sample of network
weights. The model prediction for input feature vector x is
evaluated as,

p = p(y = 1|x,X,Y ) ≈ 1

T

T∑
t=1

sigmoid(fŴt), (3)

where the total set of input features is X = {x1, ...,xN}
with size N , corresponding labels Y = {y1, ..., yN}, and
T the number of sets of weights considered. From these
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outputs (which can be considered uncalibrated probabilities)
the entropy is calculated as,

H = − (p log p+ (1− p) log(1− p)) . (4)

Following [? ? ] this entropy can be taken to be equivalent to
the epistemic uncertainty. Note that entropy is a maximum for
p = 0.5 and drops to zero for p = 0 and p = 1.

B. Aleatoric uncertainty

There are two types of aleatoric uncertainty discussed in the
literature: task-dependent (or homoscedastic uncertainty) and
data-dependent (or heteroscedastic uncertainty). Homoscedas-
tic uncertainty assumes constant observation noise for different
inputs of a problem while heteroscedastic uncertainty depends
on the inputs of the problem and is predicted as a model
output. Heteroscedastic uncertainty is very useful in remote
sensing applications when data dependent observation noise is
present due to measurement conditions and numerical retrieval
methods.

Heteroscedastic uncertainty for a regression NN can be
estimated by placing a Gaussian (or Laplacian) prior over
the output from the last hidden layer. The variance is added
to the output by adding a neuron to the output layer. This
variance is then estimated in the minimization of the loss
function [? ]. For classification problems, Kendall and Gal
proposed an approach similar to regression to calculate the
heteroscedastic uncertainty [? ? ]. Generally, in a binary
classification neural network model, for a given sample the
network predicts a unary f , which is passed through a sigmoid
function to produce an output p. For the case of interest here
the proposed method for calculation of uncertainty places a
Gaussian distribution over the unaries where the distribution
variance is predicted as one of the model outputs,

gi|W ∼ N (fWi , (σ2
i )

W ),

pi = sigmoid(gi).
(5)

In (??), W represents the network parameters and fWi and
σW
i are the network outputs. For each sample i, output fWi is

perturbed by Gaussian noise with variance (σ2
i )

W to produce
the perturbed output, gi. The result is passed through the
sigmoid function to obtain an output pi. This is carried out
T times, with each trial employing a different perturbation of
the variance (σW

i )2 . For the binary case, the cross-entropy
loss function is used, which is defined as

loss = −
N∑
i

1

T

T∑
t

(yilogpi,t + (1− yi)log(1− pi,t)) , (6)

where loss is the total loss function, T is the total number of
Monte Carlo runs for Gaussian sampling indexed by t, N is the
number of samples, and pi,t is the neural network output for
the ith sample for the tth Monte Carlo run. The loss function
in (??) ideally would be close to zero when the model predicts
low noise variance σi and the sigmoid output yields either of
its limits (zero or one), which correspond to the true classes.

C. Combined uncertainty

By combining the method of epistemic uncertainty predic-
tion together with the heteroscedastic aleatoric uncertainty,
we have a NN model that is able to learn both at the same
time [? ]. The combined model adds a dropout layer after each
hidden layer and produces two outputs, one is the output of the
signmoid function, which can be interpreted as an uncalibrated
probability of ice or water, and the other is the variance
of the unary. The combined model uses Monte Carlo (MC)
twice: 1) during training when the logits are perturbed using
samples drawn from a distribution that has variance equal to
the aleatoric uncertainty 2) during the testing when a set of
predictions is made using different sets of weights. Each set
of MC runs is carried out 100 times. However, because each
MC run does not correspond to a separate re-training of the
model, this does not have a significant impact on the overall
time required to obtain the predictions. For example, for 2.5
million test samples, the test time is longer by approximately
three minutes as compared to the case without uncertainty.

VI. DESCRIPTION OF EXPERIMENTS

A. Experiments using the base MLP model

The first set of experiments carried out investigated various
MLP architectures. Given that the objective was not to find
the optimal MLP architecture, an exhaustive investigation was
not carried out. Both the number of layers and the number of
weights/layer were varied empirically. Systematic approaches
are given in [? ]. The number of weights varied between
501 for the single layer network with three input features,
to 277,010 for the ten layer network with four input features.
For the shallow networks there were 100 nodes in each layer,
while for the deeper ones there were more nodes in the middle
layers (to a maximum of 500) and fewer for the outer layers.
All MLP models were implemented using the Keras API with
Tensorflow as the backend [? ].

After the MLP architecture was chosen, experiments were
carried out to investigate the idea of using only one year of
training data instead of all six years. This scenario is more
realistic for operational implementation of the method as a
long time series of training data is not generally available.
The one year subset of all samples is more likely to cover the
regions, seasons and weather conditions of the full training
dataset compared to drawing random samples from the entire
dataset. This context is also more relevant for applications
where data may be collected over a previous year, but there
is insufficient storage or sensor continuity for longer time
periods.

B. Experiments incorporating uncertainty

The uncertainty approaches are evaluated to assess their
impact on the scores, their ability to generate meaningful
uncertainty maps for the ice/water classification problem in
addition to insight into the input features associated with high
uncertainty. To keep the problem simple, these experiments
only used MLP models with one hidden layer.

For the experiments regarding the epistemic uncertainty,
the dropout rate was set to 5%. This is lower than the
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conventional dropout rate of 50% that is used for big and deep
networks, because the networks used here are shallow and
small. Since the uncertainty estimation approaches need more
epochs to converge, the maximum number of training epochs
were increased from 30 to 50. The early stopping criteria were
kept the same as that for the experiments without uncertainty.

For the model configurations incorporating uncertainty, ad-
ditional testing was carried out to evaluate model performance
as a function of the training data. In addition to using only one
year of training data (as was done for the base MLP model)
an additional experiment was carried out in which training
data was extracted over different seasons. For this experiment,
training samples for the year of 2014 were divided to three
subsets based on their month of acquisition. For each subset,
an MLP was trained to see if it is possible to have a reasonable
outcome if for any reason, only having data from a specific
season is available for training. The test set is the same as
before, which is the data from the entire year of 2013. By using
the same test set with different training data, the impact of the
training data on the scores can be more clearly delineated. For
simplicity, all the models for this experiment are trained with
three features.

C. Postprocessing of the MLP output and calculation of the
scores

The last layer of the MLP produces an output is bounded by
the sigmoid function between 0 and 1. Labeling of the samples
as ice or water based on this output is done following the same
approach as Komarov and Buehner [? ]. Briefly: if the MLP
output is greater than 0.95, the sample is labeled as ice and if
it is less than 0.05, it is labeled as water. If it is between 0.05
and 0.95, this sample is labeled as unknown.

To calculate the scores, the ice/water labels from applying
these thresholds to the MLP output need to be compared
with ice/water labels from verification data. These verification
data are obtained from operational ice charts. Two different
methods are used. The first method uses only pure ice/water
polygons from the ice charts directly as the ice/water labels.
The second method is to assign every ice concentration data
point from the ice charts with value less than 30% the label
water, and every ice concentration data point from the ice
charts with value greater than 30% the label ice. The evaluation
with pure ice and water labels is carried out to assess MLP
performance using a test data set that is generated in a
similar manner to the training data set. It is expected that
the performance of the MLP will be optimal in this scenario.
The evaluation of the MLP using all ice concentration values
in the ice charts is carried out to address the ability of the
MLP to classify an entire SAR image, which will generally
contain a range of ice concentrations. An ice concentration
value of 30% is chosen as the threshold based on the study
by Komarov [? ].

For measuring the accuracy of each model, six statistical
parameters are evaluated and reported: 1) training loss; 2)
ice accuracy, as the percentage of correctly classified pure
ice samples; 3) water accuracy, as the percentage of correctly
classified pure water samples; 4) total accuracy, derived by

percentage of correctly classified samples from both classes;
5) total misclassified samples; and 6) percentage of unknown
samples. The number of misclassified samples is particularly
important for data assimilation applications because these
samples will lead to errors in the analysis, which could result
in unphysical behaviour or biases when the analysis is used
to initialize an ice-ocean model.

VII. RESULTS

A. Results from the base MLP model

1) Impact of the MLP architecture: Table ?? displays the
scores of the models along with their training time. With a
fixed number of features, increasing the number of hidden
layers in the neural network does not change the accuracy of
the model significantly. When the number of hidden layers
is increased, the accuracy of the MLP models trained on
three features decreases slightly from 80.51% to 78.25%,
for the MLP models trained with four features the accuracy
increases slightly with increasing number of hidden layers,
from 85.86% to a maximum of 86.20%. Comparing the three
feature and four feature models, the idea of separating the
NWP and SAR wind speeds is shown to increase the accuracy
in terms of all measures, specifically the accuracy of water
samples (6-12% improvement) which results in increasing
the overall accuracy by 5%. In addition, the percentage of
unknown samples decreased by almost 5% when NWP and
SAR winds were included as separate features. Given that
there are approximately 6M samples in the test dataset, a 5%
reduction in the number of unknowns corresponds to about
120,000 samples.

The training time of each MLP model on NVIDIA Titan
X GPU is also reported in Table ??. Regardless of number
of input features, networks with one hidden layer required
only 6 minutes in total to train while the deep networks
required 27.5 and 45.5 minutes. This means that the required
training time of the deeper networks is 4.5 and 7.5 times more
than shallow networks for networks with three and four input
features respectively. Note that although there are a sufficient
number of training samples for a deeper network, we did not
investigate this because it was desired for the training time of
the basic network to be less than one hour.

2) Impact of using only one year of training data: The
results from training using only one year of data, which was
chosen as 2014, are given in Table ??. These models are
denoted as MLP_2014. These results are broadly consistent
with those from training on the full dataset. The MLP networks
trained on four features have higher total accuracy compared
to the three feature models. The total misclassifications and
unknown samples are also similar to those from the full
training data set, indicating that reasonable results can be
obtained using only one year of training data. In addition,
since the training set has become smaller, one epoch of the
training process is much faster. As an example, the single layer
MLP model requires 25 seconds to train using three features
in comparison with 6 minutes to train on the whole dataset,
while the two approaches have similar scores.
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B. Results from incorporating uncertainty in the MLP

Table ?? shows that adding epistemic uncertainty to each
MLP reduces the accuracies by 1-2%. This is mainly due
to the small networks used in this study. Since the number
of weights to be learned (O ≈ 100) is significantly less
than the number of samples (O ≈ 1M ), dropout reduces the
network performance. Likewise, increasing the dropout ratio
was observed to further decrease accuracy. The classification
scores illustrate that some water samples have been identified
as unknown samples while the accuracy of the ice class has
not changed much. However, the fraction of misclassified ice
samples decreases in all cases, and for MLP_2014 the fraction
of both misclassified ice and water decreases. Fig ?? visually
represents the epistemic uncertainty and MLP prediction maps
of the results for the MLP_3 model when standard deviation of
the SAR wind speed is 1.5. The epistemic uncertainty is higher
on the decision boundary, and where that boundary extends
into the unobserved region (outside of the red polygon in Fig
2a).

To investigate the impact of using different thresholds on the
MLP output on the scores, in Fig ?? the accuracy, unknown
percentage, and misclassification rates for ice and water are
plotted versus a variation of thresholds for MLP 3 with and
without epistemic uncertainty. The figure shows that adding
epistemic uncertainty changes the scores of the water class
more than those of the ice class. In addition, this illustrates
that the choice of threshold has more influence on the water
class for thresholds in the range of 3% to 20%. For thresholds
less than 2% the majority of water samples will be labeled as
unknown rather than correct water label.

The results of employing aleatoric uncertainty in the MLP
models are also shown in Table ??. Similar to epistemic
uncertainty, adding aleatoric uncertainty slightly reduces the
water accuracy and total accuracy of the MLP models and
increases the unknown ratio. Despite these accuracy reduc-
tions, for each MLP category and its variations of added
uncertainty, the models with added aleatoric uncertainty have
lower ice misclassification rates. The distribution of the logits
and their predicted variances for MLP_3 with added aleatoric
uncertainty are shown in Fig ??. The vertical lines in panel (a)
of the show that the misclassification rate of ice class is higher
than water class, while the distribution of variances in panel
(b) shows that ice samples in the test dataset are more likely
to have a slightly higher uncertainty. The map of aleatoric
uncertainty (Fig ??c) shows the aleatoric uncertainty is low in
the middle of the feature space, which is where the training
data are located, and increases in the unobserved regions.

The combined model estimates both the aleatoric and epis-
temic uncertainty. As expected, the accuracies reported in
Table ?? show that the combined model modifications on the
MLPs do not increase their total accuracy and the results are
similar to having only either aleatoric or epistemic uncertainty.
However, the total misclassification rate of MLP_2014 is the
lowest of the MLP models with a score of 0.36%.

1) Evaluation using verification data from all ice concen-
trations: Table ?? shows impact of adding uncertainty to the
MLP models when samples covering all ice concentration

values are used for testing. Similar to the results on pure ice
and water samples, adding uncertainty was observed to reduce
the overall accuracy of their original MLP models by about
2% but the misclassified rate was also reduced in most cases,
at the cost of increasing the percentage of unknown labels.

C. Results from using seasonal training data

Before presenting results from the experiment in which
training was carried using seasonal data, we look at the
distribution of each subset of the training data along with that
from the entire year of 2014 and the entire test dataset (Fig
??). The histograms show that except for the period of May
to August, the training data sets have similar distributions of
ice and water samples for each feature. Table ?? also shows
the size of each subset and their results on the prediction of
the test dataset.

1) Impact of seasonal training data on the scores: The
scores in Table ?? show that the network trained with data
from January to April (MLP_JA) is able to correctly classify
ice samples better than the other models, with the highest score
of accuracy and lowest score of misclassification. However,
this network performs poorly on water samples, as the water
class accuracy is below 50%. This could be related to the
overlap for the variance of SAR wind speed training data
histograms, which is greater for Jan-Apr than for other periods
(Fig 6). In contrast, MLP_MA which is trained mostly on
summer data, has the highest ice misclassifications, which
leads to the highest total misclassification scores.

2) Relationship between input features, probabilities and
uncertainties: Histograms are shown in Fig ?? that illustrate
the MLP output and uncertainty for each feature input to the
MLP. Separate histograms are shown for points in the test
data that correspond to ice and water respectively. The results
shown are based on predictions of MLP_ 2014 and MLP_ MA.
These networks were chosen because MLP_ MA is a subset
of MLP_ 2014, and has a different distribution of training data
and reduced number of samples.

The first two columns in Fig ?? are probabilities of ice pre-
dicted by the MLP noted at the top of the column. We expect
bright yellow and dark green for the histograms corresponding
to ice and water samples respectively. Deviations from bright
yellow and dark green indicate samples with intermediate MLP
output values, which are often seen where the PDFs overlap.
For example, the first two columns of the top row, which
are sorted according to SAR-NWP wind speed, shows that
this feature could lead to the most ice misclassifications, as it
has more green colour on the left side of the ice distribution,
indicating a high likelihood of water. This is more noticeable
for the MLP_MA, as also numerically reported in Table ??.
These intermediate probabilities correspond to relatively large
negative values of SAR-NWP windspeed (bottom axis), which
might be helpful information for reducing misclassifications.

The middle two columns of Fig ?? are coloured according to
the values of epistemic uncertainty. For SAR-NWP windspeed,
it can be seen there is a higher uncertainty on the left side
of the epistemic uncertainty histograms, which corresponds
to the intermediate values. The epistemic uncertainty is also
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increased for higher values of the standard deviation of SAR
wind speed, although this does not appear to lead to po-
tential misclassifications, as the corresponding ice and water
histograms show high and low values respectively.

The last two columns are colored according to the values
of aleatoric uncertainty. Fig ?? shows a distinct difference be-
tween the uncertainties associated with MLP2014_ and MLP_
MA, with the latter (summer acquisitions) being significantly
higher than the former. This is consistent for both ice and
water samples.

Fig ?? represents an example of predictions made by MLP_
4 and MLP_ 4 with combined uncertainty for an image
acquired on May 3, 2013 over the Labrador Sea. The MLP
model with combined uncertainty shows a reduced number
of misclassified water samples. As represented in Fig ??, the
model has difficulties in classifying water samples was due to
the existence of wind over open water areas which resulted
in similar feature pattern in open water areas and ice covered
areas, as shown in panel (d).

VIII. DISCUSSION

The results shown here support the use of methods presented
in the literature to estimate uncertainty from NNs for the
problem of retrieval of ice and water from SAR imagery.
Referring back to the questions posed in the introduction,
we first compare the MLP results to those from logistic
regression [? ? ], which are also shown in Table ??. The
first logistic regression method [? ] can be compared with
the three feature version of MLP_ALL, as it is using the
same three features as input. From Table II it can be seen
the MLP has a slightly lower ice accuracy and higher ice
misclassification rate than the logistic regression, while the
water accuracy and misclassification rates are improved when
the MLP is used. Overall, when an MLP with 10 hidden
layers is used the total misclassification rate is comparable
to that from logistic regression, with a higher accuracy and
fewer unknowns. It is noteworthy that Komarov et al. improved
upon their first logistic regression classifier by developing a
method to adapt the thresholds (instead of fixed thresholds
of 0.95 and 0.05) to classify the logistic regression output
as ice and water [? ]. This method is more comparable to
the four feature model because it takes into account the SAR
wind speed as an independent variable to adapt the threshold.
It can be compared to results from the MLP models if a
more stringent threshold is used to classify ice and water
for MLP models. For example, using thresholds of 0.98 and
0.02 to identify ice and water for the four feature MLP model
leads to a reduced misclassification rate (0.25%) and a higher
fraction of unknowns (26.18%), similar to logistic regression
with adaptive thresholds. The model used in practice should
be chosen based on the requirements of the application.

The proposed uncertainty estimation methods do not im-
prove the accuracy of the MLP models, but they do result in
lower misclassification rates. The epistemic uncertainties are
higher along the decision boundary. This is expected because
the MLP output (uncalibrated probability) takes on intermedi-
ate values along the decision boundary, and the entropy is high

for intermediate values of the output (reaching a maximum at
p = 0.5). The map of aleatoric uncertainty in feature space,
Fig ??, shows that the aleatoric uncertainty values increase
when moving away from the part of the feature space with
training data, which is consistent with the noted seasonal
dependence. Overall, the values for aleatoric uncertainty are
low. The values given in Fig ?? and Fig ?? are the log of
the variance of the aleatoric uncertainty. For example, a value
of -5 corresponds to a standard deviation (in logit space) of
0.082, and a value of -20 corresponds to a standard deviation of
4.5×10−5. These are the perturbations that one would expect
to be applied to the logit before it is input to the sigmoid
function. While these values are small, and one might wonder
how the overall output could be impacted by such a small
value, we note that the variances are obtained in tandem with
the MLP weights during the optimization. Hence, changes in
the output are not due to the variance alone, but also due to the
fact that because of the presence of the variance, the learned
weights will differ between the model with and without the
aleatoric uncertainty. This should be investigated further in a
future study. At the present, we note that similarly small values
of aleatoric uncertainty are found in the study by [? ].

Regarding the relationship to input features, the epistemic
uncertainty is slightly enhanced for both the ice and water
classes for values of SAR-NWP wind speed for which the
two MLP output (uncalibrated probability) distributions (the
one for ice and the one for water) overlap. These points also
correspond to intermediate output values. The epistemic un-
certainty is also enhanced for the water class for higher values
of the standard deviation of the SAR wind speed (bottom row
of Fig 6). For the aleatoric uncertainty, the noteworthy link
to input features is through the seasonal dependence. For all
features, the aleatoric uncertainty is significantly enhanced for
the model trained on data from May to August of 2014 and
tested on the full year of test data. For the model trained on
a full year of data, the aleatoric uncertainties are small.

IX. CONCLUSIONS

The present study has shown that the MLP models without
uncertainty are able to classify the SAR imagery into ice and
water with accuracies that are comparable to those from the
logistic regression. The fact that the MLP models are able to
classify SAR imagery into ice and water given the database
from [? ] shows that these features are indeed very useful
for ice/water discrimination, and that the high classification
accuracies in [? ] are not necessarily a function of the classifier
used. While a logistic regression may be more robust than a
NN, we do think the non-linearity of the decision boundary
may be better captured in the NN, leading for some cases to
fewer misclassifications. The MLP models investigated here
always exhibited a smooth decrease in the loss function for
both the training and validation data, indicating that they
are well-behaved, which may be due to the small number
of weights relative to the size of the training database, with
the number of weights typically O(1000) and the number of
samples O(1M).When uncertainty is included, the misclassifi-
cation rates predicted by the MLP models are reduced, and the
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fraction of samples that are unknown is also slightly increased.
An examination of the relationship between the input features
and the estimated MLP uncertainties and probabilities shows
that the difference between the SAR and NWP wind speed
may be contributing to the ice misclassification rate. Looking
at the uncertainties and probabilities for a given day off the
Labrador coast demonstrates that the uncertainties may be
useful to flag regions in the MLP predictions that should be
checked manually by an analyst. The lower misclassification
rates that are achieved when uncertainty is included in the
model also suggests that the ice and water classifications be
useful for data assimilation. Future work should investigate
the use of these uncertainty estimates as well as the impact of
the source of training data labels and verification data. Image
analysis charts share similar characteristics to other manual
analyses, and may have biases and errors, particularly for
intermediate ice concentrations [? ].
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Figure 1. Map of region over which the SAR database samples were acquired. Colors indicate the month of acquisition of the SAR imagery, with 1-12
representing the months sequentially from January to December. Due to the large number of images, samples were thinned for clarity. The distribution of
samples indicates that in the winter months most images were acquired on the east coast of Canada, whereas in the summer they acquired at higher latitudes.
The SAR images are from the archives of the Canadian Ice Service, and this geographic distribution is representative of their ice charting practice.

Table II
ACCURACY OF THE MODELS TRAINED AND TESTED ON PURE ICE AND WATER SAMPLES. MLP_2014 MODEL IS TRAINED ON 2014 TRAINING DATA

WHILE OTHER MODELS ARE TRAINED ON ALL YEARS OF TRAINING DATA.

Method
Number of

features

Number of
hidden
layers

Training
time
[min]

Ice
accuracy

[%]

Ice
misclassified

[%]

Water
accuracy

[%]

Water
misclassified

[%]

Total
accuracy

[%]

Total
misclassified

[%]

Unknowns
[%]

MLP_ALL

3
1 6.0 85.37 1.49 77.28 0.17 80.51 0.70 18.79
5 10.2 86.24 1.42 76.21 0.20 80.22 0.69 19.10

10 27.5 86.22 1.25 72.95 0.20 78.25 0.62 21.13

4
1 6.0 89.05 1.08 83.74 0.17 85.86 0.53 13.61
5 15.5 90.17 1.03 83.03 0.22 85.88 0.54 13.58

10 45.5 89.40 1.10 84.07 0.19 86.20 0.55 13.25

MLP_2014

3
1 0.4 83.29 1.71 78.87 0.14 80.63 0.77 18.60
5 1.3 82.65 1.96 82.37 0.14 82.48 0.87 16.65

10 4.5 83.71 1.58 76.88 0.17 79.61 0.73 19.66

4
1 1.5 88.33 0.97 80.92 0.19 83.88 0.50 15.61
5 5.0 91.43 0.65 73.78 0.41 80.83 0.51 18.66

10 9.0 89.35 1.12 83.77 0.29 86.00 0.62 13.77
Logistic

regression [? ] 3 - - 88.23 0.98 61.48 0.35 72.14 0.60 27.25

Logistic
regression [? ] Adaptive - - 81.35 0.24 54.85 0.09 65.44 0.15 34.42
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(a) (b)

Figure 2. The MLP output (a) and epistemic uncertainty (b) map of the MLP_3 model trained with epistemic uncertainty when the standard deviation
of SAR wind speed is 1.5. The contour lines of predicted probabilities are overlaid on panel (a) and (b). The model uncertainty is higher on the decision
boundary and where this boundary extends into the unobserved region (a contour indicating the approximate observed region is shown in panel (a) in red).

Table III
ACCURACY OF THE MODELS TRAINED AND TESTED ON PURE ICE AND WATER SAMPLES. MODELING UNCERTAINTY IN THE MLP MODELS GIVES A

SLIGHT DEGRADATION IN TOTAL ACCURACY WHILE NOTABLY DECREASING THE PERCENTAGE OF MISCLASSIFIED SAMPLES.

Method
Number of

features
Number of

hidden layers

Ice
accuracy

[%]

Ice
misclassified

[%]

Water
accuracy

[%]

Water
misclassified

[%]

Total
accuracy

[%]

Total
misclassified

[%]

Unknowns
[%]

MLP_3 3 1 85.37 1.49 77.28 0.17 80.51 0.70 18.79
+Epistemic uncertainty 86.66 1.24 73.36 0.23 78.67 0.63 20.69
+Aleatoric uncertainty 86.80 1.20 72.65 0.22 78.30 0.61 21.09

+Epistemic & Aleatoric uncertainty 85.88 1.38 75.89 0.20 79.88 0.67 19.51
MLP_4 4 1 89.05 1.08 83.74 0.17 85.86 0.53 13.61

+Epistemic uncertainty 88.83 0.92 81.20 0.17 84.25 0.47 15.32
+Aleatoric uncertainty 89.64 0.90 80.73 0.19 84.29 0.47 15.24

+Epistemic & aleatoric uncertainty 88.73 0.92 80.96 0.17 84.06 0.47 15.48
MLP_2014 4 1 88.33 0.97 80.92 0.19 83.88 0.50 15.61

+Epistemic uncertainty 88.16 0.82 78.55 0.15 82.39 0.42 17.18
+Aleatoric uncertainty 89.65 0.77 76.94 0.24 82.02 0.45 17.53

+Epistemic & aleatoric uncertainty 89.21 0.58 72.47 0.20 79.15 0.36 20.49
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Figure 3. (a) Ice class (b) Water class. The impact of thresholds used to define ice and water points on the accuracy of ice and water classes. The selected
models are MLP with 3 features with and without epistemic uncertainty. The 0.05 and 0.95 thresholds for ice and water is shown by a vertical line in each
case. This figure shows that the water class is more affected by including the uncertainty.

(a) (b) (c)

Figure 4. The aleatoric uncertainty (a) of the MLP_3 model when the standard deviation of SAR wind speed is 1.5. In panel (b) the distribution of predicted
logits and variances (c) are also shown for the same model, MLP_3 including aleatoric uncertainty. The classification boundary of each class, corresponding
to threshold values of 0.05 and 0.95, are indicated with vertical lines in panel (b). Note that the aleatoric uncertainty increases moving away from the center
of the plot. Since the training data is more concentrated in the center of the plot, this indicates the aleatoric uncertainty increases towards unobserved regions.

Table IV
ACCURACY OF THE MODELS TRAINED ON PURE ICE AND WATER SAMPLES AND EVALUATED USING THE ALL ICE CONCENTRATION TEST SET. RESULTS

SHOW THE IMPACT OF INCLUDING UNCERTAINTY IN THE MODEL.

Method
Number of

features
Number of

hidden layers

Ice
accuracy

[%]

Ice
misclassified

[%]

Water
accuracy

[%]

Water
misclassified

[%]

Total
accuracy

[%]

Total
misclassified

[%]

Unknowns
[%]

MLP_3 3 1 78.93 4.38 75.03 2.22 76.08 2.81 21.10
+Epistemic uncertainty 79.73 4.05 72.64 2.33 74.56 2.79 22.64
+Aleatoric uncertainty 80.41 3.92 71.67 2.38 74.04 2.80 23.16

+Epistemic & Aleatoric uncertainty 79.20 4.24 74.35 2.28 75.67 2.81 21.53
MLP_4 4 1 81.70 4.61 82.54 2.09 82.31 2.77 14.92

+Epistemic uncertainty 80.18 4.21 79.95 1.88 80.01 2.51 17.48
+Aleatoric uncertainty 81.64 4.12 79.68 2.04 80.21 2.60 17.18

+Epistemic & aleatoric uncertainty 79.93 4.13 79.68 1.86 79.75 2.47 17.77
MLP_2014 4 1 77.81 5.58 80.43 1.30 79.68 2.53 17.79

+Epistemic uncertainty 79.36 3.86 77.70 1.81 78.15 2.37 19.48
+Aleatoric uncertainty 82.03 3.64 76.45 2.16 77.96 2.56 19.47

+Epistemic & aleatoric uncertainty 80.77 3.38 73.05 1.99 75.14 2.37 22.48
Logistic

Regression 3 - 79.41 4.60 65.72 1.90 69.65 2.67 27.68
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Figure 5. Distribution of ice and water samples for each of the 3 input features for (top row) the test dataset; (second row) the entire year of 2014; (rows
3-5) the three subsets of 2014.

Table V
ACCURACY OF THE MODELS TRAINED USING PURE AND ICE WATER SAMPLES FROM 2014. THE TRAINING DATA ARE SPLIT INTO THREE SUBSETS, EACH

COVERING FOUR MONTHS. THE MODELS ARE TESTED ON ALL PURE ICE AND WATER SAMPLES FROM 2013.

Method Training size
Ice

accuracy
[%]

Ice
misclassified

[%]

Water
accuracy

[%]

Water
misclassified

[%]

Total
accuracy

[%]

Total
misclassified

[%]

Unknowns
[%]

MLP_2014 2,693,263 83.29 1.71 78.87 0.14 80.63 0.77 18.60
+Epistemic uncertainty 85.19 1.10 63.38 0.19 75.09 0.56 24.35
+Aleatoric uncertainty 88.33 1.06 68.43 0.22 75.58 0.55 23.87

MLP_JA 1,091,675 89.27 0.44 46.82 0.55 63.77 0.50 35.72
+Epistemic uncertainty 87.97 0.47 49.19 0.40 64.67 0.43 34.89
+Aleatoric uncertainty 89.10 0.41 45.78 0.53 63.08 0.49 36.43

MLP_MA 319,168 86.20 2.29 77.18 0.44 80.78 1.18 18.03
+Epistemic uncertainty 86.01 2.20 77.95 0.41 81.17 1.12 17.71
+Aleatoric uncertainty 87.55 2.09 74.25 0.65 79.56 1.21 19.22

MLP_SD 1,282,420 82.66 1.83 79.47 0.12 80.74 0.80 18.45
+Epistemic uncertainty 81.41 1.87 79.87 0.10 80.48 0.81 18.71
+Aleatoric uncertainty 81.69 1.78 77.95 0.11 79.44 0.77 19.78
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Figure 6. Impact of each feature on the MLP output and uncertainty of the MLP_2014 and MLP_MA trained on 3 features. The uncertainties given for the
aleatoric case are the log of the variance. The results shown are those corresponding to the models used for epistemic uncertainty. However, results for the
models corresponding to aleatoric uncertainty were visually very similar and are not shown here. The first two columns indicate the MLP output (uncalibrated
probability), the middle two indicate the epistemic uncertainty, and the last two indicate the aleatoric uncertainty. The colorbars at the bottom indicate the
MLP output, epistemic uncertainty and aleatoric uncertainty for each set of two columns. For the first two columns, for the rows labelled as ice, a green color
indicates misclassifications, whereas for the rows labeled as water, a yellow color indicates misclassifications.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 7. An example of ground truth, estimated probabilities, feature maps and uncertainty maps for an image acquired on May 3, 2013, over the Labrador
Sea. Results shown are from the MLP_4 model with combined uncertainty. Aleatoric uncertainty is shown in logarithmic scale. It can be seen that the aleatoric
uncertainty is high where the SAR wind speed takes on negative values, and the epistemic uncertainty is increased near the ice edge. Panels are: (a) Ice
concentration (IC) (b) Ice/water labels from IC (c) MLP output (uncalibrated probability) from MLP_4 d) SAR wind speed (e) NWP wind speed (f) HH-HV
correlation (g) std of SAR wind speed (h) aleatoric uncertainty (i) epistemic uncertainty


