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Extended categorical triple collocation for
evaluating sea ice/open water datasets

K. Andrea Scott Member IEEE

Abstract—A method to extend categorical triple collocation
(CTC) to four datasets, three of which must have conditionally
independent errors, is presented. The method is shown to enable
comparison of two passive microwave sea ice concentration
datasets, and can easily be extended to for use with more datasets.
The method is evaluated in the Gulf of Saint Lawrence, on the
east coast of Canada, during the freeze-up period. It is found the
ice concentration dataset from the European space agency sea
ice climate change initiative (ESA-SICCI) has a higher balanced
accuracy than that from the Artist sea ice (ASI) algorithm.

I. INTRODUCTION

Comparison of ice concentration and ice/water states from a
variety of datasets is critical for monitoring the ice extent in the
Arctic, a key indicator of climate change. These comparisons
are used for a variety of downstream purposes, such as
correcting climate model biases and predicting future Arctic
shipping routes. Ice concentration and ice/water comparisons
usually involve choosing a baseline data set to which the
others are compared [12]. This can be problematic because
the baseline dataset can itself contain errors.

Triple collocation (TC) is a method that provides error
standard deviations without requiring a baseline dataset. The
method is widely used in the soil moisture community (see
[2] for a review of the method and underlying assumptions).
The original TC approach is based on an affine error model,
and requires the errors in the datasets to be uncorrelated
with each other, and with the true state. This latter point
may not be appropriate for bounded data, such as sea ice
concentration. In this case, the errors are usually smallest for
consolidated ice and open water, and largest for intermediate
values representative of the marginal ice zone [17]. The TC
method was recently extended to categorical data and used
to assess freeze/thaw datasets [10] and ice/water datasets
derived from ice concentration data [14]. As shown in [10],
CTC is subject to the less stringent assumption than TC,
which is that the errors between the datasets are conditionally
independent, given the true state. While in [10] CTC was used
to rank datasets, in [14] the method was extended to allow
calculation of the sensitivity, specificity and balanced accuracy,
and evaluated using three ice/water datasets. The present
contribution extends the CTC method to an arbitrary number of
datasets. We call this Extended Categorical Triple Collocation
(ECTC), for consistency with the extended collocation analysis
when an affine error model is used [3]. For ECTC, three
of the datasets must have conditionally independent errors
(this is also a requirement in CTC), while the fourth is not
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subject to this requirement. Hence, a dataset from an ice-ocean
model, a dataset based on synthetic aperture radar (SAR),
and one (or more) passive microwave data sets, can be used.
With the increasing number of SAR acquisitions, and the
new possibility of daily SAR mosaics [18], such a set of
data is much more achievable than in the past. This study
is particularly relevant because there are numerous sea ice
concentration datasets based on passive microwave data [4],
which have not yet been evaluated without a fixed baseline.

II. FORMULATION OF THE PROBLEM

The notation used here is consistent with previous literature
on ranking binary classifiers [11, 13, 14]. It is assumed there is
a binary true state, denoted as T , with values T ∈ [−1, 1]. Here
we will consider these values to correspond to two classes,
ice and water. We assume we have four binary classifiers that
can assign ice and water labels, and denote the output of the
i′th binary classifier as Xi, where i = 1, 2, 3, 4. Note Xi ∈
[−1, 1]. While the method can be applied to more than four
classifiers, here we demonstrate using four. Following earlier
studies, we focus on the proportion correct ice or sensitivity
(ψ), the proportion correct water or specificity (η), and the
average of the sensitivity and specificity, which is referred to
as the balanced accuracy (π).

The CTC method uses the covariance matrix of the classifier
outputs, cov(Xi, Xj), the mean values of the classifier outputs,
µ, and the class imbalance, b = Pr[T = 1] − Pr[T = −1]
[13], where Pr denotes the probability, to evaluate the sensi-
tivity and specificity for each classifier,
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For the case with three classifiers, the relationship between
the components of the covariance matrix and v can be deter-
mined uniquely, which allows the the classifiers to be ranked
without further information [10]. However, the sensitivity and
specificity require the class imbalance, which is a function
of the true state, and is therefore unknown. It has been shown
that b can be estimated using the three-dimensional covariance
tensor, which is given by [7]

Tijk = E[Xi − µi)(Xj − µj)(Xk − µk)] (3)

The class imbalance and Tijk are related through

T = α(b)v ⊗ v ⊗ v(2π − 1) (4)
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where α(b) = −2b/
√
1− b2 or b = −α/

√
4 + α2, v =√

1− b2 (π − 1) and π is the balanced accuracy, which is
the average of the sensitivity and specificity. f For the case
with three classifiers, the elements of v can be found using
the off diagonal components of the covariance tensor. In this
case, there is a single combination of the elements of the
covariance tensor that can be used to find each element of
v. For the case with more than three classifiers, there is some
redundancy [3]. For example, consider four classifiers denoted
as a, b, c, d where a, b are dependent and there are two triplets
of independent classifiers a, c, d and b, c, d. Denoting y as
the vector containing the covariance ratios, we arrive at the
following relationship between v and y,

Av = y (5)

where
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In (6) rmn denotes the covariance between classifier m and
classifier n. The least squares solution for (6) is,

v̂ =
(
ATA−1

)
ATy. (7)

The solution can be better understood if we look at the
structure of the pseudo-inverse,
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The first two rows correspond to the expressions for va and
vb, which are given by the usual relationships for CTC. This is
expected because in each case the triplet involved is that of the
three independent classifiers, which are a, c, d for a and b, c, d
for b. The bottom two rows correspond to the expressions for
vc and vd, which are given by the average of the covariance
relationship for each independent triplet that involves c and d
respectively. The final modification made to algorithm is the
estimation of the class imbalance b, which is given using the
α value as above, with α determined using a minimization
function [7]

α̂ = argmin
∑

i<j<k

(
T̂ijk − αvivjvk

)2
(9)

where i 6= j 6= k and i, j, k are independent classifiers. For
our example, with two independent triplets, we use

α̂ = argmin
∑

i<j<k

(
T̂acd − αvavcvd

)2
+
(
T̂bcd − αvbvcvd

)2
.

(10)
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Figure 1. a) Study domain, land cover in green, with a representative
instrument field of view corresponding to the 18.7 GHz channel (outer oval),
and for the 36.5 GHz channel (inner oval). b) Histogram of percent cloud cover
for all MODIS terra scenes that had 75% overlap with the study domain from
January 17 - February 10, 2014 following the method in [1] (section 4.2.1).

III. STUDY REGION

The study region is the Gulf of Saint Lawrence (Fig 1a),
which is a semi-enclosed sea along the east coast of Canada.
All datasets are from the year 2014, an usually cold year in this
region. The time period studied (January 17th - February 10th,
2014) covers the transition from partial ice cover, composed
primarily of new ice, to a more complete ice cover of thicker,
first year ice. The ice regime is representative of freeze-up in
a zone consisting of only first year ice, with a high fraction
of cloud cover (Fig 1b).

IV. DATA

A. Ice concentration from the European Space Agency Sea Ice
Climate Change Initiative (ESA-SICCI)

The ESA SICCI dataset used here corresponds to the
climate data record (CDR) from AMSR-E/AMSR2 at 25km
grid spacing. The algorithm uses brightness temperature data
from the 19V, 37V, 37H channels and is a hybrid algorithm,
combining a ‘best open-water’ retrieval below a threshold ice
concentration, and a ’best consolidated ice’ retrieval above.
Although similar to previous methods [17], it incorporates
several novel features. For example, it incorporates a self-
optimizing procedure to determine the ice and water tie points,
a dynamic tie-point calculation using data over a 15 day
period covering the seven days before and seven days after
the given date (to improve its ability to capture changing
surface conditions), correction of passive microwave data for
atmospheric conditions using a radiative transfer model, and
an adjustable weather filter [8].

B. Ice concentration from the ARTIST Sea Ice (ASI) algorithm
The ASI algorithm [16] calculates ice concentration us-

ing the polarization difference of the 89 GHz channels,
PD89 = TB89V −TB89H , where TB designates brightness
temperatures, and V and H denote vertical and horizontal
polarizations respectively. Brightness temperatures used are
from the AMSR2 sensor. Spatial resolution of the data is
limited by the instrument field of view for 89 GHz on the
AMSR2 sensor, which is approximately 3 km × 5 km, and is
also impacted by the use of lower frequency channels in the
weather filters.
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C. Ice concentration from the coupled ice-ocean-atmosphere
forecasting system

The third sea ice concentration data set is provided by
ice concentration analyses from an operational coupled ice-
ocean-atmosphere forecasting system over the Gulf of St.
Lawrence, Canada [15]. The forecasting system uses an ice-
ocean model (NEMO-CICE) that is coupled to an atmospheric
model that is a regional version of Environment Canada’s
Global Environmental Model (GEM). The grid resolution is
approximately 0.05o × 0.03o in longitude and latitude.

D. Ice concentration calculated from SAR

The fourth sea ice concentration data set is calculated
from dual polarization (HH/HV) SAR imagery acquired from
RADARSAT-2 using a convolutional neural network (CNN)
[19]. Training data are obtained from image analysis charts,
which are obtained through manual (visual) inspection of the
SAR imagery. The ice concentration data has a grid spacing
of 400m, and resolves scales on the order of 1-2 km (from
visual inspection of the ice concentration, and Fourier analysis
of image regions).

V. EXPERIMENTAL SETUP

To obtain a binary state from each of the four sea ice
concentration datasets, it is required to threshold the ice con-
centration, such that values above a specified value, ICthresh

are considered ice, while those below ICthresh, are considered
water. Here ICthresh = 0.1 is used. For each date in the
study period on which all four data sets are available (there
is not a SAR image acquisition each day), the data sets are
first collocated using a nearest-neighbour approach to the same
spatial grid, which was chosen to have a spatial resolution of 4
km to be approximately consistent with the spatial resolution
of the ice-ocean model data set and the ASI data set. Using
these collocated data sets, an estimate of E[b̂], ψ and η is
made each day. To screen out dates with unreliable results,
we only used dates for which the number of samples available
was greater than 100. While this is fewer than in an earlier
study [14], the confidence intervals on the estimated statistics
are still acceptable. To estimate a confidence interval for the
reported statistics, bootstrapping was carried with replacement
out using 1000 replicates.

VI. RESULTS

The sensitivities and specificities calculated over the study
period are shown in Fig 2. The sensitivity is highest for
the SAR/CNN dataset, and lowest for the passive microwave
datasets. This indicates the passive microwave data are less
likely to correctly identify ice (as compared to the ice-ocean
model or the SAR/CNN). This is likely due to a combination
of the weather filters that are used in these algorithms to
remove spurious retrievals due to overlap between weather
signatures and those of intermediate concentration ice, and the
challenges the passive microwave algorithms have in retrieving
thin ice. The presence of thin ice can lead a low bias in the
ice concentration because the emissivity of thin ice is close

to that of open water. For example, on January 17th 2014,
the image analysis chart (not shown) indicates the ice cover is
primarily a mixture of new ice and grey/grey-white ice, hence
thicknesses would be between 5 cm and 30 cm. The SAR
scene acquired on this date shows the region is dominated by
a diffuse marginal ice zone. The reason why the sensitivity
on January 17th is lower for ESA-CCI than ASI is not clear.
It could be because the lower frequency channels used in the
ESA product (19 and 37 GHz) have a stronger reduction in
emissivity for thin and diffuse ice than the 89 GHz channels
used in ASI. Other dates where there is significant thin ice
cover (eg. Jan 25th) do not exhibit such a low sensitivity,
although the ice cover on January 25th is much less diffuse
than that on January 17th. The lower sensitivity may also be
due to the weather filter, which is a combination of a brightness
temperature correction and a tuned GR3618V threshold in the
ESACCI product, while for ASI fixed thresholds are used for
GR3618V and GR2218V. It was found on this date there were
hight (positive) GR3618V values (eg. larger than 0.45) that
may indicate the presence of cloud liquid water.

Specificity scores are also shown in Fig 2 and are highest
for the passive microwave data sets, indicating the passive
microwave data are more likely to correctly identify open
water than the other two datasets. The specificity is particularly
low for the ice-ocean model, which may have to do with the
relatively wide MIZ in the ice ocean model, possibly due to
the diffusive nature of the model, or the grid resolution.

The sensitivities, specificities and balanced accuracies aver-
aged over the study period are summarized in Table 1. Of the
two passive microwave datasets considered, the ESA-SICCI
has a higher overall balanced accuracy, largely due to its
higher sensitivity (as compared to ASI). This is somewhat
surprising, because all data are collocated to a grid of 4 km
spatial resolution, which means the ESA-SICCI data (based
on passive microwave data with instrument field of views
on the order of 30 km) is not represented at its true scale,
as compared to ASI (based on passive microwave data with
instrument field of view close to 4 km). For the TC approach
such a representativity error would lead to a higher error for
the misrepresented data set [3]. Representativity error has not
yet been investigated in CTC, and is beyond the scope of
the present study. Scores are also given in Table 1 for the
TC method for each independent triplet. Although the overall
rankings do not change significantly when four datasets are
used, when ASI is used as the passive microwave dataset, the
balanced accuracy for the SAR/CNN dataset is significantly
higher than than the other two, whereas when ESA-CCI is
used, the differences between the datasets are less significant,
mostly due to changes in the specificity.

To investigate the higher balanced accuracy for the ESA-
SICCCI dataset we examined brightness temperature data for
January 25th 2014, which is the date for which the difference
between the balanced accuracy for the two is the greatest.
We calculated the polarization difference (PD) for the 89GHz
channels and computed the ice concentration using equation
(1) in [9], which is obtained using typical ice and water
tie points for Arctic sea ice, (PD89=11.7K for ice and
PD89=47K for water). This ice concentration was similar
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to that from ASI over the region examined on this date
(set by the SAR data acquisition) indicating that the low ice
concentrations are not due to the ASI weather filter. We then
recomputed the ice concentration using a linear fit between
the tie points for weather-corrected conditions in [9], which
are PD89=12.3K for ice and PD89=72K for ice. The higher
tie point for water was more consistent with observations of
PD89 over water on this date. This ice concentration was
higher, and the ice water state in this region in better agreement
with the other datasets. However, spurious ice was retrieved
over some open water regions (outside of the area covered by
the SAR acquisition). Further attempts to tune an algorithm
based on 89GHz were not carried out due to the lack of ice
and water tie points for the region. This result does however
support the use of a radiative transfer model to correct the
brightness temperatures, as is done in the [9] and also in the
ESA-SICCI algorithm [8]. The higher balanced accuracy of the
ESA-SICCI dataset might also be due to the algorithm itself,
which blends two different SIC retrievals, with the weighing
chosen in part to reduce the bias over thin ice regions [5, 8].

VII. CONCLUDING REMARKS

A method to extend CTC to four datasets, three of
which have conditionally independent errors, is presented.
The method is shown to enable comparison of two passive
microwave sea ice concentration datasets, and can easily be
extended for use with more datasets. The method is evaluated
in the Gulf of Saint Lawrence during the freeze-up period.
It is found the ESA-SICCI dataset provides a higher overall
balanced accuracy as compared to ASI. This is due to the use
of a tie point for water in the ASI algorithm that represents
the average PD89 for water without a weather correction. In
this domain, new ice has a PD89 value that is very similar
to this water tie point, leading to open water retrievals at new
ice locations. We have observed a similar bias in other regions
dominated by new ice, both in the Gulf of Saint Lawrence,
and along the Labrador Coast.

This study was limited to a small region due to the
availability of a SAR based dataset, and the need for three
datasets with conditionally independent errors. A future study
will consider a larger geographic region with a wider range
of ice conditions, and a larger number of passive microwave
datasets, as new SAR data become available through the
growing number of SAR constellation missions. We envision
future triple collocation approaches for terrestrial snow cover
and sea ice thickness, using either CTC or TC.
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